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ABSTRACT

Ioannis G. Bakolis

A Survival Analysis Approach on Various Fields of Social
Development: Recidivism, Firm Survival, Politics, Regional
Development, Clinical Trials

September 2005

The term "survival analysis" pertains to a statistical approach designed to take into
account the amount of time an experimental unit contributes to a study. That is, it is the
study of time between entry into observation and a subsequent event. Originally, the
event of interest was death hence the term, "survival analysis."

In this thesis, special consideration is given to the study of the survival analysis theory
and to the illustration of applications that based upon it. These applications are a
combination of statistical theory with social science theory, biomedical science theory
and business theory. Particularly this thesis deals with the use of survival analysis in
recidivism, firm survival, regional development, politics and clinical trials.

The thesis corsists of three parts. The first part covers the main theoretical aspects of
the subject of Survival Analysis, the second part provides theory and applications in the
fields of recidivism, firm survival, politics and regional development, while the third part

provides an analysis of biostatistical data and an analysis of a clinical trial
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Chapter 1

Introduction

The term "survival analysis" pertains to a statistical approach designed to take into
account the amount of time an experimental unit contributes to a study. That is, it is the
study of time between entry into observation and a subsequent event. Originally, the
event of interest was death hence the term, "survival analysis."”

The first time that <<death>> was considered as a fact and was thoroughly studied, was
in 1662 in the Book Natural and Political Observations upon the bill of Mortality of John
Graunt. In this book the deaths and births of several parishes were collected and
registered. The registration of deaths were classified to homogenous groups according the
people’s age, the time of the event, the gender and the cause of death.(Dimaki,2004)

Today’s certain level of knowledge is the result of a long evolving procedure, which
has a great urge in the last 60 years. In the past, the study of survival data has focused on
predicting the probability of response, survival, or mean lifetime, and comparing the
survival distributions of experimental animals or of human patients. In recent years the
identification of risk and/or prognostic factors is related to response, survival and the
development of a disease has equally become important. Moreover examples of failure
times include the lifetimes of machine components in industrial reliability, the durations
of strikes or periods of unemployment in economics, the times taken by subjects to
complete specified tasks in psychological experimentation, the lengths of tracks on a
photographic plate in particle physics and the survival times of patients in a clinical trial.
(Lee, 1992)

The aims of this research was to give special consideration to the study of survival data
in criminology (especially in the context of recidivism), in firm survival, in politics
(especially in the survival of politicians and election timing), in regional development (in

Greece), and in Clinical Trials. Moreover, a general survival theory approach (which



contains survival function theory, nonparametric methods of estimating and Comparing
Survival Functions, and Proportional Hazard Model and Accelerated Life Model) which
is used to all the above applications is provided, as some more specific survival methods
which are used in certain applications

The thesis consists of three parts. The first part covers the main theoretical aspects of
the subject of Survival Analysis (Chapter 2, Chapter 3 and Chapter 4), the second part
provides theory and applications in the fields of recidivism, firm survival, politics and
regional development (Chapter 4, Chapter 5, Chapter 6, Chapter 7, Chapter 8), while the
third part provides an analysis of biostatistical data and an analysis of a clinical trial
(Chapters 9 and Chapter 10)

Chapter 2 introduces basic concepts in the analysis of failure time data and survival
function theory.

Chapter 3 illustrates nonparametric methods of estimating and Comparing Survival
Functions. It presents the Kaplan-Meier Method, a simple, nonparametric technique,
which is used in order to obtain some primary information for our data and constitutes a
first attempt to draw conclusions for our applications. In addition to, this chapter presents
the appropriate nonparametric tests for the comparison of the response survival curves.

Chapter 4 deals with some basic theory for the Accelerated Failure Time Model, and
focuses on the Cox’s Proportional Hazard Model. The Cox’s Proportional Hazard Model
is used later to investigate the relationship between survival time and the prognostic
variables of our applications. Apart from a detailed description of the model, a method of
estimating its parameters and its coefficients is provided, and the appropriate statistical
tests for the necessary hypothesis are also illustrated.

Chapter 5 focuses on the definition of recidivism from a social and economical point of
view and presents difficulties of measuring it. Also a full parametric survival model
based on the Cox’s proportional hazard model theory is introduced and some examples of
survival analysis in recidivism.

Chapter 6 is referred to firm survival and firm entry and death in a business
environment. We provide two opposite cases on how firm entry and survival is dependent
or not on market turbulence, location and size. Moreover we present a discussion over

new firm survival across routinized and innovative environments, and ways of measuring



firm <<death>> across different Countries. Finally, we introduce a survival analysis
theory which is used in firm survival applications, and some examples that are supported
from it.

Chapter 7 deals with the survival analysis theory used in election timing, in Survival of
Legislatures and Politicians (and the strategies of avoiding losing elections campaigns)
and in regime stability. At the end, we illustrate some examples of survival analysis
theory in politics.

Chapter 8 coficenttates on survival atdlysis thethods used in regional development
issues for regiors of Greece. The ﬁrsf part Inclides the theoretical backgrouhd of
estimatitig a Region’s Imdgge, while te second patt illustrates an exartiffle of regional
developitient in the Greek tertitory.

Chaptet 9 applies all the statistical techniques presented in the first four Chaptets oh
real datd feiated to 48 patients, all of whom were aged between 50 and 80 yedts old for a
study-';on :ﬁiultibie myeloihd, and preseﬁts conclusions about the factors that effect the
survival of the patients.

Chaﬁtéf' 10 iﬂclhdes the résulits of a clinical trial based on 38 patierts }fot" the
compitisbh of diiétﬁyl'stﬂbélst'rol (DES) treatment to placebo treatment. Also tﬂis chéﬁter,
with the help of KHﬁiaﬂaMeier Analysis and the Cox’s Proportional Hazdrd Model,
concliitles if DES tteutttiettt {8 Worthily for a patient to attend it.
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Chapter 2

Functions of Survival Time

2.1 Introduction

Survival times are data that measure the time to a certain event such as failure, death,
response, relapse, the development of a given disease, parole or divorce. (Lee, 1992)
For example we are interested to study an industrial productive system whose
components are failing in any time, the recidivism of a number of prisoners after a certain
time period, the survival of firms in a market environment, the duration of strikes or
periods of unemployment in economics, the election timing and the survival of
politicians, the survival of regions across a country, and particularly the survival times
of patients in a clinical trial.

These survival times are subject to random variations and like any random variables
(specifically single non-negative random variable T), form a distribution. The distribution

of survival times is usually described or characterized by four functions:

2.2 Definitions

1. Cumulative distribution function. This function denoted by F(t) is defined as the

probability that an individual fails before time t:
!

F(t) = P (an individual fails before time t) = I f(x)yax, 20
0

where {(t) is the failure density, which we will describe better below.



2. Survivorship Function (or Survival Function). This function, denoted by S (t), is

defined as the probability that an individual survives longer than t:

S (t) = P (an individual survives longer than t or the probability that an individual will not
fail until time t) =P (T > t) = 1- P (an individual fails before time t) = 1- F (t)

S(t) is a nonincreasing function of time t with the properties

S(t) = 1 for =0
and S(t) =0 for t=00

that is, the probability of surviving at least at the time zero is 1 and that of surviving an

infinite time is zero.
In practice, if there are no censored observations, the survivorship function is estimated

as the proportion of patients surviving longer than t.

number of patients surviving longer that t
total number of patients

S@) =

S| ()
1.0

0.8r
0.6

| -T““\__\‘-.
0.4r

0.2

i
1 i 1 L | .l

0 10 20 30 40 S50 60 ¢ 0 10 20 30 40 S0 60
{a) (b)

Figure 2.2.1: Two examples of survival curves



where circumflex denotes an estimate of the function. We will discuss the case of

censored observations in chapter 3, with the help of nonparametric methods.

3. Probability Density Function (or Density Function). Like any other continuous

random variable , the survival time T has a probability density function defined as the

limit of the probability that an individual fails in the short interval t to t + A, per unit
width A, , or the probability of instant failure at time t ( failure cannot occur before the

beginning of the experiment ). It can be expressed as

Plan individual dying in the interval (1.1+A)} _
AI

f(t) = lim

oy PrUST<i+d)_ dF()_ dS@
A,—0 A d dt

4 ¢

>0 il t20
where f(t)= ]j:Z: la< .

The graph of (1) is called the density curve and an example is shown below

S|
1.0F




fir)
1.0+

Figure 2.2.2: Two examples of density curves

In practice, if there are no censored observations, the probability density function is

estimated as

number of patients dying in the interval beggining at time t
(total number of patients) (interval width)

f@©=

4. Hazard Function. The hazard function h(t) of survival time T gives the conditional
failure rate. This is defined as the imminent probability of failure of an individual,
assuming that the individual has survived to the time t , or as the limit of the probability

that an individual fails in a very short interval , t to t + A, per unit time , given that the

individual has survived to time t:

Plan individual of age t fails in the time intervalt+A,)}
A

h(t) = lim
presT<t+A/1<T) _ (1)
A, {1-F(@)}

= lim
A -0

In practice, when there are no censored observations, the hazard function is estimated as



number of patients dying in the interval beginning at time t
(number of patients surviving at t) (interval width)

or

h(r) =

number of patients dying  per unit time in the interval
number of patients surviving at t

h(f) =

The Cumulative Hazard Function is obtained by integrating the hazard function with
respect to tittie as follows:

Hit) = [rw)du, and it can be proved that the cumtlative hizard functiof dnd the
0

survival function are related as fbﬁoWs:

S(i) = exp{-H(D)} (Lék 1962, Dlthakd 2004, D.R Cox anld D.Otikes 1984)
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Chapter 3

Notparametric methods of estimating and

Comparing Survival Fufictions

3.1 Introduction

We discussed in the previous chapter functions that describe distribution of survival
times in the absence of censoring. We now discuss nonparametric techniques which

require no such assumptions, as well as providing flexible alternatives to the parametric

techniques.

Nonparametric techniques are less efficient than parametric methods when survival
times follow a theoretical distribution and more efficient when no suitable theoretical
distributions are known (Lee, 1992). Therefore we suggest using nonparametric methods

to analyze survival data as to fit a suitable distribution and find suitable model.

3.2 The Kaplan-Meier method

First we consider the case where all the survival times are exact and known with

fystyae.oe.st, be the exact survival times of the n individuals under study. We relabel the
n survival times f,7,.,........ »1, in ascending order such that 7, <¢, <....<t, .
The survival function at each ¢, is estimated as the proportion of n-i individuals

surviving longer than 7, and is given by

11



ﬁ(t) =277 _1-L. Iftwo or more t,, are equal (tied observations), the largest i value
n

is used and since every individual is alive at the beginning of the study and no one

survives longer than ¢,

§(t(o))=l and .§‘(t(n))=0 . In practice S© is a step function starting at 1.0 and

decreasing in steps of 1/n (if there are no ties) to zero.

If we have to deal with censored observations (which means that the event of interest
does not occur for the unit during the study of period or when the unit is lost during the
study period, because of an independent to the event of interest cause), a different method
of estimating S(t), such as the Product Limit (PL) estimate of Kaplan and Meier
(1958), is required.

1. Clinical studies

The probability of surviving k(2 2) or more years from the beginning of the study is a

product of k observed survival rates

S‘(k):p]xpzxpsx ----- Dy

where p, denotes the proportion of patients surviving at least one year
p, denotes the proportion of patients surviving the second year after they have

survived one year

p; denotes the proportion of patients surviving the third year after they have

survived two years

p, denotes the proportion of patients surviving the kth year after they have

survived k-1 years

12



Another form of estimating the survival rate function is

S@)=S¢-1p,.

So, let n be the survival times of the patients in order of increasing magnitude such that

4 n—r
tay Stoy S Sty Then S(t)=]_[,(,)g(m) , Where r runs through those

positive integers for which 7, <r and ¢,, is uncensored. Values of j are consecutive

integers 1, 2..., n if there are no censored observations.
When the survival function, S‘(t) is plotted versus time t, a step function appears,

starting at 1 and decreasing in steps to zero.

2. Regional Development

According to the Kaplan- Meier method we relabel the n survival times in order of

increasing magnitude such thats,) <7, <....<f, . Let d, be the number of failures at
time j. Let »; be the number of units at risk at time ¢, which means that 7, is the number
of units that haven’t failed or are not censored prior to 7,. Then the product-limit estimate

of S(t) is

. 1-d
S@) = H(') (r—’) where by H(') we denote the product over all j that satisfy the

J

condition? , <t (Virras, 2001)

3. Firm Survival

The Kaplan-Meier procedure for start-ups, established Firms, and the
commercialization of university inventions generates a step-function estimate of daily

survival, for censored and uncensored observations. We calculate the probability of

13



occurrence of an event (e.g., commercialization) on a given day based on the number of

events occurring. E, and the number of observations at-risk. R. at time 7,

This estimator, S‘(t) , 1s expressed as

S(r) = [Ta- %) (Robert A Lowe, Arvids A. Ziedonis, 2004)

I/ <t !

The Kaplan-Meier estimator for internet firm survival is characterized by the following

survival function:

Sq(t)zl—ln,—dl

1<t n1

where n, is the number of firms that are still at risk at time ¢, and d, is the number of
businesses had events at timed, . Because the survival history of all firms before 7, is
also taken into account in calculating the survival function at time?,, Kaplan-Meier
permits us to estimate the likelihood of survival at ¢, based on information at time ¢, and

prior periods. The results are usually displayed as a Kaplan-Meier curve, where survival

rate is plotted against duration. (Robert J Kauffman, Bin Wang, 2002)

4. Recidivism

We estimate the survival function, the probability of not being arrested an individual as

of time t, using the non-parametric Kaplan-Meier model. The Kaplan-Meier model

produces an estimate of the survivor function S(t), as

§(t)= H [nl ddjj

Jie, <t n_/

14



where 7, is the number of released prisoners at risk at time ¢, and 4, is the number of

arrests at time?, .
As the above equation makes clear there are two critical values in the computation. The
first is the number of arrests (“failures™). The second is the number of released prisoners

n, still at risk. The construction of the latter is complicated by the fact that individuals

can exit and reenter the risk set.

5. Politics

The Kaplan-Meier procedure for the survival of the parliaments generates a step-
function estimate of days since the parliament was conducted, for censored and

uncensored observations. . The Kaplan-Meier model is estimated by the following

survival function S(t):

. n —d
S(t) — H J J
j“j <t nj
where n, is the number of parliaments at risk at time 7, and d, is the number of
parliaments that have not been break down at time#,.The basic objective of such analysis

is to estimate the probability of the time election.
(Box-Steffensmeier, Janet M. and Bradford S. Jones. 1997)
3.3 Comparing Survival Curves
For each test we suppose that we have two groups of patients (units, firms) differing

with respect to one factor, whose effect on the survival probability we want to study.

Suppose that the observations in group 1 are samples from a distribution with

15



survivorship function §,(r) and the observations in group 2 are samples from a

distribution with survivorship function S, (¢) . Then the two hypotheses are
Ho: §,(t)=8§,(?)
against the alternative

H,:5,(1)>85,0)
or

H, :S,(t) <S,()
or

H, :S,(H#S,(1)
(Lee, 1992)

1. Gehan’s Generalized Wilcoxon test

In Gehan’s Generalized Wilcoxon Test, we consider two groups differing with respect

to a certain factor, whose influence upon the failure time we want to study. The influence

is usually reflected on the respective survival curves. Every observation x, or x (for
censored observations) for the first group is compared against every observation y, or
y; (for censored observations) of the second group and a score U, is given to the result

of every comparison. The scores that are used depend on the kind of the hypothesis test,

and in this case we want to test that the survival probability S, (¢) is greater than .S, (7).

Hence,

Ho: S,(t)=S,(1)
against the alternative
H,:5,()>S,@)

and
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+1 if x>y, or x'2y,
U, =<-11if X, <y, or x,Syj.

Y
0 otherwise

If n, are the observations of the first group and n, the observations of the second

group we calculate the test statistic

n n,y
W= ZZU , Where the sum is over all n,n, comparisons.
i=l j=l

The procedure becomes laborious for large number of observations.

Mantel (1967) proposed an alternative method for calculating W, by assigning a score
to each observation based on its relative ranking. The main idea is that instead of
comparing each observation in the first sample with every observation in the second
sample like we had in Gehan’s procedure, Mantel proposed to combine the two samples

into a single pooled sample of »,+n, observations and compare each observation i of our

new sample with the rest n,+n, -1 observations.

The n,+n, U,’s define a finite population with mean zero and W = ZU . - From the
=]
above results if H, is true, W would be a large positive number and under the null

hypothesis H, can be considered approximately normally distributed with mean zero and

variance

"] +n2
2
mn, Z U,
1=}

Var(W) =
(n, +n,)(n +n, = 1)

The test statistic W is discrete so an appropriate continuity correction is used, which is

equal to 1 where are no censored observations and 0.5 otherwise.
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Z———W-—— has standard normal distribution and the critical regions of the test are

War(W)

Z > z,, for the one-sided hypothesis test Ho: S,(f) = S, () against H, :§,(f) > S,(r)
Z < -z, for the one-sided hypothesis test Ho: S,(f) = §,(¢) against H, :§,(t) < S, ()
and |Z|>z,,, for the two-sided hypothesis test Ho: S, (f) = S, () against
H,:S,(0)#S,().

The number U, can be computed in two stages. The first stage yields, for each
observation, unity plus the number of remaining observations that it is definitely larger
than , that is , R,. The second stage yields R,,, which is unity plus the number of

remaining observations that the particular observation is definitely less than. Then

U: = ‘Rli _R2i .

2. The Logrank test

The logrank test is a non-parametric test used in censored data survival analysis
applications, which is a Mantel’s (1996) more generalized approach to Savage (1956) test
which is generally known only as a test for scale. Although the test can be used for the
comparison of Survival curves of more than two groups differing with respect to one
factor, it is mainly used for the case of only two groups.

The two-stage hypothesis test is of the form:

Ho: There is no statistically important difference of the survival of the groups
against

H,: There is statistically important difference of the survival of the groups

The main procedure of the test is to assign to each observation of both groups a score

say w, (function of the logarithm of the survival function), which differs in the general

form according to whether the observation is censored or not.
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In practice, Peto and Peto suggested the score w, =1-e(s,) for an uncensored

observation 7, and w, = ~e(r,,) for a censored observation ¢, where ¢, is the largest

d
uncensored observation such thatz | <. Additional to,—e(z,) = —Z—’ , where d is
sst 0

the number of failure till the time ¢, while r, is the number of units exposed to risk

failure prior to time 7,. Consequently the larger the uncensored observation, the smaller

its score. Censored observations receive negative scores, uncensored observations receive
positive scores and the total scores for the two groups is sum to zero. The permutational

variance of S is given by

ny+n,

nn, Zw,2 . ~
Var(S) = {Zd Shady } L

(n, +n,)(n, +n, -1) o (n, +n,)(n +n,-1)

The test statistic L = has an asymptotically standard normal distribution under

_ S
JVar(S)
the null hypothesis, and if S is obtained from group 1, the critical region is L<- Z _, and if

S is obtained from group 2, the critical region is L>Z_, where a is the significance for the

two hypothesis Ho and H,. (Lee 1992, Virras 2001)

3. The Cox-Mantel Test

Suppose that we have two groups of units, where the units of the first group satisfy
normal conditions, while the units of the second group differ as compared to those of the

first with respect to a certain feature.

We combine the failure and censored times of units of both groups into a new one and

we rank them in ascending order. Let 1, <t,, < 1.,y be the distinct failure times in

the two groups together and d, the number of failure times equal toz , so that
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tdj =rn+r

i=l

Further, let R(t) (which is called the risk set at time t) be the set of units still exposed to

risk of failure at time t , whose failure or censoring times are at least t. Let 7, and r,, be
the number of units that are exposed to risk failure R(#;) and belong to the first and to

the second group respectively. The total number of units that in the risk set at each time

t;isgivenby thesumr, =r, +r,,.
. . . . U
According to Cox (1972), a two-sample test is obtained by treating the statistic C = ﬁ

as a standard normal variate under the null hypothesis Ho: = S,(¢) = S,(t) , where the

k k d (r,-d,
quantities U and I are defined as U =r,— ) d 4, and I=Zj(—jl—iAj(1—Aj)
=i = rJ —

respectively, and 4, is the proportion of r,; into the total r,. The critical region is
C>Z, for the hypothesisH,:S,(#)>S,(f), C<-Z,_, for the alternative

-a

H, :5/()<8§,(¢) and |C| >Z,_,,, for an alternative H, : S,(t)#S,(¢).

