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ABSTRACT

This study aimed to use some classification methods (i.e. logistic
regression model and discriminant analysis) in determining social-
déemographic risk factors in’ addition to: treatment by radiation . which
affected the_second, primary cancer occurrence and the probability of this
,...,.churrenee\fo;-‘ -patients;who were initially treated for first primary- cancer

- stage 1, at least 1 year cancer free after first primary cancer treatment. They
" have high risk to develop a second primary cancer. Treatment by radiation
and social-demographic risk factors: age at first cancer, gender, area,
marital status, family history, smoking, education and obesity were studied

by using the logistic regression model and the discriminant analysis model.-

We applied the following methods; Logistic regression model to estimate the
probability of having second primary cancer. The odds ratio analysis

compare whether the probability of having a second primary cancer is the

same for two groups for each factor. We used Wald test and likelihood ratio
to test for the significance of the coefficients; in addition to Hosmer and
Lemeshow test and cross validation to assess the fit of the model.
Discriminant analysis used as a comparative method for logistic regression
model results. Most of medical risk factors (i.e., radiation does rate,
chemotherapy does rate, number of nodes of first cances. {irst cancer size)
were not available at the hospitals records wken the rese~ca was conducted.

Keywords

Logistic regression model; Wald test; Odds Raﬁo; Cross-Validation;
ROC (Receiver Operating Characteristic) curve; Discriminant analysis;
Second primary cancer.

1. Introduction

Early detection and evaluation of the risk factors which might cause
the occurrence of second primary.cancer is very important. The prediction
of risk factors is an important pivot of the war against cancer. The use of
statistical methods to identify risk factors would help to identify the
probability of second primary cancer occurrence.

We distinguish between two medical cases: a) Recurrence case:
Cancer that has recurred (come back), usually after a period of time during
which the cancer could not be detected. The cancer may come back to the
same place.as the original (primary) tumor or to another place in the body
Also called recurrent cancer, and

1 L : 1 .

b) Second cancer: a new primary cancer in a person with a history of
another cancer.
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According to DeVita et al. (2008) Second cancers can reflect the late
sequel of treatment, as well as the influence of lifestyle factors, environment
cxposures, host determinants and gene-gene interactions. The main life style
factors are tobacco and alcohol; the environmental factors are: contaminants
and viruses; and the host factors are gender, age, genetics, immune function
and hormonal factors.

A statistical model is proposed to explain the association between the
studied covariates and its effect on the probability of the second primary
cancer occurrence. Data included 240 patients were have a first primary
cancer stage I, and have at least one year free cancer after first cancer
treatment. Covariates used in the analysis were Age at first Cancer, Gcader,
Marital status, Area the patient lives in, Treatment by Radiation, Family
History, Smoking, Obesity, and Education status. This study proposes to:

a. ldentify the independent variables that impact the second primary
caucer occurrence group membership and propose a statistical
model to explain the association between the studied covariates and
second primary cancer occurrence.

b. Establishing a classification system using the logistic model to
determine group membership

In Section 2, we present the logistic regression model to estimate the
probability of occurrence of second primary cancer; the Wald test,
likelihood ratio test, Hosmer-Lemeshow test, cross validation methods and
ROC curve are also introduced in se~ ien 2, in addition to Discriminant
analysis overview in Section 3. In Section 4, we apply the binary regression
model to the data; SPSS 18.0 is used for the analysis and a comparison
between the logistic model and Discriminant analysis results is introduced.
Summary and conclusions are given in Section 5.

2. The Binary Logistic Regression Model

The logistic regression model has been used in many disciplines
including medical studies. It has been used in the social research (Ingles et
al,, 2009; King and Zeng, 2002; Saijo et al., 2008; and Garcia-Ramirez et al.,
2005), in market research ( Neagu and Hoerl, 2005; Kleijnen et al., 2004;
Barone et al., 2007; Sallis and Sharma, 2009; and Kirkos, 2009), alsv become
an important tool at the commercial applications ( Eruart et al., 2009;
O’Leary , 2009; and Weber et al., 2008); and in medical studies( Sanchez et
al., 2008; Kaufman et al., 2000; Rubino et al., 2003). '

The dependent variable of the logistic model is classified into two
basic types (Afifi et al., 2004);



a- Continuous Varjable: can assume any value within a specified
range.

b- Discrete Variable can only assume’ certain values and there are
usually “gaps” between values (categorical response has two main
categorles success (occurrénce) and fail'(no occurrence)).,
Everitt (1998) gave the'following definition for'logistic distribution:""

the lniutmg probability distribution as n tends to infinity, of the average of
"the largest to smallest sample values, of random samples of size n from an
exponential distribution".

The logistic distribution is given by

(o _oBlG=a)/B]__
T = s exp— (e —at)/ ]

The location parameter ¢ is the mean. The variance of the distribution

—w<x<o, f>0

isz? p /3 » its skewness is zero and its kurtosis is 4.2 The standard logistic
distribution with @ =0, ﬂ =1, with cumulative probability function. F(x),
and probability distribution, f(x), has the property

f(x)=F(x) [1-F(x)]

See also, (Evans et al., 1993).