4. Peto and Peto’s Generalized Wilcoxon Test

Peto and Peto (1972) described a similar test to the logrank test. Like the logrank test,
this test is based on assigning a score to each observation in both groups, taking into
account whether the observation is censored or not. The difference between this test and

the logrank test lies between the scores that are used. So, in this particular test, for an

uncensored observation f; , then score is u, = S(f;)) +S(,;)~1 and S(t,) =1 and
that for a censored observation fis u; = .§(t(i))—l wheres,) <17. These generalized

Wilcoxon scores sum to zero, and Sis the Kaplan-Meier estimate of the Survival
Function. The test procedure after the scores are assigned is the same as for the logrank

test, so we have the following steps:
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1. We calculate the scores for each observation

2. Negative scores for censored observations and positive scores for uncensored

observations

3.  We calculate the sum of scores S and its respective variance which is given by

n+ny »

nhn, w;
Var(S) = - ; - {i d,(r,=d,)) } nn,
7

(n, +my)(n, +n, =1) (n, +n,)(n, +n, =1

S
Jrar(S)

under the null hypothesis, and if S is obtained from group 1, the critical region is L<-Z_,

The test statistic Z = has an asymptotically standard normal distribution

and if S is obtained from group 2, the critical region is L> Z_, where a is the significance

for the two hypothesis Ho and H,. (Lee 1992, Virras 2001)

5. Tarone-Ware Test and Breslow Test

The test statistic that have been proposed by Tarone and Ware (1977 )offers a
compromise between the long rank and Wilcoxon test statistics, and hence the proposed
test may maintain power better across a range of alternatives than do the long rank and

modified Wilcoxon tests.

As Gart (1972) has pointed out, there is a close parallel between the tests for equality of

survival distributions and tests for partial association in 2x(r +1)xk, contingency

tables. Radhakrishna (1965) investigated the choice of efficient weights in the

combination of 2x 2 tables for various alternatives of the form f(p,)— f(p, )=k
Where p,, and p,, are the response probabilities in the ith table, f(p) is a known

monotonic function for 0 < p <1, and k is a constant. If we use the notation of Table 1



Table 3.3.5.1: Summary of observations at the ith time point,

Dose level dy d, dy Total
Number of events M,, M, M, MM,
Number at risk Ny, Ny N, R,

with r = 1, then the statistics obtained by Radhakrishna may be expressed in the form

kll
ZW,.(M,,. —E,), where the weights W,, depend upon the choice of f, M, is the

=

number of events in the ith group at the first time point. The expected number of events

1

N, . .
in group at time 1 is given by E, =M,4, , where A4, e is the proportional

H

contribution of the ith group to the total population at risk at time 1 and R, is the total

number at risk at time 1.

For constant differences in the logit scale f(p) =log{p/(1 - p)} , Radhakrishna showed
that the weights, W, =1, proposed by Cochran (1954) are most efficient.
For constant differences in others scales Radhakrishna demonstrated that the optimal

weights, W, are functions of the common response probabilities,7,, under the null

hypothesis that k = 0. Thus the weights must be estimated from the data. Consider the life
table analogue for differences constant on the arithmetic scale f(p)= p where we

assume the occurrence of a single event at each time point?, ; that is M, =1 for all i. The

optimal weights for the arithmetic scale are W, = {z,(1-7,)}"' and would be estimated

from continuous life table data by
W, ={#,0-2))" ={U/RY1I-1/R)}" =R (R, - =R

The weights which are optimal for constant differences on the arcsin scale

f(p)= arcsin‘/; would be estimated from continuous life table data by

W, =R, /(R, -1) = /R, . By analogy let us define
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[ k,
S, =Z‘\/Ri (M, —E;), Vi =ZRiaiAji(§jk ~ Ay

=1 i=]

and denote by S, the vector (S;,,...,S,,) and by ¥, the r x7 matrix with (j,k)th element

Vi The statistic y2 = S,/;"'S, will have an asymptotic chi-squared distribution with r

305 ds,)
degrees of freedom and the statistic 7, = —
(dVyd)

will have an asymptotic chi-squared

distribution with one degree of freedom.

For any function g with domain [0, 1] we may define
k, ky
S, =>gR /m(M,~E,), Vy= g (R/mad,8,-4,) and consider the
i=1 j=1

statistic z; defined in the same manner as y2 . In particular, if g is continuous and square

integrable on [0, 1], than under the hypothesis of no difference in underlying survival
distributions Z; will be asymptotically chi-squared with one degree of freedom. This
includes the long rank statistic for which g(x) = 1, the modified Wilcoxon test for g(x) =
x and y2 for which g(x) = vx

In discussing the weights utilized by the log rank and modified Wilcoxon statistics we
have noted that the modified Wilcoxon statistic gives more weight to early events and the
log rank statistic is more sensitive to late occurring events. Additionally to, Tarone-Ware
test is found to be more effective in detecting differences between survival distributions,

which are restricted in a certain time interval.
(Tarone and Ware, 1977)

A generalization of the Kruskal-Wallis test, which extends Gehan’s generalization of
Wilcoxon test, is proposed by Breslow for testing the equality of K continuous
distribution functions when subjects are subject to arbitrary right censorship. The
distribution of the censoring variables is allowed to differ for different populations. An
alternative statistic is proposed for use when the censoring distributions may be assumed
equal. These statistics have asymptotic chi-squared distributions under their respective
null hypotheses, whether the censoring variables are regarded as random or as fixed

numbers. (Breslow, 1970)
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6. Comments on the Tests

The tests presented in this section are based on rank statistics obtained from scores
assigned to each observation. They can be further grouped into two categories:
generalization of the Wilcoxon test (Gehan’s and Peto and Peto’s) and the non-Wilcoxon
test (Cox-Mantel and the logrank test). In the logrank test, if the statistic S is the sum of
w scores in group 2, it is the same as U of the Cox-Mantel test.

Breslow test is a generalization of the Kruskal-Wallis test, which extends Gehan’s
generalization of Wilcoxon’s test, is proposed for testing the equality of K continuous
distribution functions when observations are subject to arbitrary right censorship.

The only reason to choose one test over another in a given circumstance is if it will be
more powerful, that is, that is more likely to reject a false hypothesis. Comparisons of
Gehan’s Wilcoxon test to several other tests are reported by Lee (1975). They show that
when samples are from exponential distributions, with or without censoring the Cox-
Mantel and logrank tests are more powetful and more efficient than the generalized
Wilcoxon tests of Gehan and Peto and Peto. There is a little difference between the Cox-
Mantel and the logrank tests and between the two generalized Wilcoxon tests. When the
samples are taken from Weibull distributions with constant hazard ratio (i.e., the ratio of
the two hazard functions does not vary with time), the results are essentially the same as
in the exponential case. However, when the hazard ratio is non-constant, the two
generalizations of the Wilcoxon test have more power than the other tests. Thus, the
logrank test is more powerful than the Wilcoxon tests in detectinig departures when the
two hazard functions are parallel (proportional hazards) or there is random but equal
censoring and where there is no censoring in the samples (Crowley and Thomas 1975).
The generalized Wilcoxon tests appear to be more powerful than the logrank tests for
detecting other types of differences, for example, when the hazard ratios are not parallel
and when there is not censoring and the logarithm of the survival time follows the normal
distribution with equal variance but possibly different means.

The generalized Wilcoxon tests give more weight to early failures than later failures
whereas the logrank test gives equal weight to all failures (Prentice and Marek 1979).

Therefore, the generalized Wilcoxon tests are more likely to detect early differences in
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the two survival distributions whereas the logrank test is more sensitive to differences at
the right tails.

There are situations in which neither the logrank nor the Wilcoxon tests are very
effective. When the two distributions differ but their hazard functions or survivorship
functions cross, neither the Wilcoxon nor the logtdﬁk test is very gowerful and it will be
sensible to cahsider other tests like the Tarohe-Ware test.
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Chapter 4

Proportional Hazard Model and Accelerated Life
Model

4.1 Introduction

The multiple-regression method with Cox’s proportional hazard model for survival data
is a conventional technique for investigating the relationship between survival time and
other prognostic variables. It is a more sensitive method for handling more complicated
comparisons, in which the effect of the explanatory variables is typically represented by

unknown parameters.
As we analyzed in the chapter two the Hazard Rate function expresses the imminent

probability of failure of an individual, assuming that the individual has survived to the
time t. The Proportional Hazard model uses this function in order to describe how various
covariates-factors affect the survival probability of the individual. Particularly, with such
a model we can state whether some factors accelerate positively or negatively the failure
time of the individual.

For this we suppose that for each individual there is a defineda ¢ x 1 wvector z of
explanatory variables. The components of z may represent various features thought to

affect failure time, such as
6)] treatments;

(ii)  intrinsic properties of the individuals ;

(iii)  exogenous variables;
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Further components of z may be synthesized to examine interaction effects, in a way
that is broadly familiar from multiply regression analysis. Finally, the explanatory
variables may be classified also in other Wways, in particular as for each individual

constant or time-dependent. (D.R Cox and D.Oakes, 1984)
4.2 The Simple form of the Proportional Hazards Model

First, the simple form of the proportional hazards model that has been widely used in
the analysis of survival data is best specified via the hazard function, and its type is

analyzed according to the following example.

Suppose that we have a constant vector z of explanatory variables. Let the hazard

function at z = 0 be A,(f) and w(z)denotes a function linking z to survival, where
increasing y(z) always corresponds to increasing risk. So, we have that
h(t;z) =y (2)h, (1)
where h,(.) is the hazard for an individual under the standard conditions, z = 0, and we
require y(0) =1. The survivor function and density are thus
[So@1"?, WSO £,

Thus the survivor functions' form the Lehmann family generated fromS,(.). The

ﬁmction w(z) stands for the function that we use in order to express the mechanism of

influence of the factors upon the hazard rate.

This function can be parameterized and take a log-linear model form equal

tow(z; B) = ¢, which is the most used function because of the following reasons:

(a) There is a simple easily understood interpretation to the idea that the effect of],
say, a treatment is to multiply the hazard by a constant factor.
(b) There is in some fields empirical evidence to support the assumption of

proportionality of hazards in distinct treatment groups.
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(c) Censoring and the occurrence of several types of failure are relatively easily

accommodated within this formulation and in particular the technical problems of

statistical inference when A, () is arbitrary have a simple solution.

Other parameterizations of y are the linear form w(z;8)=1+pB"zand the
logisticy (z; B) = log(1+ A7 z). In all three possible functions z are the covariates and B

the vector of the estimated parameters of the covariates. (D.R Cox and D.Oakes, 1984)
4.3 Cox’s Proportional Hazards Model for Survival Data

1. General Theory

As we mentioned above, multiple-regressions methods are conventional techniques for
investigating the relationship between survival time and other prognostic variables, better

than univariate ones, since they take into consideration simultaneous effects of the

variables.

Let x;,x,,...,x, be the p possible prognostic variables (covariates or explanatory
variables) and for the i, patient, observed values of the p variables are x;,,x,,,...,X,; . In
the multiple-regression approach, the independent variable is the survival time of the i,
patient and a relationship of ¢, or a function of 7, ,say w(r,) and (x,;,%,,...,x ), can be
expressed in a regression function,

o= L (XXX ,) = f1(x)
or
w(t,) = fZ(xli’xZI'""’xpi) = f,(x,)

And two examples of f, and f, are

Si(x) = Bix,, + Byx,, +"‘+ﬂpxpi

So(x) =exp(Bix, + Boxy +...+ ﬁpxp,
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Regression models proposed for survival distributions generally involve the assumption
of proportional hazard functions. Since the definition and the properties of the hazard
function have been mentioned in chapter 2.2.4, we must analyze the case of the
proportionality. A proportional hazards model possesses the property that different
individuals have hazard functions that are proportional to one another, that is
,h(t/x,)/ h(t/x,), the ratio of the hazard functions for two individuals with covariates

X; =(X))5Xg50005X ) @0 X, =(X5,%,,...,X,, ), is invariable to time t. This implies that
the hazard function, given a set of covariates x=(x,x,,...,x,) can be written as

h(t/x) = h,(t)g(x) where g(x) is a function of x and A,(f) can be considered as a

baseline hazard function of an individual for whom g(x) =1. (Lee, 1992)
In the specific case, where survival times are continuously distributed and the

possibility of ties can be ignored, the form of the proportional hazards model is
P
h(t/ x) = hy (D exp(Byx, + Byx, +...+ B,x,) = hy (t)exP(Z,Bjxj)
J=l

where h,(t)is the hazard function of the underlying survival distribution , which
expresses the time dependent part, where all the x variables are ignored , that is , all x’s
equal zero, and the [f's are regression coefficients.

A particular form of A,(r) is needed for the estimation of its parameters, but it is
impossible since the form is unknown. So, it would be more convenient if the assumption
of the particular form of A,(¢) was unnecessary. This approach used by Cox in 1972
when he proposed the Cox’s Proportional Hazards Model , which is non-parametric
model with respect to time , but parametric in terms of the covariates, which uses the

hazard function as the dependent variables . (Armitage et al, 1994, Lee, 1992)

It is clear that Cox’s model assumes that the hazard of the study group is proportional

to that of the underlying survival distribution 4, (¢) . It can be shown that it is equivalent to

exp(zpﬂjxj)
S(t) =[S, ()]
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2. Regression model

There is an analogy between the Cox’s proportional hazards model and the standard

multiple-regression model, if we divide both sides of
14
h(t/x) = hO (t)exp(ﬁlxl + ﬂ2x2 +...+ ﬂpxp) = hO(t)exp(Zﬂjx_; )
J=!

with A, (r) and we apply the logarithm afterwards. So, we have that

h (1) %
loge =ﬂ1x1i+ﬂ2x21+"'+ﬁp‘xpl=Zﬂj’xji
ho (t) J=1
. h. () . ] .
If we symbolize y, =log, 70 we have a standard multiple-regression model with
By

the prognostic variables as independent variables and a function of the hazard as the
dependent variable.

As we mentioned above, our main interest here is to identify important prognostic
factors, which means to identify from the p independent variables a subset of variables
that relate significantly to the hazard and consequently, the length of survival, of the
patient. Our main concern in the analysis, just like in multiple regression method, is the

regression coefficients:

if B, =0 . there is not a significance correlation between the independent variables and

the survival of the patient.

if B,#0 , there is a significance correlation between the independent variables and the

survival of the patient.

As in the multiple-regression method we can select, from the ranking and significance
tests, the most related independent variables to survival of the patient.
In addition to, Cox’s regression model can also define a prognostic index of

h (1)

o

ratio. log, , that can be used to compare prognosis between patients ,that is, to

compare the relative risk for patients with different values of the independent variables.



In the particular case, where the independent variables are standardized about the mean

and the model used is

h, (1)
h,(2)

where X, is the average of jth independent variable for all patients, then 4,(r) is the

=Li(x, =% + By(x, — %) +...+ B, (x, - X,)

log,

hazard function when all variables are at their average values (Lee, 1992)
3. Estimation of the coefficients of the Cox’s regression model

To estimate the coefficients 4,,...,8,, Cox suggests a maximum likelihood procedure

where the likelihood function is based on a conditional probability of failure. We have

that 1., <f, <...<t,, are the k exact failure times and R(7;) is the risk set of patients
at timet ;) . For the particular failure at time#,, conditionally on the risk set R(z;) , the

probability that the failure is on the individual as observed is

xp(Y 5,%,)

J=1

3 exp(> 8,x,)

1eR(,) J=l

Each failure contributes a factor and hence the conditional log-likelihood is

LL(p) = Ziﬂjxﬁ —Zloge’> Z exp(ﬁﬂjxﬂ)J

i=1 y=I 1=l IeR(t,,.)

Maximum likelihood estimates of #°s are obtained by solving simultaneously the p
equations that are derivatives of LL(/) with respect to f3,,..., > Tespectively, equating

to zero. The p equations are

k
UBysers ) = 3 [ = Au(Brres B,)]=0,u=1, ..., p
i=]
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where

S xoexp(3 6%,

1eR(yyi=)

Z exp(i ﬂjle )
=l

leR(1y) J=

4, (B B8,) =

The p equations can be solved numerically by the Newton-Raphson method of iteration,

where the estimates of the coefficients are obtained by iteration use of U(f,, £,,...,5:)

and the second derivative of LL(f):

k
qu(ﬂ]""’ﬁp) = —Zc(uw)(ﬂh---’ﬂp)

where

Z XXy exp[iﬁjxj,)

J=1

P
ijxﬂ]

J=l

=4, (Bisees B,) Au By s B)
>

1eR (1)

leR(ty)
C(uvi(ﬂl,-..,ﬂp):_ (O}
exp(

In addition to, values of the estimated regression coefficients J,,0,...,5, give the

proportional change that can be expected in the hazard, related to changes in the
covariates. If these values are positive, the prognosis is worse for subjects with higher
values of that covariate, while if the values are negative the prognosis is better for
subjects with higher values of that covariate.

In the particular case where survival times involve ties (which is a more common
problem in practice than the case of continuous survival time) Cox proposed a more
general model. This model generalizes
h(t/x) = hy(t)exp(Bx, + Box, +...+ B,x,) = ho(t)exp(iﬁjxj)

=

to discrete time by a logistic transformation
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h(t)dt _ hy,(D)dt x Zp:b.xN
1-ht)d: 1-h,(t)dt |\ ")

Suppose that among the survival times ?,,¢,,...,f, there are k distinct failure times

foy <<ty
Let m,,,= the multiplicity of 7, , m,>1 if there is more than one observation with
value ¢, ,

m, =1, if there is only one observation with valuer,, .
Let R(z,)) denote the set of individuals at risk at time?,, and r, be the number of
such individuals. At timez,, the probability that the individual fails as observed

conditionally on the risk set R(¢,)), is

exp(Bz,; + B2y +... + ﬂpzpi)

ZCXP(ﬂlzu +Byzy .+ ,szpl)

1eR(ty;)

where z,; is the sum ofx;,’s aver the m,,, individuals failing at?, ... z, is the sum of

x,’s over the m individuals failing at 7,. The conditional likelihood function,

pi

function U and I are,

k k
LL(p) = Z(ﬂlzli +o.F ﬂpzpl)_zlog[ Zexp(ﬂlzll +...t ﬂpzplj

=l i=l IeR (1))

U(ﬂ,,...,ﬂp)=i[zw. —-m(‘.)Am.]=O,u =1,....,Dp

m{ri, —mgy]

IL,(B B,) = —

Ciony(Bys--s Bp)

Ty
(Lee, 1992)
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4. Likelihood Ratio Test and 100 (1-a) percent confidence intervals

A likelihood ratio test can is performed as follows: Let
k p k P
LL(B) =D ) 8%, ~ 2 log,| 3 exp(D,f,x,)
i=1 j=1 I=1 IeR(ty.) Jj=1

be the log-likelihood value at the kth step after k variables have been fitted. The

significance of kth variable is tested by considering
xi= =2[LL(Byys---» Bery) = LL(Byys- -+ By )] chi-square distributed with one degree of

freedom. So, we can select or exclude variables to our model according to the procedure
we are going to follow (forward selection, backward elimination, stepwise).

The corresponding standard errors for the coefficients derive from the I,,(4,,....5,)
equations, and the 100(1-a) percent confidence interval for £, is
ﬁi +Z,,(estimated SE of ,@,)

When using the Cox’s model for dichotomous variables, we can obtain by using the

corresponding confidence intervals for the coefficients (8, 8;,) the 100(1-a) confidence

intervals for the relative risk (exp(f; ),exp(B,)) -

4.4 Accelerated life model

A second broad family of models that has been widely used in the analysis of survival
data is specified via the survivor function.

Suppose that there are two treatments represented by values 0 and 1 of the explanatory

variable z. Let the Survivor function at z = 0 be S, (¢) ; in the accelerated life model there

is a constant y that the survivor function at z = 1, written variously S, (¢) is

S, (1) = S, (y1)
so that,
L@ =yf, (yr) and (1) = why (y1)



A stronger version is that any individual having time t/y under z = 1, i.e the
corresponding random variables are related by 7, =T; /v .

More generally, with an arbitrary constant vector z of explanatory variables, suppose

that there is a function w(z) such that the survivor function, density and hazard are

respectively

S(t;z) = S, (tw(2))
J:2)= folty (2w (2)
h(t; 2) = by [ty (2)ly (2)

If S,(z) refers to the standard conditions z = 0 then (0) = 1.

T

w(z)

A reptesetitation in tetms of random varigbles is T = , where T, has Survivor

function S, (1) . If z, = E(InT,), we can write this as
InT =g, —Iny(z) +e,

where ¢ is a random variable of zero mean and with distribution not dependitig on z. In
problems with a lithitéd number of distinct values of z, it may be unnecessary to specify
w(.) futther. It other contexts, a parametric form w (. ) may be needed; we then write

w (z;B). Since w (z;p) > 0, y (0;B) = 1, a natural candidate is

w(zf)=e"",

where now the parameter of vector B is q x 1. Then InT = 1, = Inyw(z) +&, can be written

as a linear regression model

InT= pu,-B"z+¢.

Note for the comparison of two groups, with a single binary explanatory variable we get
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w(zp)=e’.

(D.R Cox and D.Oakes, 1984)
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Chapter 5

Applications of Survival Analysis: Recidivism

5.1 Introduction

The word recidivism, in a criminological context, can be broadly defined as the state
where a person continues to commits crimes, and seems unable to stop even thought that
is being punished.

From a more sociological point of view, an attempt to make recidivism an operational
concept, recidivism is presented using two substantive definitions.

The first, or “primary,” definition includes the first occurring of any one of the

following three types of events during the offender’s initial two years back in the

community:

* A re-conviction for a new offense;
* A re-arrest with no conviction disposition information available on the
Post-release criminal history record;

* A supervision revocation (probation or post prison supervision).

The second “re-conviction only” definition limits the recidivism definition to re-
conviction events during the two year follow-up period. As such, under this secondary
definition, recidivism is measured as the first occurring re-conviction for a new offense
during the initial two years back in the community.

A sound case against the use of reincarceration or “return to prison” is that the elapsed
time is not a measure of the individual criminal behavior only. It rejects also the criminal
justice processing time. Only with the very heroic assumption that all crimes have the

same processing time, would this measure be worth using.



However, this measure may be useful for prison capacity planning or prison budgeting
decisions purposes. The use of reconviction can be criticized on the same grounds as
before. Hence, by elimination, we are left with rearrest as the “best” definition for
recidivism. Another advantage of the latter definition is the availability of arrest data in
comparison to other types of data sets.

In this paragraph using a survival analysis approach we evaluate recidivism which, can
be understood as a sequence of failures: failure of the corrections system in “correcting”
the ex inmate, failure of the ex inmate in being able to live in a society and failure of the
society in completely reintegrating the ex inmate into a law abiding environment. (M.D
Maltz, 1984).

Besides the important psychological, sociological and criminological impacts related to
recidivism, there are also economic effects, for instance, the forgone labor market
earnings, the costs of keeping inmates in prison and jails, the obsolescence of the
inmate’s human capital because of incarceration.

The use of survival models to study criminal recidivism dates back to the end of the
nineteen seventies. The pioneering works of J. Partanen, G. A. Carr-Hill and R. A. Carr-
Hill, and S. Stollmack and C.M. Harris are representative of the early literature. Two
decades later, an important question has been addressed related to the use of survival
models, such as: prediction, evaluation of programs and estimation of the effects of
regressors on failure times. A good example is R. R. Barton and B. W. Turnbull: a
Failure Rate Regression Model for the Study of Recidivism, Models in Quantitative
Criminology, who evaluated a program impact on the process of recidivism, controlling
for explanatory variables.

Finally, from an econometric perspective, the process of recidivism is best approached,
by the use of survival models. That was the route followed by Peter Schmidt and A. D.
Witte. They estimated a set of models of recidivism using state data from the North
Carolina Department of Corrections. They concluded by noting that the proportional
hazards model performed better both in terms of fit as well as prediction than other
models used by criminologists, sociologists and statistician.

(Herman J. Bierens, José R. Carvalho, 2002)
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5.2 Difficulties of measuring recidivism

A major source of difficulties in using recidivism as a measurement tool is due to
informational constraints. For instance, regardless the definition one chooses for
recidivism, say, rearrest, reconviction, or return to prison; a reasonable number of crimes
are not accounted for. This is due to the fact that either the criminal was not apprehended
or, if apprehended, he/she was not convicted. Another example is the fact that an
apparent success of a correctional program rejected by a low recidivism rate measured by
rearrests, could also be a measure of success of the police force. This problem is
technically an identification problem in the econometric literature, and can be overcome
given available data on police force measure of effectiveness. Another informational
constraint is the fact that in some situations it is not possible to know if the event is a true
recidivism or the first crime ever committed by the individual. This is the case in some
states that prohibit the disclosure of juvenile information of crime behavior.

A related problem is the incompleteness of criminal justice data. This is in part a
rejection of the highly complexity of the criminal justice system. Afier getting into the
system by committing a crime and being caught, the individual can walk through a much
elaborated process that represents different steps: law enforcement, prosecution, court,
and corrections. Hence, it is not a surprise that data on recidivism demands a high degree
of coordination and effort to be gathered.

The main problems in using rearrest as a measure of recidivism are:

e It is possible that arrested people are innocent;

e Arrests are much less rigorous than convictions. While probable causes needed to
arrest someone, proof beyond reasonable doubt is necessary for conviction;

e [t appears that the “usual suspects™ phenomenon is more than anecdotal.
This leads to sampling bias, since, after a crime has occurred, police offers ge-
nerally check first the department files in search for suspects to arrest;

e Sometimes police departments are put under pressure to solve crimes, usually
those crimes with great impact in the media. In those cases, there is a strong

incentive to make an arrest.
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Despite those problems, we will use rearrests as the best available measure for
recidivism, regardless whether or not a conviction followed the arrest.

(Herman J. Bierens, José R. Carvalho, 2002)
5.3 Methodology

1. Function Theory

From the methodological point of view, an important strength of survival analysis is its
ability to incorporate explanatory variables into the prediction model, thus measuring the
statistical significance of their independent effects on recidivism.

In the Herman J. Bierens, José R. Carvalho paper, the possibility that the released
prisoner could commit two different categories of crime is allowed : violent and non-
violent. Only released prisoners with sentences of at least 1 year were included.
Administrative releases, prisoners who were absent without leave, escapees, and releases
on appeal, transfers, and those who died in prison were excluded.

Then, a full parametric model is being build and estimated it by maximum likelihood.
Two models are estimated: an accelerated hazard model and the widely used proportional
hazard model, also knows as the Cox model. Both models have baseline hazards that are
polynomials. This is so in order to capture the time dependence of the recidivism
behavior. As results demonstrate, having two sets of crimes appears to be a sound
strategy when estimating models of recidivism.

More formally the model consists of a vector of latent failure time (7},7,) where T,

represent the time of the first arrest for a non-violent crime after release from prison, and

T, for a violent crime. Hence the survival time is7 = min(7;,T,). If we define F=1
ifl, <T,, F=2 if T, >T, , the vector (T,F) gives the observable part of the model.
Assuming that the vector (7},7,) has an absolutely continuous distribution function, the

joint survival function is defined as

S(t,.t,) =Prob(T, >1,,T, > 1,)
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We consider that after the follow up period, some people have been rearrested but

others have not. In this example, recidivism time is a truncated random variable whose
truncation point is? ,,, . Recidivism time higher than ¢, can not be observed. Even
though we do not know when these people will be arrested or if this will ever happen,

partial information is available. The probability of not being sampled, indicated

by C = 1, where C is a dummy variable, can be easily determined on the basis of the joint

survival functions, namely Prob(C =1) = S(t 44, s oiow ) -

The joint density function of (7;,7,) can be determined by

0°S(t,,t,)
1) =—"=
Ttt) or,ar,
with marginal densities £, (1) = — asg 1,9 , L= ___a'sgt)’ h)
k 2

The conditional distribution function of T =min (7},7,) given F=1 and C=0 is

Prob(T <t/F=1,C=0)=Prob(T; <1/T;, <T,.T, <t 4,) =

fin(t»'follaw)Prob(Tz > tl /T; = t] )—fl (tl )dtl
Joliow PrOb(T2 > t] /7} = t[ ).f] (tl )dtl

The conditional density of T = min(7},7,) given F=1 and C=0 is

Prob(T, >t/T, =1)£,(f)
Prob(T, >t,/T, =t,)f,(t,)dt,

f(t/F=1,C:0)= ’0 < L < tfollow

Jollow

The conditional density of T = min(Z,,7,) given F=2 and C=0 is

Prob(T, > 11T, =0)f,(t)
Prob(T, >t,/T, =1,)f,(t,)dt,

f(t/F=2,C=0)=

foliow
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The likelihood function takes the form

L H ICiS(tfollaw,tfollow) +(1-C)p(T, F, )l
i=1

where

S(t,.t,/ X)=Prob(T, >1,.T, >,/ X)

_8S(t,t, 1 X)

at J 4=ty =t

pt,j/X)= ,j=1,2

C, e {01} .T, € (0.t 4y,,), F, € {1.2} are the observations for i =1.....n.

2. Regressors and the use of Cox proportional hazards and Accelerated failure time

model.

Two models are commonly used, an accelerated and a proportional hazards model,
respectively. Both models incorporate the non-monotonic nature of the hazard of
recidivism. The proportional hazard model appears to perform slightly better, although
both models capture some key lhfeatures of recidivism behavior reasonably well.

The use of regressors in criminology rejects the mdin coneerr about the possibilities of
policy interventions in diminishing recidivism. There are two groups of regressors: static
and dynamic. The criterion of classification is basically to what extent the correctional
authorities or policy makers can change the regressor. The cited authors observe that
variables such as sex, age, past offences, past substance abuse are inherently non-
modifiable and are examples of static variables.

Other regressors, predominantly of psychological nature, such as emotions, thoughts,
and perceptions, are classified as dynamics. This is so because; those regressors could be

changed through public initiatives. (E. Zamble and V. L. Quinsey, 2001)
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The basic theory of Cox’s proportional hazards model for the conditional hazard
functions 6,(t/ X) and 8, (t/ X) for the survival function

St 1,/ X, V) = exp[—( Ie, (r/X)d, + ﬂez (r/ X)d, )V]

which evaluates recidivism, with an unobserved heterogeneity variable V > 0?

The specification of the proportional hazard function is
0,/ X)=y,()4,(X) ,i=1,2,

where () is the baseline hazard function and ¢, (¢) is the systematic hazard function .

In addition to, we have that

¢,(X)=exp(X S,

v, (1) = forj=1,2

7j.+12

Because at the proportional hazard model the shape of the baseline hazard does not
depend on covariates X. and people with different characteristics have different risk
profiles for recidivism, we propose as an alternative to the proportional hazard model the

previous baseline hazard with the parameter y, now specified as a function of X:

!
exp(X B,)+1’

0,(t/x)= forj=1,2

(Herman J. Bierens, José R. Carvalho, 2002)
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5.4 Some examples of survival analysis in Recidivism

In the fifteen year report on the U.S sentencing Commission’s legislative mandate
cumulative survival curves for the first two years at risk are displayed above. This paper
six “criminal history categories” (CHCs) designed to quantify the extent and regency of
an offender’s past criminal behavior.

The survival curves (figure 5.4.1) show the cumulative percentage of offender’s
recidivating in each CHC (criminal history category) for each day, starting with the first
day at risk. For example, for CHC II offenders at one year (365 days), approximately
13.4 percent had recidivated or conversely, 86.6 percent had not recidivated, during the
first year (365 days) at risk in the community. Visually following the CHCII’s survival
curve past 365 days, the curve continues to slope upward. By two years (730 days) the
percentage of CHC II offender’s recidivating increases to 24.0 percent — almost doubling
the rate from the one-year time point for those in CHC II. So, we conclude that
recidivism rates are lowest in CHC I and rise for each increasing CHC.

The proportional hazard model estimates presented below test whether each individual
CHC contributes uniquely when predicting the rapidity of recidivism.(figure 5.4.2)

Two Year (vunuﬁ:?:::l;mdivism Rates:

Primary Recidivism Definitior
Revidivism Study 2003
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Figure 5.4.1: Survival Curves of offender’s recidivating in each criminal history
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Proportional Hazard Model Estimutes for
Criminsal History Category Variables

Two Year Primary Recigivism Definition
Each CHC is analvze as a binomial variable with Category 1 as the Comparison Category.

Stutistical Tests for Differences Between

Criminal History Category Dummy Variable Coefficlents
Parameter Standard Haznard
Variable Estimate Error Pr ~ ChiSq Ratio
CAT_H 0.622061 0.04613 <0001 1.864
CAT_IN 1.04420 0.04024 ~0001 2.841
CAT_IV 1.38747 0.04410 L0001 4.005
CAT_V 1.61343 0.05522 0001 5.020
CAT_VI 1.6R928 0.04706 ~.0001 5416
Likelihood Ratio  2131.0946 <0001

1lypotheses Tests for Equallty between
Successive Criminal History Category Coelficlents

Wald
Label Chi-Square  DF Pr > ChiSq
CAT_1l CAT_Il 64.0514 1 <.0001
CAT_I CAT_IV 46,5174 | «.0001
CAT_IV CAT_V 12.7208 t 0.0004
CAT_V CAT_VI 3180 t 0.2510

Table 5.4.1: Proportional Hazard Model Estimates for Criminal History Category Variables

In the Herman J. Bierens, José R. Carvalho paper, for comparison purposes, a model
of recidivism using the proportional hazards functional specification have been estimated
(Table 5.4.2).

Some noteworthy results from the table (Table 5.4.2) are that sex and race have similar
effects in comparison to the accelerated models for both types of crimes. Being a male
seems to make recidivism more likely to happen earlier. The coefficient of sex for non-
violent crimes is not significant, and the coefficient of sex for violent crimes is just
borderline significant. The estimated parameters for being black involved are also
significant. The type of release has the effect of increasing the average time of recidivism
if released was under either probation or parole (we have a negative sign in both cases).
This is true for both non violent crimes and violent crimes. The coefficients of the
variables representing educational achievement have a positive sign for both violent and

non-violent crimes, which means that having at best a 8th grade achievement, or some
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years of high school has a negative impact on recidivism (in the sense of increasing the
risk of recidivism). The variable age has a positive impact (in the sense of reducing the

risk of recidivism) on recidivism for both types of crime. The same applies to the variable

sentence.

Crime Parameters ML estimates t-values
SO (.02 0.20
race 0.83 12.96

reloase -1.09 -13.05

son-violent ocucl 1.54 11.81
edue2 1.18 10.65

age -0.08 -7.89

sentence -0.49 -11.72
ronstant 4.3 13.39

"y 0.73 4.83

e 0.21 1.96
race 0.97 14.03
release -0.24 -2.36

violent educl 0.69 1.86
echne? 0.71 6.10
fo -0.10 -8.08

sentence -0.43 -8.79

| constant 3.21 9,53
o 0.49 5.08

Laplace transform Il 0 _ 0.25 4.8:
u Log-Likelihood -10135.56
3 8527

Table 5.4.2: Results of Cox’s proportional hazard model of recidivism

In the William G. Saylor and Gerald G. Gaes paper Survival probability graphs have
been described, testing the impact of training on the amount of time to a recommitment to

the Bureau of Prisons. Offenders were members of one of three research groups:

1. those employed in Federal Prison Industries (UNICOR)
2. those who successfully completed a vocational training or apprenticeship

program, (VT apprentice) or

48



3. those who were selected as members of a comparison group. The comparison
group was composed of individuals who had neither of these program
experiences but were very similar to members of the two training groups with
regard to a large number of socio-demographic, educational, occupational and

criminal history characteristics.(Comparison groups)

Releases who are generally believed to be a difficult group to manage in prison have
been selected, and who have limited employment opportunities and a high probability of
being re-incarcerated after their release. The group was composed of 18-24 year old
males with an education level between 9w and 11w grades who, on average, served a 25
month sentence, and who had an average propensity score.

The propensity score is the predicted log odds of participating in training programs and
i1s a function of a large set of covariates which are theoretically linked to program
participation. The propensity score is intended to measure an individual's propensity to
self select themselves into the training programs. Therefore, inmates who did not
participate in training, yet had large propensity scores similar to the training participants
are considered the “best” comparison subjects.

The first graph (figure 5.4.2) shows the survival probability for all the individuals

observed in the program evaluation irrespective of ethnicity or race.

Survival Probability by Program Group

18-24 year old males with an education level between 9th-
11th grades serving an average obligation of 25 months.
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Figure 5.4.2: Survival probability by program group
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The vertical axis displays the probability of survival, which ranges from 1.00 the first
day of release to about .85 at the end of the observation period, while the horizontal axis
displays the number of days after release of the prisoner. The graph indicates that at day
one, on average, the probability is almost 100 percent, because it is almost a certainty that
a newly released inmate was not recommitted on their first day of release. Similarly, on
the last day that any of the inmates in this study were observed, the average probability
that an inmate would not be re-incarcerated in a federal facility was about 87 percent.
From the above graph we can conclude that those who successfully completed a
vocational training or apprenticeship program, (VT apprentice) have better probabilities

of survival incarceration than the other offenders.
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Chapter 6

Applications of Survival Analysis: Firm Survival

6.1 Introduction

The literature on firm survival developed rather recently as a response to the entry
literature not dealing explicitly with post-entry performance. In industrial economics firm
survival was first dealt with as a side issue to firm growth, since it was only surviving
firms that could grow. Joint estimations of survival and growth were then used to
overcome this selectivity-bias problem. Later, it also became a side issue in the entry and
exit literature, survival being the inevitable in-between stage.

Previous research on business failure indicates both industry and firm factors have
impact on survival of new businesses. While firm entry is clearly of importance, arguably
duration can be considered to be of greater significance in terms of meeting long-term
policy objectives related to employment and the growth of the economy.

Among the specific firm characteristics which are related to the hazard rate in
various studies are the capital intensity, ownership status and the initial endowments
of the firms such as post-entry firm size, founding time, and whether the firm is a new
startup or a new branch or subsidiary of an existing business. Quite robust across the
studies is the negative effect of start-up size on the hazard rate. In addition to, Audretsch
and Mahmood (1995) consider the effects of macroeconomic variables in the context of
their hazard regressions, while Fotopoulos and Louri (2000) presented firm size, growth,
profitability and heavy commitment in fixed assets as factors for increasing survival. In
contrast, high indebtedness and diversification increase the hazard.

Generally, the minimum efficient scale and the intensity of competition generally
increase the hazard rate, but the growth of the market tends to reduce the risk of exit.

Startup size and post-entry firm size is normalized by the minimum efficient scale (MES)
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of the industry. They found when a firm operates at a size below the MES, it is more
likely to fail; it incurs a cost disadvantage. Larger startups can reduce the difference
between its current size and MES, hence reducing its risk of failure. By exploring the
influences of two ownership structures in the manufacturing industry (independent new
startups and new branches or subsidiaries of existing companies) we reach out the
conclusion that new firms are more likely to fail than the new branches or subsidiaries of
existing firms. (Audretsch and Mahmood, 1995)

In conclusion, most closing business units are very young, so infant mortality is
systematically very high across industries, independently of the phase of the business
cycle.

In most studies we have to deal with the very puzzling question, if firm entry and
survival is independent of market turbulence, firm size and location? There are two

possible answers which are being presented to chapters 6.2 and 6.3 accordingly.

6.2. Firm entry and survival independent of market turbulence, location

and size

Gibrat's Law or Law of Proportionate Effect (Gibrat, 1931), by applying at the market
structure of an industry, simply postulates that the size distribution of firms is lognormal.
Particularly, provides the first sophisticated explanation for the systematically skewed
pattern of the size distribution of firms observed in virtually all industries and states that a
firm's growth in each period of time is random and independent of its size.

Additionally to, it has been repeatedly observed that similar patterns of entry and exit of
firms are prevalent across-countries and along the business cycle. That is, the basic
patterns of market turbulence seem little affected by changes in the level of demand or
different institutional environments, so there must be structural factors that give way to
this persistent phenomenon. There is a growing acceptation that entry is not simply a
mechanism to reduce excess profits through enhanced competition. High rates of entry
are observed even in industries that present a high level of competition or in industries

with significant barriers to entry.
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At the same time, to shed light into the observed facts, there are two possible ways to

explain the determinants of an apparently odd entry behavior.

e Rationality, lack of rationality, or bounded rationality of agents, in the sense that a
substantial proportion of entries are mistakes. (Cabral, 1997; Brocas and
Carrillo, 1999). Nevertheless, this result is consistent with Baden-Fuller’s (1989)
view that exit may as well be a strategic decision and not the mere result of
unprofitability.

e Entrants are uncertain about their own relative efficiency, and enter into a market
with a calculated small investment commitment with the objective of "trying" or
"looking" into the market and "learning" about their possibilities. If they learn that

their skills fall short from the minimum level, they will exit soon after entry.

The second approach is more broadly accepted and argues that new entrants are rational.
It is closer to econometrician’s points of view which have been more prone to explore
market or government failures than rationality failures as an explanation for inefficient
outcomes. (Agusti Segarra, Maria Callejon, 2000).