In order to simplify notation, we will use the quantity
p(x)=E(Y/X=x) to represent the conditional mean of Y given x when the
logistic distribution is used. The spe.ific form of the logistic regression model
we will use is as follows:

eﬂu +hix 1

p(x)= - = -
1+ AT |4 hthn

The logistic regression is a form of regression analysis used when the
response variable is a binary variable (Altman, 1991 and Everitt, 1998). The
method is based on the logistic transformation or logit proportion, namely;

p

Logit(p) =

Where ;
p=FPriy=1)
(1-p) = Pr (y=0)

Asp tends to 0, Logit, (p) tends to — o0 and as p tends to .1, Logit (p) tends
, tooo The fupction Logit (p) is a sigmoid curve that is symmetric about p =
0.5
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The logistic regression makes no assumption about the distribution
of the independent variables. They do not have to be normally distributed,
linearly related or of equal variance within each group. The relationship
between the predictor and response variables is not a linear function in
logistic regression.

The logistic regression function is the logit transformation of P, where;

Logit(P) = ln]—E—— =By + Bx; Fee +BX, F e +p v,
p

Where p = pr (dependent variable =1) and X, X, ,...‘.,‘x,.,....,x” are

the explanatory variables, B, = the constant of the equation and, B; = the
coefficient of the predictor variables i. Using the logistic transformation in
this way overcomes problems that might arise if p was modeled directory as
a linear function of the explanatory variables; in particular it avoids fitted
probabilities outside the range (0, 1). The parameters in the model can be
estimated by maximum likelihood estimation (Gujarati, 2003).

The slope coefficient ,B,. associated with an explanatory variable X,

represents the change in log odds for an increase of one unit in X, .

To assess the significance ot the logistic regression coefficients the
Wald statistic and likelihood ratio test are used; Wald statistic puts the value
of the slope in perspective to the estimated variability of the slope. According
to Hosmer and Lemeshow (2003), the wald test is obtained by comparing the

maximum likelihood estimate of the beta’s, ,3, , to an estimate of its standard

error. The resulting ratio under the hypothesis that ,B, =0, will follow a
standard normal distribution. The statistic takes the form:

a

Y
————-'B". or z'= —*'Bi. \'
se() se(5))

Where,ﬁ, represets the estimated coefficie. [, and S.E ( ,é, ) is

its standard - error. According :to Agresti (2007), this statistic has
approximately a' standard normal distribution. Equivalently, z? has
approximately a chi-squared distribution with df = 1.

zZ=

According to Afifi et al. (2004), if the estimated value of the slope is
small and its estimated variability is large we do not have enough evidence to
conclude that the slope is significantly #i{ 2rent from zero and vice versa.
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The likelihood ratio test for overall significance of the beta's
coefficients for the independent variables in the model is used ( Hosmer and
lemeshow, 2000; Fienberg,1998). The test based on the statistic" G" under
the null hypothesis that the beta’s coeffi cients for the covariates in the model
are equal to zero.

G statistic takes the‘fdrmz ‘ v g

- -G=

v . ' : .
20 Likelihood - without the.variable |
Likelihood - with - the - var iable

" The distribution of "G" is a chi-square with q degree-of-freedom,
where g is the number of covariates in the logistic regression equation.
Hauck and Donner (1977) and Jennings (1986) examined the performance of
the Wald test and found that the test often failed to reject the null hypothesis
when the coefficient was significant. They recommended that the likelihood
ratio test to be used.

The likelihood statistic L is used to assess the fitness of the model.
The sampling distribution of the — 2 log L has a chi-square distribution with
g degrees of freedom under the null hypothesis that all regressien coefficients
of the model are zero (Fienberg, 1998;. A significant p-vziue provides
evidence that at least one of the regression coefticients fu: 2+ explanatory
variable is non zero.

Hosmer and Lemeshow (2000) developed a goodness-of-fit test for
logistic regression models with binary responses. They proposed grouping
based on the value of the estimated probabilities. This test is obtained by
calculating the Pearson chi-square atistic from the 2xg table of observed
and expected frequencies, where g is the number of groups. The statistir is

written as;
(o, —N,x,
xmv = Z
l=l (l ” )
Where;
N; Is the number of observation in the i* group.

0, Is the number of event outcomes in the i* group.

7, Is the average estimated probability of an event outcome for the

i* group.

The Hosmer and Lemeshow statistic is then compared to a chi-
. Square, dlstnbutl?n with (g - 2)° degree of freedom. However, Christensen -
1997) _gaveé the followmg warmngs about the Hosmer and Lemeshow

goodness-of-fit tést; '
1. If too few groups are used to calculate the statistic (<5) it will alivays
- indicate that the model fits the data. That is why Hosmer and
Lemeshow (2000) advocated that, before finally accepting that a

—10-
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model fits; an analysis of the individual residuals and relevant
diagnostic statistics be performed.