More important, Geroski goes on to classify the empirical findings on entry and exit
research and propose that since the survival rate of most entrants is low then entry
barriers could be more effectively justified as “barriers to survival”. This helps to
reconcile the repeated occurrence of sub-optimal entry with the presence of high entry
barriers, and the often recorded positive correlation between entry and exit rates across
industries. Entry and exit are two linked processes possibly determined by the same
factors i.e., there is a symmetrical effect of entry barriers on both entry and exit
formalized as “barriers to entry are barriers to exit” (Caves and Porter, 1977). Entry
eventually leads to exit, but the less qualified the entrants and the more rigorous the
functioning of entry barriers as barriers to survival, the sooner this might occur. This
complies with the view that the larger the start-up size the less is the distance to be
covered by newcomers in approaching an industry’s minimum efficient size and hence

the less handicapped they are when compared with more cost-effective competitors.
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6.3 Firm entry and survival dependent of market turbulence, location

and size

On the other hand, mainstream industrial economics analysis suggests that variables
specific to the firm as well as variables specific to the industry affect the hazard faced by
new entrants. At the firm level, size, growth, ownership status, life cycle stage,
technology employed and financial structure are among the most celebrated determinants
of firm survival. At the industry level traditional entry barriers, affecting industry
contestability, and technology conditions are found to play a significant role in
determining hazard. Macro-economic conditions may also facilitate or obstruct survival.
(Fotopoulos and Louri, 2000)

Additionally to, a significant share of the industrial organization literature is inspired by

two other empirical facts.

e First, that market structure varies in a systematic way from one industry to
another

e Secondly, that difference in market structure across industries is similar from one
country to another. This cross-industry variation suggests that the specific patterns
of firm turnover and behavior (entry and hazard rates, growth rates) are related to
also specific industry characteristics such as economies of scale, product

differentiation or investment in R+D industry.

This, non-random, second approach, suggests that agents behave in an optimizing way,
not consistent with Gibrat's random model of firm's dynamics which is mentioned above.
(Agusti Segarra, Maria Callejon, 2000).

Industrial performance at either the national or regional level is crucially affected by the
ability of newly established firms and plants to survive and grow. Instead of assuming
that initial conditions determine the entire life-path for new firms, it would be more
appropriate to employ an econometric model that incorporates the ability of firms to learn

and adapt to their environment over time. The bottom line is that the ability of firms to
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evolve might be far more important in determining their survival in a business
environment that is evolving too, rather than initial conditions. New firms are one means
by which a manufacturing economy adjusts its specialization over time towards more
competitive products and they are an important counterbalance to contraction and
closure. Generally, firms heavily committed in fixed assets, profitable and fast growing
lower lever-aged and operating in less contestable markets face reduced hazard. This is a
result of firm size and not of firm’s location. Start-up size was empirically established to
exert a significant negative effect on hazard implying a positive influence on survival of
new firms in various country contexts (U.S., Canada, Portugal, and Greece).

(Audretsch and Mahmood (1993; 1994), Dunne and Hughes (1994), Baldwin and
Rafiquzzaman (1995), Mata et al. (1995) and Fotopoulos and Louri (2000))

Additionally to, Fotopoulos and Louri (2000) are explicit about the importance of the
economic cycle, to the extent that the evidence provided demonstrates that' Greek firms
established closer to economic downturns have an increased exposure to failure, probably
because of adverse market conditions less experienced firms are faced with Also, an
interesting fact is, that there is also plenty of empirical evidence showing that young
business behaves differently from experienced firms, in the sense that their rate of growth
correlates negatively with their initial size.

The analysis with longitudinal firm data bases has revealed other types of regularities
not directly related to Gibrat's Law. Several empirical tests carried out independently of
each other have shown that survival is usually positively related to the initial size and to
the age of the firm. With differences across industries, the exit and entry pattern of
declining hazard rates for an entering cohort has been widely observed.

Gerosky (1995) and (Caves 1998) have identified the most important empirical facts.

e the rates of growth of entrants are not independent from size, growth rates
decline with size,

e entry and exit are intimately involved in the growth-size relation; small firms
dominate entry, and exit declines with size,

e entry rates vary over time, coming in waves which often peak early in the product

life cycle of the industry,
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e survival rates present higher variation than entry rates across industries,

e growth and hazard rates decline with age.

Another important aspect which affects firm survival is industrial ecology. Industrial
ecology has been a fast growing field of empirical industrial organization investigating
issues such as firm entry and exit, post-entry performance and industry evolution.
(Audretsch and Mata, 1995). At our arguments so far we haven’t presented the role of
location. According to Fotopoulos and Louri (2000) location (urban hubs and non-
metropolitan areas) plays an important role on firm survival. Particularly, in this study
firms located in greater Athens seem to face increased chance for survival when
compared with firms located in the rest of Greece, and there are traces of a positive nexus
between urban location, smaller size and higher probability of survival. In the Greek
context sizeable urbanization economies provide an explanation for the strong tendency
of manufacturing firms to locate in urban centers. Fotopoulos and Spencer (1998) offer
empirical evidence suggesting that agglomeration economies, proxied by population
density, together with extensive small firm structures, local production links, and regional
specialization positively account for spatial variations in new firm formation. Moreover,
as far as entry preferences in Athens and the rest of Greece are concerned, urbanization
economies play a more significant role than the usual factors given by entry theory.

Fundamental to post- entry relocation of new firms rather on post-entry performance
has been the inner-city incubator hypothesis. The inner city incubator hypothesis suggests
that a high manufacturing birth rate takes place in the core of metropolitan areas being
facilitated by external economies, arising from close proximity to suppliers and
customers, increased information circulation etc. The inner city location, although
preferable in the early days of a new firm, may be later abandoned as the firm grows and
internalizes more efficiently services previously assigned to other firms. (Vernon, 1960)
This particular theory is not broadly applied to many cities except from New York and
Amsterdam.

Another effect of location is the population density of the particular region. New firm
formation activity has been found positive and significant confirming that large cities still

act as nurseries or incubators for enterprise. This has been evidenced by the positive and
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significant effect of population density on firm deaths when both sector-specific and

sector-independent new firm formation rates were analyzed

6.4. New firm survival in a technologically innovative environment

Several studies in recent years presented that firms employing advanced technology are
less likely to fail and enjoy higher growth rates. New entrants are less likely to survive in
an industry that is characterized by a routinized technological regime, where the initial
setup costs for new businesses are high and it is difficult to obtain new technology for
their operations to reach optimal scale. On the other hand, in an industry that is
characterized by an entrepreneurial regime, new entrants are more likely to survive
because of their technological innovative advantage over market incumbents, apart from
technological product industries where small firms have innovative advantage.

Fundamental to such a theorization has been the example of digital and physical
internet firms, where digital internet firms are an innovative and newly established
reality. Particularly, a digital internet firm is a firm that provides digital products and
services and directly delivers them via the Internet. A physical internet firm uses the
digital channel to sell physical goods but product delivery is realized through the physical
world. They find that digital goods firms enjoy higher productivity gains, and argue that
the reason for the difference is a higher level of digitization of business strategies and
processes. Close-to-zero marginal costs of production and nearly negligible delivery costs
reduce overall costs, allowing them to enjoy higher productivity than physical Internet
firms. Since productivity and profitability directly relate to a firm’s survivability, we
expect digital Internet firms to be less likely to fail than physical Internet firms.
(A.Barua, A.B. Whinston, and F. Yin, 2000)

Another example is university start-ups. University start-ups have attracted
considerable attention for their technology management and public policy implications.
While established firms account for a majority of licensees, start-up firms have emerged
as a viable and important vehicle for bringing university technologies to market and have

been successful. In the biotechnology industry for example, Chiron and Genentech are
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two notable firms founded to commercialize inventions originating in the university
research lab. Google, Akamai Technologies, Lycos, and Inktomi are just a few of the
internet pioneers whose technical roots began at a university. Moreover, University start-
ups carry an important public policy perspective, particularly since universities often
devote their own resources, many of which are publicly funded, to encourage start-up
activity. Campuses with strong research reputations and universities with favorable
policies towards inventor reimbursement and equity investment encouraged greater new
firm formation. (Robert A. Lowe, Arvids A. Ziedonis, 2004)

Additionally to new firm formation can be encouraged by technological innovative
environments which are established in urban areas, a theorization first presented by
filtering down theory. The filtering down theory maintains that large urban areas offer an
environment that is more conducive to innovation possessing, diversified and skilled
labor markets, and information and interaction opportunities with other firms. Following
a life-cycle theorization of an industry, new innovative firms are thought to have a higher
propensity to set up in urban areas. However, as the product or the processes mature and
become more standardized, firms may well tend to flee to less sophisticated and more
peripheral areas. This theory applies especially in U.S metropolitan areas and in the
producer sector in Italy.

(Thompson, 1968)

6.5 Measurement of firm death, success and duration and methodology

of survival analysis applied in firm survival

Several ways of measurement have been applied on confirming firms’ death, which are
strongly dependent on the type of data that are provided, and the criterion of exclusion
from the analysis. When data are derived from the Greek ICAP directories (which
provide financial information based on the balance sheets of all Plc and Ltd. firms in
Greece together with their employment, establishment date and location) a firm is
confirmed dead when doesn’t reports for more than two consecutive years. For Internet

firms we define firm duration in terms of the number of quarters that have elapsed since
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the date of the firm’s initial public offering (IPO) to the time it was delisted from the
stock market, or the ending of the study period if the observation is censored, whichever
is sooner. Like ICAP directories in Greece, there are DIRCE (Directorio Central de
Empresas) directories in Spain, where deaths may refer to company closures, but also to
changes of activity, mergers and absorption of companies. In the study of analysis of
new firm survival for the English market censored data refers to those firms which were
still alive at the time when the data was last updated, while dead are confirmed those
firms that exit the market during the time interval of the study.

The theory that is being used in the firm survival is mainly a Kaplan-Meier analysis and
models that are built based on the Cox regression theory. The theory of Kaplan-Meier
analysis has been thoroughly discussed in Chapter 3 and the general Cox-Regression
theory in chapter 4. Considering that, in the next paragraphs we will discuss some special
cases of the Cox-Regression Analysis used in firm survival.

Four widely used distributions in economics and firm survival are the exponential
which displays constant duration dependence, the Weibull for which the hazard function
is monotonically increasing or decreasing (depending on the value of the relevant
parameter), the log-normal and the log-logistic which can both display ing;rg:asing
duration dependence initially, followed by decreasing duration dependence and the
Gompetz distribution which we will present more thoroughly.

The Gompertz model is essentially a proportional hazard model in which the baseline

hazard rate has been specified depending on regressor variables z, in addition tp, the
regressors x,. Hazard rate models based on the Gompertz distribution for the length of
time f, a particular firm i stays in the market are associated with the following

functional form of the hazard rate:
h(t,) = exp(B, + ﬂ'x,)-exp((}’o +}/,zi)’ti)’i — 1 e

where, h(t;) represents the hazard rate of firm i to exit the market ¢, periods after entry.
The vector x, contains the explanatory variables for the ith observation that effect the

hazard rate h(t;) of the ith observation at birth and the vector z, contains the respective
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explanatory variables that account for differential effects of the knowledge accumulated
while staying in the market. Thus, the coefficients in the f vector indicate the effect of the

explanatory variables when ¢, =0 .In addition to, the coefficients in the y vector allow

us to make statements about the hypothesis that the explanatory variables have

differential effects with increasing duration?, > 0. This influence can alternatively be
interpreted as an effect on the rate of change of the hazard rate, since
dInh(t)/dt =y, +y z, .The coefficients S, and y, represent the respective intercepts.

(Uwe Cantner, Kristina DreBler, Jens J. Kriiger, 2004)

6.6 Some examples of survival analysis in firm survival

In the Fotopoulos and Louri (2000) paper a Semi-parametric analysis of new firm
hazard rates is being carried out, with the use of Cox’s proportional hazard model with

the following number of variables being either sector-specific or firm-specific were

deployed:

e (FIRM_SIZE): Initial financial capital (in logarithmic form) for establishing the
new firm

e (ENTRY): the entry rate at the industry level at the time when a firm was set up,

e (GROWTH): industry growth rate

e (SUNK):sunk cost proxy, which provides an approximation for the extent of
second markets for capital components.

¢ (DEBT): the debt burden of a firm short after its establishment relative to its
capacity and it is defined by the ratio of total liabilities over total assets.

e (FIXED_ASSET): the ratio of fixed to total assets

¢ (PROFIT): profitability ratio defined as net profits over total assets in the first
year after establishment.

e (DIVERS): dummy variable, which takes the value of 1 if the firm participates in

other firms by keeping more than 10% of their assets and 0 otherwise.
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» (COHORT_82 and COHORT_83): two cohort dummies, which are due to

differences in the responsiveness of cohorts to economic cycle.

The results of the Cox regression analysis are presented in the table 6.6.1 below

Variubles Eslimated coellicients rStundard ermors in parenthesest
1)) 21 i3 i4) i85 1)
FIRM SI712 ~0L107H —~0.1214% ~0. 1293+
{0.0588 ) 1006031 10.0609)
BIERT 083004+ 1072+ (/D% a0
i0,3761) 0.3836 03761
FIXED ASSET —(LR443 R —(1L90g ¥ —0.8305%% —0).7323%4* ~(L8333%
10,2945 10.2983) (0,290 1.20010) 10.3008) 0.2968)
PROFTT —1.22) 44 — 11798444 —1.123] %% ~ 1T ~1.2199% ~1.1626*+
i04274) 1044221 (04255 04414) 04351 G4354)
DIVERS 11,5505+ 0,634+ 0.6067+
11.2734) M2758) 0.2761)
FIRM GROWTH —0.1220% —0.1316* —(L (88" ~0.)227* -0.1023% ~0.004)
0.a711) 10.0745) (0.0673) 10.0720) 0.0575) 10.0651)
ENTRY 0.0163* 00161
10.0085) L0085}
SUNK —() PR ~(). 304 §oe%
10.057%) 10.1671)
GROWTH 04426
04341
COHORT X2 ~0.5518%7% —0,6326%%
N.2X81H 0214
COHORT &3 —(1.5464+++ —0,675] +i¢
10,2021 0.2084)
—2Log Likelihond 1503442 1471.353 1475 500 1303.442 1503442 1503 442
Chi—Square 2.8597" 31.280""° 2683477 IR 300297 34.218°
tddry (6l Gdfy (7d0) 7y (7dn

4 significan) af 1%, ** signilicwn ol 39, * signilicanl al 1O,

Table 6.6.1: Cox-Regression results of the hazard confronting new firms in Greek manufacturing
industries: 1982-1992

In all specifications the null hypothesis that all parameters equal zero is rejected by the
means of an overall chi-square test. The industry level variables perform mostly as
expected. Industry ENTRY at the time of firm establishment confirms results of earlier
studies suggesting that it creates congestion, increases competition between entrants and,
other things being equal, reduces the survival prospects of new firms. SUNK cost is
estimated, as hypothesized, to reduce the hazard rate confronting new firms suggesting
that in our sample exit might, indeed, be a strategic decision. In industries where higher

sunk cost is required the life of less efficient firms may be prolonged as the higher
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amount of irrecoverable costs implied imposes a considerable barrier to exit. This result
may be combined with that of FIXED ASSET indicating that the higher the commitment
of a firm in fixed assets when compared to its total assets the lower its hazard. Finally,
despite expectations for a significant negative effect of industry growth on firm hazard,

this turns out not to exert a significant influence.

In the Robert J. Kauffman, Bin Wang (2002) paper we plot the Kaplan-Meier curve for
all 103 Internet firms in the figure (Graph 6.6.1) below

Survival 'l g oy
Function

.80 0'1_‘- |

Duradon in Quarters

-——— B2B ——— B2C ——— B2C & BIB

Graph 6.6.1: Kaplan Meier curves for different types of internet firms (n=103)

The results indicate that during the first four quarters after our Internet firms went
public, the shakeout was gradual. More exits begin to appear Quarter 4 and continue until
Year 5. The horizontal survival function after Quarter 19 indicates that after surviving the
initial shakeout, an Internet firm will be more likely to survive. The horizontal survival
function indicates that no sample B2B (firm as a business that has other companies as
their customers) firms failed during the study period. The pattern for initial survival for
B2C (as a business that has consumers as their customers) and B2B2C (target both
consumer and business markets) firms is similar; the two curves diverge in Quarter 7.

From Quarters 7 to 13, B2C firms experienced near constant hazard rates. Afterwards,
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the hazard rate starts to decrease. The survival of B2B2C firms after Quarter 7 tells a

different story. From Quarters 7 to 11, the hazard rate is low. The majority of changes

occur between Quarters 12 and 16; about half of B2B2C firms exited during this period.
Applying the Cox’s proportional theory referred to Chapter 4, and using the following

hazard function for the estimation of model parameters

h(t) = hy(t)exp[B,IPOEntry,_, + p,Size, , + pB,Capital,_, + B, Product
+ B,B2B2C + B, InterestRate,_,

Robert J. Kauffman, Bin Wang acquired the following results ( table 6.6.2, table 6.6.3)

Dependent Variables

O Dwuatizn Number of guarters from the TPO date to time of fathwe, merger,
acqustion, or the end of the study penod, whichever nceurs soomer

O Staks Model 1: | if the frm filed for banloruptey, merged with other firms, or

was acquired; 0 1f censared.

Mode] 24/2B72C and Model 3: 1 of bankrupt, 2 of merged with anothet
firm. 3 1f acquired by another business, 0 otherwise.

Intdependent Vanables

Inedtes try-redated
o IPCEniry | Nurmber of competing Internet trm [POs m the guarter
Fyrm-related
o R Number of employecs
O Capital Ampurt of fmancial capital the firm possess {in mullion dollars)
E-commerca-relawpd
Q  Prodsct 1 if the firmn sells digttal poods or servicee, 0 if physical poods or
services
o B2E2C 1if the fim 15 & B2B2C By U otherwass
Contrel Variables
|G Inrorerifate ! Stz-month 1.5, treasury bill inrerest rate

Table 6.6.2: Definitions of model variables
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Varuuhle Parameler Falimale St Dev Chi-Sguare Tazard Ralin

IPOEntry -0.0747 03%

Stze -0.454 D.325 1.957 0.635
Capital -0.0002 0.0006 0.152 1.006
Froauct -0.871 0.351 6.165%* 0419
B2B2Z -0 378 D 380 0.990 0.485
interesifate -0.378 0177 4.572* 0.635

Note: The likelthood ratic sietistic for mode] significance is 21 74, p < 0.0, significance levels for the explanatcory
vatiables we grenby ¥ = p< 0.10, ** =p < 0.05, *** = p< 0.01. Hazard Rafic n thes nght-hangd rolumn

indicaies the margina] effect of @ one-urit change m the cxplanelory vadable an the bazard rate. B equals
exp(Ryl. where [y is the paramstes catimets.

Table 6.6.3: Cox-proportional hazard model of all 103 Internet firms

The sector-related variable IPOEntry is significant at the 0.10 level. However, contrary
to the results from previous research, IPOEntry has a parameter estimate of -0.0747,
which results in a hazard ratio of 0.928. It indicates that with one additional new
competing

Internet firm IPO, the hazard rate of an existing publicly-traded Internet firm falls to
92.8% of its original value. The only firm-related factor that is significant is Product,
which has a parameter estimate of -0.871 (p<0.05). The estimated hazard ratio is 0.419,
thus the hazard rate for an Internet firm selling digital goods is about 41.9% of that for an
Internet firm selling physical goods. The control variable Interest Rate is significant at the
0.01 level and has a parameter estimator of -0.378. The hazard ratio is 0.685, indicating
with one percent increase in interest rate, the hazard rate of a public Internet firm falls to
about 68.5% of its original value.

Our results show that firm Size and financial Capital are not significant. Even though
B2B2C firms have estimated parameters indicating lower hazard rates as indicated by the

estimated hazard ratio of 0.685 over B2C firms, this parameter is not significant.

In the Uwe Cantner, Kristina Drefller, Jens J. Kriiger(2004) paper for firm survival in
the German automobile Industry with the use of Kaplan-Meier analysis the effects that
pre-entry and post-entry experience of firms have on their probability of survival are

being investigated. Pre-entry experience is quantified by a dummy variable that is equal
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to unity in the case of firms that have former experience in the production of automobiles
or other products at the time of entry and therefore are classified as experienced firms; all
other firms are treated as inexperienced. We assume that post-entry experience is
associated with the date of entry which we operationally by the division of the firms into
entry cohorts, as well as by the duration of survival.

Graph 6.6.2 presents the survivor curves of firms with and without pre-entry experience
on a log scale, respectively. The absolute value of the slope of the survivor curves
represents the hazard rate. It is evident that experienced entrants have a lower

probability of exit than inexperienced ones.

| 00

— experienced firms
=== unexperienced firms

0.50

percent survval {log scale)

10 20 30 40 50

time since entry

Graph 6.6.2: Kaplan Meier curves for different types of firms with and without pre-entry

experience on a log scale, respectively.

On table 6.6.4 the results of Gompetz Regression model (which theory is being used

and four models via maximum likelihood is being estimated) are being presented. The set
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of explanatory variables we consider consists of dummy variables for the entry cohorts

E,= cohort 1 (1886-1901), E, =cohort 2 (1902-1906), E, =cohort 3 (1907-1922),
E, =cobort 4 (1923-1939) and a dummy variable to indicate the presence of experience

at birth.

Variable Modell  Model2  Model3  Model 4
Intercept  -1.6702 1.2188 -0.6812 ~0.8040
{0.0000}) (0.0000) (0.0000) (0.0000)

£, -1.1647 -1.1810 -1.3700
(0.0000)  (0.0000) (0.0118)

[a -0.8796 -0.8670 -1.1270
(0.0000) (0.0000) (0.0137)

e -0.4690 -0.6198 -0.6379
(0.0005) (0.0000) (0.0148)

P -0.9307
(0.0000)

E;P -0.5344
(0.3439)

FaP -0.8852
(0.0813)

EaP -0.7086
(0.0064)

gD -0.3855
(0.1708)

Intercept 00442 -0.0236 -0.0029 0.1119
(0.0000) (0.0066) (0.7417) (0.1350)

1,1t -0.0246
(0.8144)

121 0.0151
(0.8872)

15511 -0.1020
(0.2022)

Pt -0.0993
(0.1854)

EaPt -0.1028
(0.1923)

LyP -0.0103
(0.7640)

4P -0.2557
{0.0049)

togl. -963.0331 -038.2154  -880.4236  -870.6283
n 351 351 335 335

Note: p-yvalues in parentheses below the coefficients

Table 6.6.4: Estimates for the Gompetz model
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In model 1 all explanatory variables except the intercepts are being neglected. The

estimate of y, is significantly negative which means that the hazard of exit declines with

the age of the firm and may be interpreted as capturing a learning effect that originates
from the post-entry accumulation of experience.

In model 2 we include dummy variables for the first three entry cohorts. Consequently
the average effect of being a member of the fourth entry cohort shows up in the intercept

B, - Thus the coefficients pertaining to the cohort dummies E, to E, capture the

additional reduction of the hazard rate beyond that of the fourth cohort. The estimates of
this model imply that the exit hazard is largest for the last entry cohort and lowest for the
first entry cohort with the other cohorts in between. These differences between the entry
cohorts are not only significant in the statistical sense, but also economically important.
With respect to the last cohort the hazard rate is 69% lower in the first cohort, 59% in the
second cohort and 37% in the third cohort. Remarkably, once the dummy variables for
the entry cohorts are included this coefficient is driven towards zero but still remains
statistically significant. This supports our interpretation of the entry cohort dummy
variables as capturing the advantage (disadvantage) of accumulating post-entry
experience earlier (later). In addition, the advantage of being a member of an earlier entry
cohort seems to be higher that the advantage of a longer survival and thus more
experienced within a given entry cohort. Interpreting the estimation results of model 2 in
terms of the knowledge advantage firms acquire because of being an earlier entrant
implicitly invokes the assumption that all firms have the same experience at birth.

In the regression for model 3 we represent that type of knowledge by the dummy
variable P which is equal to unity for experienced firms and zero otherwise. The
coefficient estimate for the experience dummy is significantly negative which
implies that experience at birth reduces the hazard rate at birth by 61% beyond the effects

of the entry cohorts E, to E;. Interestingly, once the experience dummy is included the
estimate of y, becomes close to zero and insignificant, implying that part of the post-

entry experience effect that is evident in the first and second model disappears.
Model 4 extents the specification in two ways. First, the experience dummy is now

interacted with the dummy variables for the entry cohorts. Second, all variables are now
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also included in the second factor of the hazard rate (i.e. in the vector z, ). Regarding the

first extension the estimates imply a lower hazard rate-for the second and the third entry

cohort, at least on a 10% level of significance. Agae we observe a declining pattern of

coefficient estimates (in absolute values) for the cehorts’ two to four. This shows that

later entry cohorts benefit less from pre-entry experience in terms of the reduction

of the hazard rate. With respect to the second extension we find all coefficient
estimates besides one exception to be insignificant. The exception being the coefficient
for experienced firms in the last cohort interacted with age. Consequently, assuming that
the variables in the vector z, represent effects of post-entry experience, whether the firm
possesses pre-entry knowledge or if it entered early in the market does not exert further

influence on the hazard rate in later years.
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Chapter 7

Applications of Survival Analysis: Politics

7.1 Introduction

Although world politics have been receiving an increasing amount of scholarly
attention, most research has focused on descriptive statistics over election campaigns,
with little emphasis on the applications that survival analysis could provide. In this
chapter we will try to fill up this gap and examine the impact of political structures on the
management of election timing, of the reasons that legislators exit from the parliament, of
the political fate of corrupted legislators and of the cosponsorship that lead to legislator’s
reelection. Additionally to, the impact of political institutions (presidentialism, federalism
and proportional representation) on the stability of democratic regimes is developed. A

variety of survival analysis techniques will be proposed throughout the study.

7.2 Election Timing

As Margaret Thatcher said, a Government should always wait until the final year of the
quinquennium, but once there should go as soon as it is confident it will win - a maxim
that it is hard to fault. (Nigel Lawson, 1992). The fundamental assumption is that leaders
want to stay in power. Given this, they call elections when they expect to win and when
winning significantly increases their time in office or the value they derive from office
holding.

Although the theory suggests that all else equal, leaders call elections when they

anticipate a decline in future performance, there are also other factors that affect election
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timing. The theory provides insight into why such factors as popularity, past
performance, seat share, and time remaining in the electoral term influence the election
timing decision. Anecdotal accounts of elections also suggest that other factors, such as
the need to seek a mandate, are important.

Future performance can be measured by measuring actual future economic
performance. For example, economic conditions change between the time an election is
announced and a quarter, half, or whole year later. These economic change data are
unavailable to the voters at the time of the election. Indeed the theory suggests elections
are called precisely so as to hide this information from the voters at the time they vote,
and it is common thing that the inflation is increased after the election.

Time remaining before the elections is a case which is left on the decision of every
leader. Democratic Leaders can call for elections whenever they wish but as the end of
term approaches, the situation becomes drastically different. When a leader calls an
election, she sacrifices what is left of her current term for the chance of winning another
five years. The shorter the time remaining, the less scarified. Therefore, as the end of her
term draws near, a leader is more likely to call an election. In the final period an election
become compulsory.

Past performance and popularity of a Government is obvious a very important
argument for reelection and estimating election timing. Governments with a horrible
record are unlikely to rush to the polls, since doing so is almost certain to cost them
office. In contrast, governments with a stellar record are highly likely to receive another
term in office if they call an election. There are many dimensions to performance but
from the perspective of empirical testing, we confined to economic measures of
performance (although it is not the only aspect of political life that voters care about).
Public opinion provides the best measure by which to assess the government’s
performance. Government popularity automatically takes account of which issues are
salient to the voters. Even within economic data there is great disparity between what
indicators are politically relevant. To a large extent, public opinion data indigenizes what
measures of performance are important to the voters. As will be bourne out in the data,
these subjective measures of government performance provide much better indicators of

election timing that do objective economic indicators. There are numerous public opinion
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measures, such as approval ratings for the government, the Prime Minister, the opposition
party, and the opposition leader. However, most directly relevant for the question of
estimating the probability of winning an election are voting intentions. Such opinion
polls, which are conducted monthly for most of the post-war period, give estimates of the
proportion of voters likely to vote for each party ‘if an election were held tomorrow’.
Although estimates of vote shares are not the same as seat shares, there is a strong
correlation between the two, and as witnessed on election night broadcasts, swings in
national vote shares can fairly reliably be translated into parliamentary seat shares. To
sum up, it is not overall popularity that is important; it is popularity relative to the major
challenger that matters, because voters choose which the better party is, not choosing
always a good party.

Seek for a mandate it is usually a common argument for the government to call early
elections. For example, on 6w April 1955 Winston Churchill resigned as leader of the
Conservative party and as Prime Minister. He was succeeded by Anthony Eden who
afterwards sought a public mandate as new Prime Minister, believing that without it he
would lack the public’s confidence. Whether Eden was sincerely motivated by the need
for a mandate, or whether he was simply being opportunistic, leaders that come to power
without an electoral mandate often feel uncomfortable until the voters have spoken.

Seat share is another issue for calling early elections. The fundamental decision that a

leader faces is either to call an election today and win a new term with probability p,_, or

to wait and enjoy another period in office before contesting an election and winning

another term with probability p, . Holding the probabilities fixed, the decision whether to

call an early election depends upon the value of another period in office relative to the
value of a new term in office. Any factors that influence the relative value of office today
versus office tomorrow influence the incentive to call elections.

Another aspect of election timing is in which party the prime minister belongs to. The
theory has little to say on this issue and the first reaction is to exclude party from
analyses. However, a large proportion of the audience insisted on controls for party, so in
the analysis a coded variable (whether the Conservative or Labour party was in office)
was included. The inclusion of party controls makes theoretical sense in the analysis of

stock market data, since traditionally the Conservatives have been seen as more market
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friendly. Although it is a statistically significant variable in many of the analyses

presented, in many others it is not, and its exclusion produces no substantive differences.

(Alastair Smith, 2002)

7.3 Survival of Legislatures and Politicians and strategies of avoiding

losing elections campaigns

Many scholars have studied what factors encourage candidates to enter the legislature,
though few have shown what elements force them to exit the legislature. Considering
when, how and why lawmakers cease to be in the legislature, however, enables us to
understand their individual activity and collective organization better. Legislators exit the
legislature due to factors like death, retirement or electoral defeat. Survival analysis
techniques demonstrate what factors increase or decrease these risks. Especially, a great
attention must be given to different time dependence of these risks and dependence
between risks. Electoral risk decreases with the number of terms for which the legislator
serves, while retirement risk and death one is constant. This is because seniority system
brings about decreasing electoral risk, professinalization of the legislature resuits in
constant retirement risk and politicians are not biologically different from citizens. Also,
when lawmakers expect they would lose election even if they ran again, they will
strategically choose to retire in order to avoid cost of electoral campaign and losing face.

The hypothesis that affecting legislator’s exits, and their dependence over time, are

summarized below:

e Seniority System Hypothesis: Electoral loss risk decreases with the number of
terms for which the legislator serves.

e Professionalization Hypothesis: Retirement risk is constant through the number
of terms for which the legislator serves.

e Ordinary Mortality Hypothesis: Death risk is constant through the number of

terms for which the legislator serves, once age is controlled.
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¢ Strategic Retirement Hypothesis: Electoral loss risk increases retirement risk.

e Physical Decay Hypothesis: Death risk increases retirement risk and electoral
loss risk.

o Opposition Party Hypothesis: Members of opposition parties are at higher
electoral loss risk.

o Organizational Party Hypothesis: Members of organizational party are at
higher retirement risk.

(Kentaro Fukumoto, 2005)

As we mentioned above, Scholars generally agree that a legislator’s primary goal is
reelection, but they also lack consensus over how members go about accomplishing this
objective. While some posit that legislators appeal to their constituents for support, others
maintain that they strategically interact with their colleagues. Different theories of
cosponsorship are a prime example of where such competing external and internal
perspectives have been proposed. One view, matching, deems cosponsorship to be
position-taking for the constituency, so that legislators tend to cosponsor proposals close
to their ideologies. An alternative, signaling, considers cosponsorship to be an
opportunity for legisiators to communicate with their colleagues, so that early cosponsors
are more likely to be extreme ideologically. (Jay Goodliffe, Lawrence S. Rothenberg
Mitchell S. Sanders Harris Interactive, 2004)

Cosponsorship is an excellent example of a choice where the relationship between
goals and actions is murky. Although a fair amount of work specifies the covariates of
cosponsorship, there is no consensus regarding what inferences should be drawn from
such results. Analogous to random utility models of roll-call voting that are essentially
decision-theoretic (Poole and Rosenthal 1997, Rothenberg and Sanders 1999), the key
prediction from the matching perspective is that cosponsorship is a function of the
correspondence between the proposal and member preferences and of the costs and
benefits of the participatory act (Campbell 1982; Wilson and Young 1997; Balla and
Nemachek 2000; Crisp, Kanthak, and Leijonhufvud 2004). Consequently, externally-
oriented, reelection-minded legislators will support proposals close to their ideal points as

conditioned by factors influencing their costs and benefits of participating.
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The principal intuitive reason to think that cosponsorship might be externally-driven is
that, even though the average citizen may be unaware of her legislator’s cosponsorship
choices, elites may know (Ragsdale and Cook 1987). As a result, not only might
campaign contributors be influenced by such decisions, but supporters or opponents
could cast cosponsorship choices as political issues in electoral campaigns. Thus,
scholars maintain that, rather than positions taking for external consumption,
cosponsorship choices involve strategically information transmission to fellow
legislators. (Kessler and Krehbiel 1996, Krehbiel 1995, Gilligan and Krehbiel 1997,
Wawro 2000)

The flip side of what was discussed above is that, by and large, cosponsorship decisions
fly under the electoral radar and are principally observed by legislative insiders. Despite
the occasional exception, only a very few of perhaps 120,000 affirmative cosponsorships
in a given Congress ever go public. Additionally, it is descriptively the case that
proposals with more cosponsors are more likely to be passed and, as such, members who
wish to be successful have reason to think cosponsorship is important (Browne 1985).

For each member and each proposal, the member can cosponsor during the eligible
period for cosponsorship or can abstain. When a member cosponsors, that date is coded.
As proposal introduction and reporting can take place throughout a Congress, the precise
timing of these activities varies. To account for this, we rescale each proposal so that its
introduction day is coded as day 1, and a member’s cosponsorship date, Days since
Introduction, is the number of days from when the introduction occurs. A survival
analysis approach is provided, with the use of non-parametric Kaplan-Meier cumulative
probability estimates: the probability, that a member will be a cosponsor given Days
since Introduction. A semi-parametric Cox proportional hazard specification is
employed, for the estimation of the hazard rate (the probability at time ¢ that a member
will cosponsor a proposal when she has not yet done so)

Another interesting theme of politicians’ survival at election campaigns is the political
fate of the corrupted politicians. The next paragraphs are trying to enhance understanding
of the electoral consequences of political corruption, and more generally the
underpinnings of accountability in democratic polities. In simpler basis, do voters use

their electoral influence to “throw the rascals out,” or do public officials successfully
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exploit the advantages of public office to immunize themselves against electoral
retribution?

One of the compelling justifications for democracy is that public officials can be held
accountable. Elected representatives who betray the public trust by engaging in illegal
activities (or in other ways extracting excessive rents) while holding public office are
vulnerable to electoral retribution and loss of office. Survival analysis techniques and
logistic regressions are employed in order to investigate whether deputies charged with
malfeasance are more or less likely than their counterparts not so charged to enjoy
reelection. The basic result is that judicial proceedings against a deputy for other than
minor transgressions do indeed significantly lower the probability of reelection, by about
7 percent. Thus, judicial allegations of wrongdoing hurt the political careers of elected
national officials. This provides evidence that voters consider legislative malfeasance
worthy of electoral retribution. However there are also statistically significant evidences
that allegations of involvement in illegal activities do not uniformly impose politically
catastrophic consequences.

This should give pause for thought. For example, especially in Italy an individual might
have suspected that the unusually high levels of political corruption characteristic of
postwar Italy stemmed from some peculiarly Italian cultural proclivity for criminality.
Italian voters appear only slightly more tolerant of illegal activities by their political
representatives than American voters. But Italian politicians appear to engage with
substantially greater frequency in criminal wrongdoing. This naturally raises the question,
of just how the rate of political corruption seen in postwar Italy became so high if it did
not arise from any unusual patterns of electoral behavior.

(Eric C.C. Chang, Miriam A. Golden, 2004)

7.4 Survival analysis on Regimes stability
Regimes are institutional systems that may span multiple governments; for example,

one can speak of a continuous American regime since 1789, although that regime has

encompassed multiple governments and survived civil war and invasion. A new regime
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may arise through breakdown, as defined below or a significant change in the
constitutional system of the state, such as the transition from the Fourth Republic to the
Fifth Republic in France, or the peaceful replacement of the communist regimes of
several Eastern European states with parliamentary and presidential democracies in the
early 1990s.

Our dependent variable of interest is regime breakdown. We consider a regime
breakdown to have occurred if an extra constitutional usurpation of power in the national
executive has occurred; this concept includes the typical coup d’’etat as well as other
situations, such as the “self-coup” by Alberto Fujimori in Peru and Boris Yeltsin’s
forcible dissolution of the Russian Parliament, which did not lead to a change in the
executive but did substantially shift power from one branch of government to another.

Regime breakdown is inherently a dichotomous measure: a regime either fails or it does
not. The most common approach to estimating equations with dichotomous dependent
variables is to use either logit or probit procedures. However, regime failure is a
relatively rare event; predicting rare events with logit or probit models is inherently
problematic, as independent variables will rarely explain much additional variance. Thus,
a probit or logit model would be inappropriate in this case. An alternative approach that is
more fruitful is to use a survival or duration model (Cox and Oakes 1984). A duration
model is well-suited to the problem at hand: predicting the duration of regimes based on
societal and institutional factors. Several duration models are often used in the literature,
the most common of which is the Cox proportional-hazards model or the Weibull
regression model. The latter model is very common in social science analysis. These
estimators also account for censored data, such as regimes that did not break down during
their existence, such as France’s Fourth Republic, or which have not failed yet, including
many of the industrialized democracies. (Chris Lawrence, Jennifer Hayes, 2000)

Another important and more specific aspect of regime’s breakdown is the stability of
democracy. A democratic regime is a procedure through which its citizens decide (by
casting a vote or a sequence of votes) how to govern themselves. More specifically, it is a
procedure through which the majority of the population determines the position (or
welfare) of each member of the population (and therefore of the minority that has not

agreed with that majority). A representative democracy is a game in which the principal,
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the public, delegates into an agent, the politician or policy-maker, a given set of
instruments to execute certain goals (generally speaking, those willed by the majority).

Broadly speaking, a democracy does not collapse as long as its political actors have no
incentives to deviate from complying with its electoral outcomes. Politicians and voters
have, in turn, little interest in rejecting an (unfavorable) democratic result when the
political decisions the electoral majority adopts differ moderately from the preferred
positions of the minority. This only follows when the distribution of wealth and the range
of political preferences among voters are relatively homogeneous. By contrast, as the
interests and the distribution of assets among voters become more polarized, democracy
becomes harder to sustain since the electoral minority will grow more alienated from the
decisions taken by the majority. In relatively homogeneous, non-polarized polities,
constitutional rules become relatively superfluous to the survival of democracy.
Democracy is a self-enforcing mechanism regardless of the constitutional institutions that
are employed to govern the country. In polarized societies, unfortunately, rewriting the
constitution to prop up the democratic edifice is likely to be of little help. If it reinforces
the position of the majority, it reduces even further the incentives of the minority to
comply with the democratic outcome. If particular constitutional guarantees are put in
place to protect the minority, the majority has also strong incentives to chalienge the legal
framework in order to ‘democratize’ it even further.

Survival analysis theory could test the impact of different constitutional arrangements
(the type of electoral system employed to choose the legislative body; the relationship
between the executive and the legislative branches; and the level of political
decentralization) on the stability of democracy, conditional on the underlying non-
institutional variables (such as the level of development, the distribution of wealth or the
degree of ethnic fractionalization).

Alicia Adsera and Carles Boix (2004) article offers a theoretical discussion of the
mechanisms through which different electoral laws, presidentialism (as opposed to
parliamentarism) and federalism may shape the probability of a democratic breakdown.
This theoretical discussion is backed up with descriptive statistics of the distribution of
democratic breakdowns given different constitutional structures and social and economic

variables. In addition to, a Cox proportional model is employed (by encompassing all
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sovereign countries from mid 19th century to the end of the 20th century) to estimate the

effects of a country institutional characteristics and social conditions on the survival of

democratic regimes.

7.5 Some examples of survival analysis theory in politics

In the Alastair Smith textbook a Kaplan-Meier analysis is provided for the survival of

the parliaments where elections are break into the following three categories:

e governments with little or no majority
o governments with a comfortable majority who are popular relative to the
opposition.

» governments who have governable majorities but are unpopular;

Kaplan-Meier survival estim ate
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Graph 7.5.1: Kaplan-Meier Survival Analyses of British Parliaments 1945-2001.
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This non-parametric estimate of survival shows the proportion of parliaments that
survive beyond a certain time. The graph shows strong time dependence. As the five year
limit approaches, all parliaments end. Our conclusions from the analysis are that in the
first group, which is comprised of governments with little or no majority, elections occur
early while in the second group which is comprised of governments with a comfortable
majority who are popular relative to the opposition, elections occur after one-year period.
Finally in the third group which is comprised of governments who have governable

majorities but are unpopular, elections occur at the end of the governable period.

In the Eric C.C. Chang and Miriam A. Golden (2004) paper a survival analysis is
employed to examine empirically the electoral consequences of corruption. Specifically, a
grouped duration approach is used to model the underlying data generating process. The

unit of analysis is the incumbent in each legislature and the following variables are used:

e Reelect: takes the value of 1 if the incumbent wins the reelection and holds office
in the next legislature and zero otherwise.

Two separate measures of legislative wrongdoing are used which are:

e Minor crime: charged with an opinion crime. This independent variable takes a
value of 1 if the incumbent is charged in a given legislature and 0 if he is not.

e Major crime: charged with a potentially major offense, often explicitly
involving corruption or abuse of office. This independent variable takes a value of

1 if the incumbent is charged in a given legislature and 0 if he is not.

In this setup, the answer to our empirical inquiry boils down to the signs on the
coefficients for Minor crime and Major crime. Charges hurt an incumbent if Minor crime
or Major crime is negative, whereas allegations pay electorally if signs are positive.

As an obviously underspecified first cut, we perform a grouped duration analysis (with a
logistic link) and relate the probability of reelection for an incumbent to charges of

corruption. Our results are reported in Table 1 under Model 1.A grouped duration

79



analysis (with a logistic link) is performed and relate the probability of reelection for an
incumbent to charges of corruption.

As we see from the results shown in Model 1 (table 7.5.1), the coefficient for our
measure of serious allegations is significant and negative, whereas it is statistically
insignificant (and positive) for minor charges. This naive model estimates the overall
reelection rate for all incumbents to be 57 percent. Importantly, the results suggest that a
judicial investigation for a potentially serious offense decreases a legislator’s probability
of reelection by 6 percent, which is a substantively meaningful reduction.

It is reasonable to believe that deputies who control greater political resources are more

likely to get reelected. To capture this, we incorporate information on deputies regarding:

o the total number of previous legislatures served
e whether the deputy belongs to a governing or an opposition party

e whether the deputy is an elite legislator or a backbencher

We expect that more terms in office, being a member of a government party, and being
an elite legislator will equip a deputy with more resources, thereby increasing his
reelection probability. The results of this expanded specification are reported in Model 2
of Table 7.5.1. Again, we see that the coefficient on our main independent variable of
interest, our measure of major malfeasance, is negative and strongly significant.
Reelection is positively and significantly affected by membership in a government party.
Party elites and longer serving deputies are also more likely to be reelected than
backbenchers. Importantly, our basic result remains unchanged. Deputies subjected to
investigation by the judiciary for a potentially serious criminal offense see their

probability of reelection reduced by 6 percent in Model 2.
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Table 7.5.1: Estimation Results for the Effects of Judicial Inquiry into Reelection

Finally, one objection to the use of judicial charges as proxies for malfeasance is that
the charges might reflect judicial activism rather than the frequency of genuinely corrupt
or illegal activities. To separate out the effects of judicial activism, we include the
average length of judicial processes in the lower courts as a control variable. This
variable captures the relative efficiency of a notoriously highly variable judiciary; we
believe it is reasonable to assume that judicial activism is tightly linked to the degree of
overall judicial efficiency. Results of this specification appear in Table 7.5.1 as Model 3.

Judicial activism is significantly related to the probability of reelection, but the sign on
the coefficient suggests that deputies elected from areas of the country with a more
efficient judiciary enjoy greater, not lesser, probabilities of reelection, all else equal.

Results for our other controls remain similar to those already examined in Model 2. Our
estimation of the effect of serious judicial charges is even more substantively important
than in the previous two models. Investigation for a potentially serious crime reduces the
probability of reelection quite substantially (11 percent) in this specification, whereas

charges involving libel and slander effect no electoral retribution.
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In the Jay Goodliffe, Mitchell S. Sanders and Lawrence S. Rothenberg (2003) paper a
Semi-parametric Cox proportional hazard specification is being carried out in order to
examine the probabilities of cosponsorship over time and to identify any
temporal/ideological patterns. The hazard rate (the probability at time ¢ that a member

will cosponsor a proposal when she has not yet done so) for each observation at t is given

by:

h(t) = hy()exp(b, X, + b, X, +...+ b, X,), that is, the hazard rate is determined by the
baseline hazard 4,(7) and the observation-specific effects measured by X, X,,..., X, .

Four variables are specified to capture how costs and benefits vary across members:

e Republican: coded as one for Republicans and as zero for Democrats;

e Lame Duck: measured as whether, at the time of the proposal’s introduction, the
member planned to retire at the end of the 106th Congress(which is the base of
our data set)

e Seniority: measured as the number of years of member service in the House

o Electoral Security: measured as the percentage of the two-party vote that the

member received in the 1998 election.

Two variables are incorporated for issue-specific factors:

e On Considering Committee: scored one if the member sits on at least one
committee considering the proposal and zero otherwise;
e Same Party Sponsor: scored one if a member is of the same party as the initial

sponsor and zero otherwise.

Ideology is being integrated into the analysis in two ways: directly as independent
variables; and as a stratification variable so that the hazard rate functions’s shape and
covariate effects can vary with member/proposal correspondence. Thus, two measures are
specified: Ideological Distance and Conservatism Relative to the Proposal (hereafter

simply referred to as Conservatism).
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Table 7.5.2 shows maximum likelihood estimates and z-scores generated by our
proportional hazards model for the full sample. Coefficients measure the change in the
hazard rate accruing from a one unit change for the independent variable; those less than
zero indicate that an increase in that variable decreases the cosponsorship hazard. These
coefficients measure both whether and when a member will cosponsor. In general, when
we state that a member is less likely to cosponsor, we also mean that, among those
members who do cosponsor, they will cosponsor later. Overall, this model does well
statistically, as reflected by the strong chi-squared score, and has important substantive
ramifications. Of greatest relevance for our analysis is that the result for Ideological
Distance reaffirms our non-parametric finding: Members further away from a proposal’s
location are less likely to cosponsor and, among those who do cosponsor, members
further away will cosponsor later.

The negative coefficient on Conservatism indicates that right-leaning members are less
likely to cosponsor. A one unit increase (out of a maximum of roughly four units) in
Conservatism decreases the hazard rate of cosponsoring by 21 percent. Consistent with
expectations, a member on the considering committee is 74 percent more likely to
cosponsor than others. While being in the same party as the sponsor is neither
substantively nor statistically significant, Republicans are 36 percent less likely to
cosponsor legislation than Democrats, everything else equal, indicating that Democratic
activism overcomes any agenda-setting impacts. Lame duck members shirk in their
activities, a member who is planning to retire is 19 percent less likely to cosponsor than
one intending to continue. Findings for seniority and marginality, where moral hazard
and selection effects may work in different directions, are statistically significant but
substantively modest: Increasing seniority by 10 years decreases the likelihood of
cosponsorship by about 4 percent and increasing the two-party vote percentage of the
member by 10 percent decreases the likelihood of cosponsorship by less than 0.5 percent.

For exploratory purposes, this paper provides stratification for ideological extremity
(ideological extremity is divided into five groups, labeling them from Very Conservative
to Very Liberal) and produce non-parametric Kaplan-Meier cumulative probability

estimates.
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Variable . All Proposals

Ideological Distance E 1.262*
(- 89.92)

Conscrvatism 0.238*
(- 37.62)

On Considering Committee | 0.553*
1 (73.00)
Same Party Sponsor 4 0.021
(-1.66)

Republican 4 0.451*
(-64.04)

Lame Duck 0.209*
( 13.59)

Seniority 3 0.004*
(-9.91)

Electoral Security 0.000*
(-2.23)

Number of Cases 2.460.780

Chi-Squared ; 39,016*

Notes: Dependent variable ts cosponsoring a proposal.
Coefficients are maximum likelihood estimates
of the Cox proportional hazard model, with
z-scores in parentheses (*p < 0.05, two~tailed test).

Table 7.5.2: Effects on Cosponsorship Hazards

The below figure (Graph 7.5.2) presents the cumulative probability of Consponsorship
upon Days since Introduction (is the number of days from when the introduction occurs).
Centrists, who are close to the proposal location, are more likely to cosponsor, while
extremists are less prone to do so. Furthermore, there is a left-leaning bias, as those who
are Very Conservative are less likely to act than those who are Very Liberal; and

Conservatives are less likely to cosponsor than Liberals after some time elapses.
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Note: Very Liberal, Liberal, Centrist, Conservative, and Very Conservative are defined by the
first through fifth quintiles of Conservatism Relative to the Proposal, respectively.

Graph 7.5.2: Cumulative probability of Consponsorship by Legislator/Proposal Correspondence

In the Chris Lawrence and Jennifer Hayes (2000) paper a Semi-parametric analysis of
regime breakdown is being carried out, with the use of Cox’s proportional hazard model

with the following number of variables:

e Per-capita gross domestic product: to indicate the level of development of the
regime.

e The effective number of legislative parties: using Laakso and Taagepera’s
(1979) measure theorem

e Change in executive: a dummy variable indicating whether or not the executive
had changed in the past year;

e Presidential regime: a dummy variable indicating whether the regime was
parliamentary or presidential in nature. A regime was classified as “presidential”
if the president was the effective executive of the state during the period of time

in question.
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The model is estimated three times: once including both presidential and parliamentary
regimes, and then separately with each type of regime. The estimates are presented in
Tables 7.5.3, 7.5.4 and 7.5.5. The hazard ratios in survival models are interpreted as
follows: a hazard ratio greater than 1.0 indicates that an increase in the value of the
independent variable increases the risk of failure (in our case, regime breakdown), while
ratios less than 1.0 indicate that an increase in the independent variable decreases the risk

of failure. The significance of these effects is determined using the z test statistic, as for

ordinary least squares regression models.

Independent Variable Hazard Rado Srandard Error
GDP per capita 0.997 0.001~
Effective number of legislative parties 1.522 0.265*
Change in executive 1.744 1.020
Presidential regime 3.044 1.7457
Log likelihood -12.745

Number of observations 825

Number of regimes 89 (14 failures)

Vil 22 45%«

Table 7.5.3: Regime duration (presidential and parliamentary regimes)

From table 7.5.3 we observe that less economically advanced countries are significantly
more prone to regime failure, as are countries with a large number of parties in the
legislature. The “change in executive” variable does not have any significant effect,
although it does increase the likelihood of regime failure, as expected. The variable of
substantive interest, that indicating presidential regimes, is marginally significant (p =
0.052),

To investigate the hypothesis that extreme multipartism leads to presidential breakdown
presidential regimes are being examined separately in Table 7.5.4. As expected, a large
number of legislative parties do significantly contribute to regime breakdown; however,
the overall fit of the model is rather unsatisfactory (the chi-square test is only marginally
significant). In addition to, the per capita gross domestic product variable is not

significant.
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Independent Variable Hazard Ratio Standard Error

GDP per capita 0.998 0.002
Effective number of legislative parties 1.498 0.307*
Change in executive 2.095 1.514
Log likelihood -5.930

Number of observations 201

Number of regimes 37 (9 failures)

X253 6.697

Table 7.5.4: Regime duration (presidential regimes only)

Parliamentary regimes seem to be less threatened by extreme multipartism than

presidential regimes, as indicated in Table 7.5.5. Per capita GDP has a marginally
significant effect in the expected direction (p = 0.078) on the stability of parliamentary
regimes, while multipartism has no significant effect on their stability. We suspect that

this result comes about because many parliamentary regimes include mechanisms to

ameliorate multipartism that are not present in presidential regimes (Lijphart 1999).

Table 7.5.5: Regime duration (parliamentary regimes only)

Independent Variable Hazard Ratio Srandard Error
GDP per capita 0.9%96 0.002t
Effective number of legislative parties 1.612 0.607
Change in executive 1.238 1.171

Log likelihood -6.252

Number of observations 624

Number of regimes 58 (5 failures)

N 9.29*
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Chapter 8

Applications of Survival Analysis: Regional

Development

8.1 Introduction

Regions grow and decline over time. Their progress depends on their attractiveness or
in other words on their ability to draw business units and the right blend of people to run
them. This ability has been expressed as a variable, which is referred to as the Basic
Image of the region, and it’s a function of a multitude of factors economic, social and
environmental. The value of a Region’s Basic Image lies in the interval [-1, +1]. Positive
Basic Image indicates an attractive region while negative Basic Image a repulsive one.
Regions are considered as << patients >> whose << health >> status is given by the
values of their Basic Image. Treatment is defined as a set of actions taken, by the central
or the local authorities, to improve a region’s Basic Image. Those actions include a
number of financial incentives such as grants, for relieves, subsidies loans etc. A region is
considered as a survivor as long as its Basic Image follows an increasing trend or at least
remains constant. A change in trend direction from increasing to decreasing indicates the
failure (death) of the region. Furthermore as success we define the event that a country
has a positive Basic Image and as a failure the event that a country has a negative Basic
Image.

Generally, we define the concept of an area’s Image by introducing the following two
concepts: Basic Image and Specific Image.

The Basic Image of a given area measures the degree to which this area satisfies a set of

basic criteria common to all movers. The Basic Image is a rather abstract concept,
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expressing the actual state of the area; hence a physically realizable measure for the Basic
Image is difficult to find

The Specific Image of a given area, as perceived by a particular group of potential
movers, measures the degree to which movers belonging to that particular group consider
this area as their best final choice. The Specific Image expresses the opinion of the

potential movers about this area and it is theoretically measurable. (Virras, 2001)

8.2 Estimating a Region’s Image

The most important factors affecting the Basic Image of an area as identified by
empirical evidence (Cullingworth (1969), Hunter and Reid (1968), Rhodes and Khan
(1971), Towroe (1971)) are listed below:

e Accessibility to Centers of influence

Every industry in order to operate effectively and efficiently requires access to sources
of raw materials, commerce and service centers and clusters of other industries. In other
words it requires access to what we may generally call influence centers. An area whose
location offers that has a strong comparative advantage over its competitors in attracting
industrial units.

Accessibility to centers of influence is not an easily quantifiable factor. To facilitate its
measurement a Relative Location Index (RLOCI) is introduced expressing the relative
position of a region with respect to the various influence centers. This Index will be a
function of both size and capacity of the influence centers surrounding the region and the
distance of the region from them. Obviously, the higher the value of a region’s Relative
Location Index the more favorable its location. The methodology of setting up this Index

is described thoroughly in Angelis and Slafkpou (1997) paper.
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e Availability of Land

Measuring land availability is a delicate subject. A suitable measure would the density
of population in the surrounding region. High density indicates a high degree of
urbanization in the area and makes further expansion difficult. Local regulations on land
use must also be taken into account, whenever it’s necessary. Hence the availability of
land for a given region is expressed through its Relative Land Availability Index
(RLAVI) which is defined as the relative Population Density ratio for this region. .

¢ Financial Conditions

The term refers to the level of general economic conditions prevailing in the region and
somehow reflects the standard of living of its inhabitants. The level of economic
conditions in a given region is measured through the region’s Relative Financial
Conditions Index (RFICI) which is defined as the region’s Relative Gross Domestic
Product per Capita (GDPC).

¢ Housing Conditions

In defining a measure for the housing conditions in a given region two aspects of the
issue are considered: housing availability and housing quality. The former is expressed as
the Relative Housing Availability (RHAVI) which is the relative ratio of the total
houses available in the ratio over its population. The latter is expressed as the Relative
Housing Quality Index (RHQLI) which is the relative ratio of the region’s new houses

over its total housing stock.

e Environmental conditions
Environment is a unity wherein many elements interact but several of them may be

distinguished air pollution, water pollution, noise, solid waste disposal, and dereliction of

the land. Two sources of environmental degradation are considered: excessive
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industrialization and heavy use of cars. The effect of the former on the environment of
the given ratio is expressed through the Relative Industrial Pollution Index (RINPI)
which is the relative ratio of the total annual electrical consumption in the region over the
electrical consumption for industrial uses only. The effect of the latter is expressed
through the Relative Cars Pollution Index (RCAPI) which is the relative ratio of the

region’s population over the total number of cars available.

e Social Conditions

This term refers to the general social conditions profile in a given area and covers two

major aspects, health and education. To facilitate their measurement two indices are

provided:

e The Relative Doctors availability Ratio (RDOAR) which is the relative ratio of
the number of doctors available in the region over its population.
e The Relative Hospital Beds Availability Ratio (RHBAR) which is the relative

ratio of the number of hospital beds available in the region over its population.

The methodology of setting up the above Indexs is described thoroughly in Virras
(2001) thesis.

The factors controlling the Basic Image may be divided into two groups, according to
whether they concern the economic or the social function of the area (Angelis V. (1981),
Angelis V. (1990)). The factors of the first group, (Accessibility of Centers of Influence,
Availability of Land, Financial Conditions) properly measured give a true measure of the
social conditions in the area. We call this measure the Economic Indicator of the area.
Similarly, the factors of the second group (Housing Conditions, Environmental
Conditions, And Social Conditions), give a true measure of the social conditions in the
area. We call this measure the Social Indicator of the area. The main advantage of such
an expression is that it may be used to underline, and eventually describe, the basic
conflict that characterizes the development of an industrial area.

These two operators behave in the following ways:
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e The higher the Economic Indicator of an area the more attractive it’s Basic Image.

o The lower the Social Indicator of an area the less Attractive it’s Basic Image.

e If the Economic Indicator of an area is continuously increasing but at the same
time it’s continuously decreasing, the Basic Image of the area may be either

Attractive or Repulsive and sudden changes in its state may be expected.

The value of each Indicator is expressed as a product of 3 multipliers, whose values
depend on the measures of the respective factors as described above.
Throughout the model, when a quantity Q is expressed as a product of a number of

multipliers, the following formula for the standardization of its range is used.

Q =4/(M,)(M,)...(M,)
;where M, = f(4,),M, = f(y,),..., f(@,) are multipliers, obtained as non-linear
functions of measured or estimated variables y,, 4, ,..., 4, .

In the case of the two indicators we have:

Bl - 3(LOCM)(LAVM )(FICM)
2

and

e 3/(HSCM ) (ENCM Y(SOCM)
2

where

EI = Economic Indicator

SI = Social Indicator

LOCM = Location Multiplier; a non-linear function of the region’s Relative Location
Index (ROLCI)

LAVM= Land Availability Multiplier; a non-linear function of the region’s Relative
Land Availability Index (RLAVI)
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FICM = Financial Conditions Multiplier; a non-linear function of the region’s Relative
Land Financial Index (RFICT)

HSCM = Housing Conditions Multiplier; a non-linear function of the region’s Relative
Housing Conditions Index (RHSCI)

ENCM = Environmental Multiplier; a non-linear function of the region’s Relative
Environmental Conditions Index (RENCI)

SOCM = Social Conditions Multiplier; a non-linear function of the region’s Relative
Social Conditions Index (RSOCI)

Further theory upon multipliers is provided in Virras (2001) essay.

The theoretical shape of the graph of the Basic Image is a three dimensional one,
because the Basic Image is a function of two variables. It can be shown that the Basic
Image graph is qualitatively equivalent to the Cusp Catastrophe graph (which is derived
from a theory from Topology which is called Catastrophe). (Angelis (1981), Thom
(1975), Zeeman (1973), Isnard and Zeeman (1976)).

The most important factors affecting the Specific Image of an area as identified by

empirical evidence are listed below:

e Specific Image for industries
o Basic Image: which is already been defined and studied above

o Labour availability: which is one of the basic factors affecting the
movement of industries. The labour availability for each group of active
employees is expressed as the ratio of total number of economically active
persons belonging to that group over the number of jobs available for
them.

o Labour Quality: which is measured through a Labour Quality Index.

o Financial Incentives for Industries: which take the form of low interest

loans, subsidies, grants and tax reductions. Their influence on the mobility
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of industries is measured indirectly through a Financial Incentives for
Industries Index which is a function of the various types of financial

incentives provided to industries moving in the given region.

All the above mentioned Indices, the respective Multipliers and the existing
relationships between them have been studied in full detail in some earlier works.

(Angelis (1981), (1990)

e Specific Image for Employees

The most important factors affecting the specific Image of an area as perceived by

employees are given below:

o Basic Image
o Job Availability: which is one of the basic factors affecting the movement of

the employees. The job availability for each group of active employees is
expressed as the ratio of the total number of jobs available for each group over
the total number of economically active persons belonging to that group.

o Job Prospects: New and developing industries are generally considered as
offering better job prospects than mature and declining industries. Therefore,
job prospects in a given area are measured indirectly in terms of a Job
Prospects Index which is a function of the proportion of various types of
industries in the region’s total industrial stock

o Financial Incentives for Employees: they take the form of low interest loans

and tax reductions. Their influence on the mobility of employees is measured
indirectly through a Financial Incentives for Employees Index which is a
function of the various types of financial incentives provided to the employees

moving into a given area.

All the above mentioned Indices, the respective Multipliers and the existing

relationships between them have been studied in full detail in some earlier works.

95



Finally, improving an area’s attractiveness effectively means improving the Specific
Image. As it can been seen from the definition of the Specific Images there are various
ways of improving them. The most common are by improving its Basic Image, by
improving the specific factors appealing to the members of the various groups of the

movers, and by combination of both. (Angelis (1981), (1990)

8.3 An example of survival analysis theory in regional development

We consider as regions the 51 countries of Greece and their respective Basic Images
(for the time period 1971-1993) have been calculated for each year of this region using
the indices and method presented in chapter 8.3.

Furthermore the Basic Images values of every region for the period 1971-1993 have
been considered as time-series and the Hodrick-Prescott Filter has been used to estimate
and plot their trend. (Razzak W. (1997), Hodrick, R. and Preskott, E. (1997))

The 51 countries of Greece are divided, on the basis of their spatial geographical
continuity, into two groups, Island and non-Island regions, and the Product-limit Method
is used to examine if the location of a region affects its survival time i.e. the time that its
Basic Image trend remains increasing or at least constant.

The steps followed applying this method is described below.

e Form the two groups of regions (Island, non-Island )

e Estimate and plot the Survival Curves for each group as well as the Cumulative
Survival Proportion for both groups

e Compare the two groups by visual observation ( Graph 8.3.1)

e Compare the two curves using the appropriate non-parametric tests
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Graph 8.3.1: Kaplan-Meier Curves. Cumulative Survival Proportion for Both Groups,

Comparison of the Survival Curves

By observing the two Survival Curves (Graph 8.3.1) for the two groups of regions we
conclude that, at significance level a=0,005, the survival curve of the non-island regions
is higher than the respective curve of the island regions. This practically means that the
Basic Image trend of the non-island regions remains increasing or at least constant,
during the period under study, longer that the respective trend of the regions belonging to

the island regions.
We have the two hypothesis test

H,:S8,(Island Re gions)=S,(non—Island Re gions)

H, =S,(Island Re gions) < S,(non— Island Re gions)

From table 8.3.1 we draw the same conclusions as with the Kaplan-Meier Curves in
Graph 8.3.1. Island Regions have a comparative disadvantage over the rest due to high

transportation costs but mainly due to accessibility difficulties and the subsequent feeling
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of isolation. As a result their power of in attracting new investments is limited as

compared to that of most of the non-island regions.

Gehan’s Generalized | W Var(W) Z p-value
Wilcoxon Test
( Breslow test)
301 7685.5 3.43345 0.0003
Cox- Mantel Test U I C p-value
7.24602 | 3.284848 3.99799 0.00003
Log-Rank Test S Var(S) C p-value
-7.246 4.7038 -3.340975 0.00042
Peto and Peto’s | S Var(S) Z p-value
Generalized
Wilcoxon Test
-5.9020 | 2.9548 -3.433453 0.0003

Table 8.3.1: Overall comparisons

Survival Curve for Islands Group
Survivorship Function

0.9
0.8
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04 .’.
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Proportion Surviving

Graph 8.3.2: Survival Curve for Islands Group
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Survival Curve for Non-Islands Group
Survivorship Function
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Graph 8.3.3: Survival Curve for Non-Islands Group

The Proportional Hazard Model is a more detailed analysis of the one presented above.
What we are looking now is the factors affecting the survival time of the region. The
factors considered are the location of the region and the level of treatment (subsidy) the
region receives from the state. On the basis of the first factor the 51 countries of Greece
are classified into two groups, and for the second factor into four groups.

The steps followed in applying the Proportional Hazard model are described below.
e Form the required groups of regions (2 groups on the basis of their geographical

continuity and 4 groups on the basis of the level of subsidy received).

e Test the suitability of use of the Proportional Hazard Model in this case.
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Model Hypothesis Testing

Table of Log-Likelihood

Model Log-Likelihood Parameters
Saturated -81.5731 4
Additive -81.7469 3
Treatment -86.3346 2
Group -82.1128 2
Constant -86.4638 1

1) Log-Likelihood Ratio Test for Saturated model

H, = Additive

H, = Saturated

Model Log-Likelihood | Parameters | -2logR(0) p-value
Saturated -81.5731 4 0.3476 0.555
Additive -81.7469 3

Estimated parameters for Saturated model

Parameter Beta Stand. Error t-value Exponent Beta
Treatment -7.88482 7.95793 -0.99081 0004

Group -3.21455 3.20396 -1.00331 0402
Interaction 6.23604 10.58381 0.58921 510.8320

2) Log-Likelihood Ratio Test for Additive model

H, =Treatment

H, = Additive
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Model Log-Likelihood | Parameters | -2logR(0) p-value
Additive -81.7469 3 9.1754 0.002
Treatment -86.3346 2

H, =Group

H, = Additive

Model Log-Likelihood | Parameters | -2logR(0) p-value
Additive -81.7469 3 0.7318 0.392

Group -82.1128 2

Estimated parameters for Additive model

Parameter Beta Stand. Error t-value Exponent Beta
Treatment -4.45942 5.287138 -.82345 -0.11569
Group -1.34065 423526 -3.16544 261676

3) Log-Likelihood Ratio Test for Group model

H, = Constant

H, =Group

Model Log-Likelihood | Parameters | -2logR(0) p-value

Group -82.1128 2 8.7020 0.003
Constant -86.4638 1

Parameter Beta Stand. Error t-value Exponent Beta
Group -1.28873 417144 -3.08942 275620
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At a significance level of a=0.005 the non island regions display a better development
trend than island regions. The effect of the measures taken to increase the attractiveness
of island regions is very limited and sporadic and temporary improvements don’t change
the overall negative pictures in island regions.

At a significance level of a=0.005 the level of subsidy doesn’t seem to have and
considerable effect on the development pattern of the regions The differences in the
levels of subsidies didn’t have any statistically significant impact in each group. This is

probably due to the fact that the levels of subsidies are similar in those two groups.

Chi* = 8.70208 df =1 p =.00318
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Graph 8.3.4: Survival Curve for Group Model
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Graph 8.3.5: Survival Curve for User-Defined Values of the Independent Variables
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Chapter 9

Data application: Statistical Analysis of patients in

a study on multiple myeloma

9.1 Introduction

This study was based on a database, which was obtained from Krall, Uthoff and Harley
(1975), relate to 48 patients, all of whom were aged between 50 and 80 years old. Some
of these patients had not died by the time that the study was completed, and so these
individuals contribute right-censored survival times. The time of that study was 91

months.
The patients of this study are 48, 29(60.4%) of them being male and 19(39.6%) being

female. The youngest patient in this research is 50 years old, while the oldest is 77 years

old. The mean of the patient age is 63.
The values of a number of explanatory variables and the coding of survival status of a

patient presented in the Appendix I are analyzed as follows:

e Survival time: The time (in months) that an individual had survived during the
study.
e Status: Zero (0) denotes a censored observation,
Unit (1) denotes death from multiple myeloma
e Age: The age of the patient in years
e Sex: The sex of a patient (1= for male patients, 0=for female patients)
e BUN: The levels of blood urea nitrogen
e CA: The levels of serum calcium

e HB: The levels of Hemogilobin
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e PC: The percentage of plasma cells in the bone marrow

e BJ: An indicator variable which denotes whether or not Bence-Jones protein was

present in the urine (O=absent, 1=present)

The main aim of our analysis to these data would be to investigate the effect of the risk
factors BUN, CA, HB, PC and BJ on the survival time of the multiple myeloma patients.
The statistical analysis of the data included analysis with the non-parametric method of
Kaplan-Meier (presented in Chapter 9.2) and the Cox’s proportional-hazards model
(presented in Chapter 9.3). The Kaplan-Meier analysis and the Cox’s proportional-
hazards model analysis were performed with the use of the SPSS statistical package

(SPSS, 1998)
The complete dataset of our patients is provided in Appendix I at the end of the study.

9.2 Application of the Kaplan-Meier method

The 48 patients are divided, on the basis of their age, the levels of blood urea nitrogen,
of serum calcium that is provided to them and the percentage of plasma cells in their bone
marrow. The division had become in order to evaluate, with the use of Kaplan-Meier
method, whether the explanatory variables affect the survival of the patients or not.

The steps followed in applying this method are described below:

e Estimate and plot the Survival curves for our qualitive explanatory variables and
for each level of our quantitive explanatory variables.

e Compare the curves presented in the figures by visualization and by using
appropriate non parametric tests i.e. Gehan’s Generalized Wilcoxon Test ( or

Breslow Test), Cox-Mantel Test , Log-Rank Test and Tarone-Ware Test.
Before presenting the variables, the patients’ Kaplan-Meier survival curve was
presented. The survival curve is a plot of the Kaplan-Meier estimate of the survivor

function, in which the estimated survival probabilities are constant between adjacent
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death times and only decrease at each death. The censored observations were 12 and are
noted with small crosses. As it can been seen in the graph 9.2.1, when the time of
survival is 20 months, the probability of survival is about 0, 45 (a fact that maybe is due
to the fact that most censored observations are concentrating in the beginning of our
study). In the middle time of our study, this is around 45 months, the probability of

survival is about 0, 3.

Survival Function

1.0~ _I7 Survival Function
-+ Censored

0.8

0.6

0.4

Cum Survival

=

0.2+

0.0~

T T T T T
¢] 20 40 80 80 100

Survival Time in months

Graph 9.2.1: Survival curve of patients in a study on multiple myeloma

Additionally to, from the graph 9.2.2, is observed a great increasing hazard for patients
in the first 20 months of the study. The patients that had survived from that interval are
experiencing more stable hazard conditions, until after 50 months where the value of the
hazard function is being doubled.

As we can see from table 9.2.1, the final statement is due to fact that more than 50%
percent of the patient deaths had occurred during the first 20 months and 66.7% of the
censored observations had been observed in the same time interval. This means that a

total percent of 68.8 % patients had exit from the current research in the first 20 months.
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Graph 9.2.2: Hazard function curve of patients in a study on multiple myeloma

Table 9.2.1  Status * survival time of patients according to a four interval time Crosstabulation

survival time
1-20 months | 20-40 months | 40-60 months | 60-91 months | Total
Status  right- Count 8 1 2 1 12
cle)ncored % within Status 66.7% 8.3% 16.7% 8.3% | 100%
observations o, .41 .
ﬁ/;";“h'“ survival 24.2% 16.7% 50.0% 20.0% | 25.0%
% of Total 16.7% 2.1% 4.2% 21% | 25.0%
death from Count 25 5 2 4 36
multiple % within Status 69.4% 13.9% 5.6% 11.1% | 100%
myeloma o/ withi ;
ﬁ/‘r’n";"th'" LET 75.8% 83.3% 50.0% 80.0% | 75.0%
% of Total 52.1% 10.4% 4.2% 83% | 75.0%
Total Count 33 6 4 5 48
% within Status 68.8% 12.5% 8.3% 10.4% | 100%
o e )
ﬂ/;q";’"h'" L 100.0% 100.0% 100.0% 100.0% | 100%
% of Total 68.8% 12.5% 8.3% 10.4% | 100%

Our analysis of the data is being continued, by investigating the effect of the following

explanatory variables on the survival time.
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As it can be seen in Graph 9.2.3, there isn’t a straight correlation between age-groups
and the survival time of our patients. Generally the age of a patient hasn’t any effect on

the death of the patient.

Survival Functions
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Graph 9.2.3: Survival curves according to patients’ age

The latter conclusion is confirmed by table 9.2.2 and table 9.2.2(I). The significance
value of the logrank test is 0,915 which is higher than the a=0,05 level of significance
that was been chosen. So the null hypothesis of the test is accepted, and there is no
statistical important difference in the risk between the four age-groups.

The other two tests shown on the table confirm the above conclusion, since their
significance values are both more than 0,05. We come to the same conclusions if we
check the estimates of the means for the four age-groups, which are all around the overall

mean.
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Table 9.2.2 : Overall Comparisons

Chi-Square df Sig.
Log Rank (Mantel-Cox) 516 3 .915
Br.eslow (Generalized 900 3 826
Wilcoxon)
Tarone-Ware .730 3 .866

Test of equality of survival distributions for the different levels of
each age group

Table 9.2.2(l) : Means and Medians for Survival Time

Mean" Median

age 95% Confidence interval 95% Confidence Interval

groups Estimate Std. Error | Lower Bound Upper Bound Estimate Std. Error | Lower Bound Upper Bound
50 - 58 26.679 9.884 7.306 46.052 16.000 8.295 .000 32.257
58 - 62 33.182 8.610 16.306 50.058 18.000 4.510 9.161 26.839
62 - 68 36.021 10.762 14.927 57.115 17.000 6.412 4.433 29.567
68 - 80 25.319 6.177 13.213 37.426 14.000 13.060 .000 39.597
Overali 31.345 4.791 21.955 40.736 17.000 1.792 13.487 20.513

a. Estimation is limited to the largest survival time if it is censored.

From the comparison of the survival curves ,in graph 9.2.4, for the two sex groups of
the patients we conclude that there is no evidence to suggest that, at significance level
a=0,05, the survival curve of . male patients is higher than the respective curve of the
female patients, especially in the first 20 months. We can only observe that after the first
20 months period the probability of survival of male patients are slightly better than that
of the female patients. For example after 30 months from the beginning of the study male
probability of survival was 0,4 while female was 0,3, after 60 months male probability
was 0.3 while female was 0.1. The last results maybe are due to the fact that in the first
20 months 68.8% of our patients exit from the research.

This is also confirmed by table 9.2.3 and 9.2.3(I). The significance value of the logrank
test is 0,850 which is higher than the a=0,05 level of significance that was been chosen.
So the null hypothesis of the test is accepted, and there is no statistical important
difference in the risk between the four age-groups. The other two tests shown on the table
confirm the above conclusion, since their significance values are both more than 0,05.

We come to the same conclusions if we check the estimates of the means for the four

age-groups, which are all around the overall mean.
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Graph 9.2.4: Survival curves according to patients’ sex

Table 9.2.3 : Overall Comparisons

Chi-Square df Sig.
Log Rank (Mantel-Cox) ,036 1 ,850
Breslow (Generalized
Wilcoxon) AL 1 el
Tarone-Ware 024 1 877

Test of equality of survival distributions for the different levels of

Sex
_[1 mate
_[ female

<+ male-censored
-+ female-censored

Sex.

Table 9.2.3 (l): Means and Medians for Survival Time

Mean Median

95% Confidence interval 95% Confidence Interval
Sex Estimate | Std. Error | Lower Bound | Upper Bound | Estimate | Std. Emor | Lower Bound | Upper Bound
male 32.832 6.163 20.752 44 912 16.000 3171 9.785 22.215
female 27.239 7.477 12.583 41.894 17.000 3.598 9.948 24.052
Overali 31.345 4,791 21.955 40.736 17.000 1.792 13.487 20.513

a. Estimation is limited to the largest survival time if it is censored.
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From the comparison of the survival curves for the four levels of blood urea nitrogen of
the patients we conclude that there is evidence to suggest that, at significance level

=0,03, there is a correlation with the survival time of the patients. Specifically, we can
observe that at the highest level of patient’s blood urea nitrogen, a great decline of the
patient’s survival probability is occurred. For example, for the first 20 months we have
respectively the following probabilities: highest level = 0,25, high level = 0,4, medium
level=0,39, low level = 0,39. The last results present the fact that if urea nitrogen in the
patient’s blood overcomes a certain level, then the survival of the patient is being
decreased.

Although the significance value of the logrank test, in table 9.4, i1s 0,117 which is
higher than the a=0,05 level of significance that was been chosen, the other two tests
shown on the table confirm with the above conclusion, since their significance values are
both less than 0,05. In addition to, since the generalized Wilcoxon test (Breslow test) give
more weight to early failures than later failures whereas the logrank test gives equal
weight to all failures( and because in our dataset early failures are more important), we
choose the results from the last two tests. In conclusion the null hypothesis of the test is
rejected, and there is a statistically important difference in the risk between the four
levels of blood urea nitrogen. In table 9.2.4 (a), we come to the same conclusions if we.
check the estimates of the means for the four levels of blood urea nitrogen. The
estimation for the fourth level mean is significant smaller from the overail mean and the

means of the other three levels.

Table 9.2.4 (a): Means and Medians for Survival Time

- Mean" Median B
95% Confidence Interval 95% Confidence Interval

buncat Estimate | Std. Error | Lower Bound | Upper Bound | Estimate | Std. Error | Lower Bound | Upper Bound
1.00 30.269 7.760 15.058 45.479 18.000 9.747 .000 37.104
2.00 37.651 9.543 18.946 56.356 23.000 6.643 9.980 36.020
3.00 30.577 8.586 13.748 47.406 16.000 2.349 11.396 20.604
4.00 13.315 5.661 2.219 24.411 5.000 1.782 1.508 8.492
Overall 31.345 4.791 21.955 40.736 17.000 1.792 13.487 2o.£

a. Estimation is limited to the largest survival time if it is censored.
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Table 9.2.4: Overall Comparisons

Chi-Square df Sig.
Log Rank (Mantel-Cox) 5.888 3 A17
Breslow (Generalized 11.003 3 012
Wiicoxon)
Tarone-Ware 8.894 3 .031

Test of equality of survival distributions for the different levels of
levels of biood urea nitrogen(1=low 2=medium, 3=high,
4=highest).

Survival Functions

1.0 levels of blood urea
nitrogen(1=low
i 2=medium, 3=high,
= 4=highest)
0.8~ _J1 100
¥ =] 1 200
l | 3.00
4 400
‘ -+ 1.00censored
o= = | -+ 2.00-censored
' [ 3.00-censored

I _| -+ 4.00-censored

0.6

0.4—

Cum Survival

0.0

T T T T T I
0 20 40 60 80 100

Survival Time

Graph 9.2.5: Survival curves according to patients’ levels of blood urea nitrogen

In the next graph, graph 9.2.6, it is obvious that in the first 20 months of our study the
levels of serum calcium of the patients provide no difference in their survival probability.

The only thing we can observe is that after the first 20 months, patients with high levels
of serum calcium have greater probability of survival than the others.

This is also confirmed by table 9.2.4. The significance value of the logrank test is 0,344
which is higher than the a=0,05 level of significance that was been chosen. So the null

hypothesis of the test is accepted, and there is no statistical important difference in the
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risk between the four age-groups. The other two tests shown on the table confirm the

above conclusion, since their significance values are both more than 0,05.

Survival Functions

1.0 levels of serum caicium
(1=low,2=medium,
3=high)
I 100
1200

3.00
~ 1.00-censored
-+ 2.00-censored
3.00-censored

0.8+

0.6~

0.4~

Cum Survival

0.2~ _i

0.0

0 20 40 60 80 100
Survival Time

Graph 9.2.6 : Survival curves according to patient’s levels of serum calcium

Table 9.2.5 : Overall Comparisons

Chi-Square df ' Héig.r
Log Rank (Mantei-Cox) 2.134 2 344
Breslow (Generalized
Wilcoxon) Al 2 (i
Tarone-Ware .825 2 .662

Test of equality of survival distributions for the different levels of
levels of serum calcium(1=low,2=medium,3=high,4=highest).

We come to the same conclusions if we check the estimates of the means for first two
levels of serum calcium, which their values are very close to the overall mean. Also, we
observe that the third level estimate is quite bigger than the first two, a fact that
strengthens our assumption that after the first 20 months, patients with high levels of

serum calcium have greater probability of survival than the others.

112



Table 9.2.5(a): Means and Medians for Survival Time

e EIo! Mearf Median

cerum 95% Confidence Interval 95% Confidence Interva
calcium Estimate | Std. Error | Lower Bound| Upper Bound| Estimate | Std. Error| Lower Bound| Upper Boun
1.00 29.621 7.321 15.271 43.970 18.000 1.698 14.672 21.32¢
2.00 24,069 5737 12.824 35.314 15.000 2.566 8.970 20.03(
3.00 42.818 12.361 18.590 67.046 18.000 22.019 .000 61.15¢
Overall 31.345 4.791 21.955 40.736 17.000 1.792 13.487 20.51:

a. Estimation is limited to the largest survival time if it is censored.

In graph 9.2.7, from the comparison of the survival curves for the three levels of

haemoglobin of the patients we conclude that there is evidence to suggest that, at

significance level a=0,05, there is a correlation with the survival time of the patients.

Literally, an explanation for this fact is that, after a certain level of patient’s

haemoglobin, the highest is the level the better is the probability of survival of the

patient.

Survival Functions

1.0

0.8

0.4—

Cum Survival

0.2+

0.0—1

+
-+

20

I
40

T
60

Survival Time

80

100

levels of haemoglobin
(1=low,2=medium,

3=high)

1 low
I medium

high

low-censored
medium-censored
high-censored

Graph 9.2.7: Survival curves according to patient’s levels of haemoglobin
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Specifically, for the first twenty months period, we have respectively the following
probabilities of survival: high level = 0,65, medium level=0,55, low level = 0,25. In the
next twenty months, we have respectively the following probabilities of survival: high
level = 0,5, medium level=0,3 , low level = 0,25, and after 30 months all the patients that
had low level of haemoglobin had passed away.

The significance value of the logrank test is 0,018, the Gehan’s Generalized Wilcoxon
Test is 0,049 and Tarone-Ware and Breslow Test is 0,033 which is lower than the a=0,05
level of significance that was been chosen. A further analysis will be provided, with the

use of Cox’s proportional hazard model for the effect of haemoglobin on patient’s

survival.
Overall Comparisons
Chi-Square df Sig.

Log Rank (Mantel-Cox) 8.077 2 .018
Breslow (Generalized
Wilcoxon) 6.016 2 .049
Tarone-Ware 6.852 2 .033
Test of equality of survival distributions for the different levels of
hbcat1.

The levels of plasma cells in the bone marrow had no effect whatsoever to the
probability of survival of a patient, as we can observe from the graph 9.2.8.

The value of the logrank test is 0,915, of Breslow test is 0,823, of Tarone-Ware test is
0,878, and they are all higher than the a=0,05 level of significance that was been chosen.
So the null hypothesis of the test is accepted, and that there is no statistical important
difference in the risk between the four levels of plasma cells in the bone marrow.

Same results are acquired from the observation of the estimated means, in table 9.7(a).
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Survival Functions

1.0— levels of plasma cells in
the bone marrow(1=low,
2=medium,3=high,
4=highest)
0.8 1.00
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- 1400
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Graph 9.2.8: Survival curves according to patient’s levels of plasma cells in the bone

marrow

The value of the logrank test is 0,915, of Breslow test is 0,823, of Tarone-Ware test is
0,878, and they are all higher than the a=0,05 level of significance that was been chosen.
So the null hypothesis of the test is accepted, and that there is no statistical important
difference in the risk between the four levels of plasma cells in the bone marrow.

Same results are acquired from the observation of the estimated means, in table 9.7(a).

Table 9.2.7 : Overall Comparisons

Chi-Square df Sig.
Log Rank (Mantel-Cox) .520 3 915
Breslow (Generalized
Wilcoxon) 911 3 .823
Tarone-Ware .679 3 878

Test of equality of survival distributions for the different levels of
levels of plasma celis in the bone
marrow(1=low,2=medium,3=high,4=highest).
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Table 9.2.7(a) : Means and Medians for Survival Time

. ey
levels of plasma Mear® Median |
cells in the bone 95% Confidence Interval 95% Confidence Intervy)
marrow Estimate | Std. Error | Lower Bound| Upper Bound| Estimate | Std. Error | Lower Bound| Upper Boyy
fow 32.228 7.570 17.391 47.065 23.000 5.852 11.530 344701
medium 32.948 10.810 11.761 54,135 16.000 3.006 10.107 21.80;
high 27.250 9.749 8.142 46.358 16.000 6.192 3.863 2813
highest 31111 8.760 13.942 48.280 18.000 6.047 6.147 29,85
Overall 31.345 4.791 21.955 40.736 17.000 1.792 13.487 20.513

a. Estimation is limited to the largest survival time if it is censored.

Finally, in graph 9.2.9, we compare the survival curves of patient’s that had or not
Bence-Jones protein in their urine. It is obvious, that people who had Bence-Jones protein
in their urine had a greater probability of survival. After 20 months of the beginning of
the study the survival probability of the patients belonging to the first group (absent
Bence-Jones protein in their urine) is 0,3 while those belonging to the second group
(present Bence-Jones protein in their urine) is 0,625, and after 40 months 0,2 and 0,5
respectively.

The results of the estimation for the two group means are complying with the
observations from the Survival function figure. There is a deviation between the two
mean estimates and from the overall mean estimate, and for that reasons the presence or
absence of Bence-Jones protein in patient’s urine has an effect on patient’s survival.

From the overall comparisons at table 9.8, we acquire rather contradicting results to the
above conclusions. The value of the logrank test is 0,153, of the Breslow test 0,167 and
of the Tarone-Ware test 0,139, all higher above the a=0,05 level of significance that was
been chosen. Because non-parametric tests are a stricter way for evaluating our results,
we accept the null hypothesis at a 0,05 level of significance, that is, it doesn’t exist a
correlation, between the Bence-Jones variable and the survival of the patients.
Furthermore, we can observe visually that the probabilities of survival are very close to
each other at the left and right tails of our survival curves. To be more certain about our

conclusions we will look at the results from the Cox’s Proportional Hazard Model.
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Graph 9.2.9: Survival curves of whether or not Bence-Jones protein was present in the

patient’s urine

Table 9.2.8: Overall Comparisons

Chi-Square df Sig.
Log Rank (Mantel-Cox) 2.046 1 153
Br'eslow (Generalized 1.906 1 167
Wilcoxon)
Tarone-Ware 2.187 1 .139

Test of equality of survival distributions for the different ievels of
Bence Jones Protein ( O=absent 1=present).

Table 9.2.8(a): Means and Medians for Survival Time

Bence- - Meanar - ] Median .
Jones 95% Confidence Interval 95% Confidence Interval

protein Estimate Std. Error Lower Bound Upper Bound Estimate Std. Error Lower Bound Upper Boun
absent 24.553 4.765 15.214 33.892 15.000 2.444 10.210 19.79
present 42.025 8.835 24.708 59.342 40.000 11.159 18.128 61.87
Overall 31.345 4.791 21.955 40.736 17.000 1.792 13.487 20.51

a. Estimation is limited to the largest survival time if it is censored.
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To sum up, we tested for the impact of different factors on patient’s survival in a study
on multiple myeloma. Our Kaplan-Meier analysis reveals a number of results. First, the
survival curves of all explanatory variables provide a descriptive picture of the survival
probability during patient’s life spans. Second, our significance tests for patient’s exit
(death) suggest the size of the impact of the explanatory factors mentioned in the
introduction of the chapter, Specifically, the explanatory variables Age (The age of the
patient in years), Sex (The sex of a patient (1= for male patients, 0=for female patients)),
CA (The levels of serum calcium), PC (The percentage of plasma cells in the bone
marrow) had insignificant impacts in improving survivability of the patients. On the other
hand, BUN (The levels of blood urea nitrogen) and HB (The levels of Hemoglobin) had a
significant effect on patient’s survival time. Finally, for the explanatory variable BJ (4An
indicator variable which denotes whether or not Bence-Jones protein was present in the
urine (O=absent, 1=present)), the results are rather contracting, if BJ effects or not to the

survival time.

9.3 Application of the Cox’s Proportional Hazard Model

After having used the Kaplan-Meier analysis and test statistics to estimate whether a
variable affects the patient’s survival, a second method was used for the same purpose,
the Cox’s proportional hazard model.

This is, in some sense a more detailed analysis of the one presented in the previous
section. What we are looking for now are the factors affecting the survival time of a

patient. The factors considered are:

e Age: The age of the patient in years

e Sex: The sex of a patient (1= for male patients, 0=for female patients)
e BUN: The levels of blood urea nitrogen

e CA: The levels of serum calcium

e HB: The levels of Haemoglobin

e PC: The percentage of plasma cells in the bone marrow
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e BJ: An indicator variable which denotes whether or not Bence-Jones protein was

present in the urine (O=absent, 1=present)

We had used the statistical package SPSS, in order to perform our analysis, and the
following results are acquired, by using for our fist model the forward stepwise
(Likelihood Ratio) procedure. In this procedure the first variable selected is most
important single variable, the second variable entered is the second most important, and
so on. The process thus provides a successive selection and ranking of the independent
variables according to their relative importance. (Lee, 1992)

Tables 9.3.1, 9.3.2 and 9.3.3 give the details of the fit. Two variables, BUN (The levels
of blood urea nitrogen) and HB (The levels of Haemoglobin) were involved and were

significantly related to patient’s survival time. Values of maximum log-likelihood were

used to determine the significance, that is, y* = =2[LL(Byyys- s Biery) = LL(Byyy 55 By
was computed in successive steps and compared with Z12,a value. The regression equation

including these two variables only is
log At/ x) = 0,019(BUN) - 0,134( HB)

The positive sign of the regression coefficient of the BUN explanatory variable indicate
that the higher the levels of blood urea nitrogen are, the higher is the patient’s risk of
dying. On the contrary, the negative sign of the regression coefficient of the HB
explanatory variable indicate that the higher the levels of Haemoglobin, the lower are the
patient’s risk of dying.

These estimates of regression coefficients are point estimates. The values of the
estimated coefficients (,5’) for variables BUN and HB are 0,19 and -0,134 respectively.
Also their significance values are 0,01 and 0,031 respectively. The 95% confidence
intervals for S, (BUN) and f,(HB) are 0,019+1.96(0,006) or (0,00724, 0,03976) and
-0,134£1,96(0,062) or (-0,25552,-0,01248). Although the number of patients is small,

our estimates are accurate because the standard errors of the estimated coefficients (B)

are relatively small.
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From the table 9.3.1, is apparent that the estimated hazard for patients with high levels
of blood urea nitrogen is exp(0,19)=1,019, which means that patients who experiencing
the higher the levels of blood urea nitrogen they also experiencing the higher risk of
death.

Looking at the results for the levels of patient’s haemoglobin, the estimated hazard is
exp(-0,134) =0,875, which means that there is an 87,5% decrease in the risk of death for

patients with high levels of haemoglobin.

Table 9.3.1: Variables in the Equation

B SE Wald df Sig. Exp(B)
Step1  BUN ,019 ,006 11,171 ,001 1,019
Step2 BUN ,019 ,006 10,711 ,001 1,019
HB -,134 ,062 4,638 031 875
Table 9.3.2 : Variables not in the Equati&f
Score df Sig.
Step CA ,040 1 ,841
1 HB 4,774 1 ,029
PC 220 1 ,639
BJ 3,661 1 ,056
Sex 014 1 905
Age ,001 1 979
Step CA ,002 1 ,967
2 PC 168 1 682
BJ 2,356 1 125
Sex ,381 1 537
Age 271 1 603

a. Residual Chi Square = 8,283 with 6 df Sig. =,218
b. Residual Chi Square = 3,218 with 5 df Sig. = ,666

Table 9.3.3: Omnibus Tests of Model Coeffifients

2 Llog Overall (score) Change From Previous Step Change From Previous Block
Step Likelihood | Chi-square df Sig. Chi-square df Sig. Chi-square df Sig.
12 207,453 13,936 ,000 8,487 ,004 8,487
20 202,938 17,760 2 ,000 4,515 ,034 13,002

a. Variable(s) Entered at Step Number 1: BUN

b. Variable(s) Entered at Step Number 2: HB
. Beginning Block Number 0, initia! Log Liketihood function: -2 Log likelihood: 215,940

d. Beginning Block Number 1. Method = Forward Stepwise (Likelihood Ratio)
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Proportional Hazard Model
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Graph 9.3.2 : Scatterplot log,(—log,(S(¢))) vs T
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Furthermore to examine if the assumption of proportional hazards is met, the
survivorship function estimated at given values of the covariates can be plotted on a

log,(~log,) scale. If the curves are parallel over time, then the hazard rates are

proportional and the inclusion of the variable in the model would be appropriate.
Particularly, in order to examine whether the proportional hazards model is appropriate
for the four levels of patient’s blood urea nitrogen and the four levels of patient’s
Haemoglobin, we acquire the following two plots, graph 9.3.1 and graph 9.3.2, where the
four curves in graph 9.3.2 are roughly parallel. On the other hand, in graph 9.3.1, the four
curves care sheared with each other, so maybe the variable BUN should not be included
in the regression equation.

Additionally, we continue our analysis by examining if the effects of the above risk
factors may be modified by the age or sex of a patient, and the extent to which the
relationship between survival and the important risk factors is consistent for each sex and
for each of a number.

Tables 9.3.1 and 9.3.2 give the details of the fit when we are controlling for the two
sex-groups. Three variables, BUN (The levels of blood urea nitrogen) and HB (The
levels of Haemoglobin), Sex (The sex of a patient (1= for male patients, 0=for female
patients)) were involved and the first two were significantly related to patient’s survival

time. The regression equation including these three variables is
logh(t/x) =0,019(BUN) - 0,147(HB) — 0,235(SEX)

These estimates of regression coefficients are point estimates. The values of the
estimated coefficients (,[3) for variables BUN, HB and Sex are 0,19 ,-0,134 and -0,235
respectively, and their significance values are 0,01 , 0,025 and 0,538 respectively. The
last value 0,538 of the Sex variable is above the a=0,05 level of significance, so the
variable should not be included in the equation. In addition to, if we compare the values
of maximum log-likelihood between this model in table 9.3.5 (-2 Log Likelihood =
202.553) and model in table 9.12 (-2 Log Likelihood = 202,938), we conclude that the
variable Sex does not provide significant additional information to patient’s survival in

our last model.
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Table 9.3.4: Variables in the Equation

B SE Wald df 'Sig. | Exp(®
BUN .019 .006 10.575 1 .001 1.019
HB -.147 .066 5.008 1 .025 .863
Sex -.235 .381 .380 1 .538 791
Table 9.3.5: Omnibus Tests of Model Coefficiefts
-2 Log Overall (score) Change From Previous Step Change From Previous Block
Likelihood Chi-square df Sig. Chi-square df Sig. Chi-square df Sig.
202.553 17.907 3 .000 13.387 3 .004 13.387 3 .004

a. Beginning Block Number 0, initial Log Likelihood function: -2 Log likelihood: 215.940
b. Beginning Block Number 1. Method = Enter

Tables 9.3.6 and 9.3.7 give the details of the fit when we are controlling for the four
Three variables, BUN (The levels of blood urea nitrogen) and HB (The

age-groups.

levels of Haemoglobin) and Agecatl (four age-groups (1 = 50-58, 2 = 58-62, 3 = 62-68,

4 = 68-80) were involved and the first two were significantly related to patient’s survival

time. The regression equation including these six variables only is

log h(t/ x) = 0,019(BUN) — 0,165(HB) + 0,484(agecat(1)) + 0,160(agecat(2)) + 0,392(agecar(3)

The point estimates of the regression coefficients for the variables BUN, HB and,

Agecatl(1), Agecatl(2), Agecatl(3) are 0,019,-0,165,0,484,0,160,0,392 respectively.

The last four values in table 9.14 of the standard errors are above a =0,05 level of

significance, so the last four variables should not be included in the equation. Finally, if

we compare the values of maximum log-likelihood between this model in table 9.15 (-2

Log Likelihood = 202.005) and model in table 9.12 (-2 Log Likelihood = 202,938), we

conclude that the variable Sex does not provide significant explanatory power to patient’s

survival in our last model.
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Table 9.3.6: Variables in the Equation

B SE Walid df Sig. Exp(B)
BUN 019 006 | 10.323 1 .001 1.019
HB -.165 .073 5.151 1 .023 .848
agecat1 .916 3 .822
agecati(1) 484 537 .812 1 .368 1.623
agecat1(2) .160 .506 100 1 752 1.174
agecat1(3) .392 529 .549 1 459 1.480
Table 9.3.7: Omnibus Tests of Model Coefficient®

-2 Log Overall (score) Change From Previous Step Change From Previous B

Likelihood Chi-square df { Sig. Chi-square df Sig. Chi-square df -
202.005 19.552 5 .002 13.935 5 .016 13.935

a. Beginning Block Number 0, initial Log Likelihood function: -2 Log likelihood: 215.940

b. Beginning Block Number 1. Method = Enter
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Chapter 10

Data application: Statistical Analysis of prostatic

cancer patients in a clinical trial to compare two

treatments

10.1 Introduction

A clinical trial is a prospective study designed to determine the effectiveness of a
treatment, a surgical procedure, or a therapeutic regimen administered to patients with a
specific disease. Clinical trials may be prophylactic or therapeutic. Prophylactic trials are
conducted in preventive medicine. The purpose of prophylactic trial is to assess the
effectiveness of a preventive treatment. A therapeutic trial is designed to compare a new
treatment with the best of the current treatments. In a typical therapeutic trial, patients
with similar characteristics are divided into two groups; one is given the new treatment
and the other, usually called the control, is given the current treatment (in our case is the
placebo treatment). These patients are then observed over the same period of time to see
which group does better. In a prophylactic, one group is given the prophylactic and the
other is not. At the end of the study period, we investigate if the protected group has a
lower incidence of the specific disease than the unprotected. (Lee, 1992) In this Chapter
and the following ones, we focus our attention on a therapeutic clinical trial.

A randomized controlled clinical trial to compare treatments for prostatic cancer was
begun in 1967 by the Veteran’s Administration Cooperative Urological Research Group.
The trial was double blind and two of the treatments used in the study were a placebo and

1.0 mg of diethylstilbestrol (DES). The treatments were administered daily by mouth.
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The time origin of the study is the date on which a patient was randomized to a treatment,
and the end-point is the death of the patient from prostatic cancer.

The full data set is given in Andrews and Herzberg (1985), but the data used in this
study are from patients presenting with Stage III cancer, that is, patients for whom there
was evidence of a local extension of the tumour beyond the prostatic capsule, but without
elevated serum prostatic acid phosphatase. Furthermore, the patients were those who had
no history of cardiovascular disease, had a normal ECG (electrocardiogram) result at trial
entry, and who were not confined in bed during daytime.

The patient’s number of this study is 38, all of whom were aged between 50 and 80
years old. The youngest patient in this research is 51 years old, while the oldest is 77
years old. The mean of the patient age is 63 and the time of that study was 70 months.
The survival times of patients who died from other causes, or who were lost during the
follow-up process are regarded as right-censored. The values of a number of explanatory
variables and the coding of survival status of a patient presented in the Appendix II at the

end of our study are analyzed as follows:

¢ Treatment: The treatment group takes the value 2 when an individual is treated
with DES (diethylstilbestrol) and unity if an individual is on the placebo
treatment.

e Survival time: The time (in months) that an individual had survived during the
study.

e Status: Zero (0) denotes a censored observation,

Unit (1) denotes death from prostatic cancer

e Age: The age of the patient in years at trial entry

e Serum Haem.: The patient’s serum haemoglobin level in gm/100ml]

e SOT: The size of patient’s primary tumour in cm®

¢ Gleasonln: The value of a combined index of tumour stage and grade. This is
known as the Gleason Index, the more advanced the tumour the greater the value

of the index.
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The main aim of this study is to determine the extent of any evidence that patients
treated with DES survive longer than those treated with placebo. The statistical analysis
of the data included analysis with the non-parametric method of Kaplan-Meier (presented
in Chapter 10.2) and the Cox’s proportional-hazards model (presented in Chapter 10.3).
The Kaplan-Meier analysis and the Cox’s proportional-hazards model analysis were
performed with the use of the SPSS statistical package (SPSS, 1998). The complete
dataset of our patients is provided in Appendix II at the end of the study.

10.2 Application of the Kaplan-Meier method

The 38 patients are divided, on the basis of their age, on their levels of serum

haemoglobin level in gm/100ml, of their size of primary tumour in c¢m’and to the levels
of their Gleason Index. The division had become in order to evaluate, with the use of
Kaplan-Meier method, whether the explanatory variables affect the survival time of the
patients or not.

The steps followed in applying this method are described below:

e Estimate and plot the Survival curves for our qualitive explanatory variables and
for each level of our quantitive explanatory variables.

e Compare the curves presented in the figures by visualization and by using
appropriate non parametric tests i.e. Gehan’s Generalized Wilcoxon Test ( or

Breslow Test), Cox-Mantel Test , Log-Rank Test and Tarone-Ware Test.

Before presenting the variables, the patients’ Kaplan-Meier survival curve was
presented. The survival curve is a plot of the Kaplan-Meier estimate of the survivor
function, in which the estimated survival probabilities are constant between adjacent
death times and only decrease at each death. The censored observations were 32 and are
noted with small crosses. As it can been seen in the graph 10.2.1, when the time of
survival is in the middle of the study (35 months), the probability of survival for patients

that treated with DES is 1 and for those that treated with placebo is 0,8. After 60 months
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