2. Itis highly dependent on how the observations are grouped.
3. Itis a conservative test.
4. It has low power to detect specific types of lack of fit (such as
nonlinearity in an explanatory variable).
2.1 The odds ratio

Tk odds ratio is a measure of association for 2X2 contingency table
(Agresti, 2007). In 2X 2 tables the probability of “success" is 77} in .ow 1

and 7, inrow 2. Within row 1, the odds of success are defined to be:

odds, = B and  odds, = £
I-p, 1-p,
Evaritt (1998) and Agresti (2002) define the odds ratio in two groups of
subjects as "the ratio of odds"'. Thus; E

0= odds, _D (1-p,)
odds, p,/1-p,)

For the binary regression model, the odd ratio is the exponent (e A )

is the ratio of odds for a one-unit change in X, (Hosmer and Lemeshow,
2000). The change in Log odds, and the corresponding change in the odd:
ratio, for a c units is estimated €X} ° ﬁ,] (Fleiss, 1981). When the two
groups of odds are identical then the odds ratio is equal to one.

The corresponding lower and upper confidence limits for odds ratio
for a c units change are €Xp [c L,.] and exp [c U ,.], respectively, for (¢>0),

or €xp [c U,] and exp[c L,-] respectively, for (c<0), where (LJ,U,); can
be either the likelihood ratio-based confidence interval or the Wald
confidence interval for ,5, ( Agresti, 2002 and The SAS system ,1995). -

2.2 Cross Validation Techniques

Cross - validation is a general procedure used in statistical model
building. It can be used to decide on the order of a statistical model including, ’
time series models, regression models, mixture distributjon models, and
discrimination models (Chernick, 2008), ‘ '
Cross validation is performed in different ways, some of them are:

1. Take two random subsets of the data. Models are fit or. various statistical
procedures are applied to the first subset and then are tested on the
second subset. .

2. Leave - one — out technique is performed by fitting to all but one
observation and then testing on the remaining one and has also been

—11-
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called "cross - validation by Efron" (1983), but it does not provide an
¢ adequate test.

3. Fit the model n times, each time leaving out a different observation and

¢ testing the model on estimating or predicting the observation left out '
each time. This provides a fair test by always“testing an observations
not used in the fit, It also is efficient in the use of the data for fitting-the—

model'since'n <'i obsérvation are always used in the fit.

Hit ratio is the percentage of objects (individuals, respondents,
firms, _etc.) correctly classified by the logistic regression model. It js
calculated as the number of objects in the diagonal of the classification

matrix (H o)divided by the total number of objects (N). Also known as the
Percentage correctly classified (Hair et al. -2009).

by the larger of the two groups (H ¢)- The proportional chance criterion is

obtained from the actual occurrence of second primary cancer by the
equation p? + (1 - p)?% where P = proportion of individuals ix; group (having a
second primary cancer) and 1-p = preportion of indivicva,s in group (mot
having a'second primary cancer).

According to Marcoulides (1997) the difference between H o and
H . may be tested by the following statistic

Ho ‘Hc

TE =RV

Where the significance of z is found by comparison with a critical value from
a standard normal distribution,

2.3 Classification Accuracy: The ROC curve

given by the area under the ROC curve. The ROC curve originates from
sigp_al detectiqq theqrx (l_io§mer and Lemeshow, 2000); the curve shows how
the receiver operates the existence of signal in the presence of noise.

—12-
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The ROC curve plots the probability of detecting true signal
(sensitivity) and false sigpal (1 — specificity) for an entire range of possible
cut points. :

The sensitivity and specificity of a classifier also depend on the
definition of the cut-off point for the probability of predicted classes. In
many situations, not all misclassifications have the same consequences, and
misclassification costs have to be taken into account. A ROC curve
demonstrates the trade-off between true positive rate and false positive rate
in binary classification problems.

To draw a ROC curve, the true positive rate (TPR) and the false “ositive
rate (FPR) are needed.

e TPR determines the performance of a classifier or a diagnostic test
in classifying positive cases correctly among all positive samples
available during the test.

¢ FPR, on the other hand, defines how many incorrect positive results,
which are actually negative, there are among all negative samples
available during the test.

¢ Because TPR is equivalent to sensitivity and FPR is equal to (I —
specificity), the ROC graph is sometimes called the sensitivity vs. (1 -
specificity) plot.

The area under the ROC curve has become a particularly important
measure for evaluating classifiers’ performance because it is the average
sensitivity over all possible specificities (Bradley 1997). The large area, the
better classifier performs. If the area # 1.0, the classifier achieves both 109,
sensitivity and 100% specificity. . the area is 0.5, then we have 50%
sensitivity and 50% specificity, which is no better than flipping a coin. This
single criterion can be compared for measuring the perform.. . - of different
classifiers analyzing a dataset. (Hanley, 1982; Bamber, 1975)

After a classifier has been made, it is also useful to measure its
calibration. Calibration evaluates the degree of correspondence between the
estimated probabilities of a specific outcome resulting from a classifier and
the outcomes predicted by domain experts. This can then be tested using
goodness-of-fit statistics. This test examines the difference between the
observed frequency and the expected frequency for groups of patients and
can be used to determine if the classifier provides a ge.d fit {or the data. If
the p-value is large, then the classifier is well calibrated and fits the- data
well. If the p-value is small, then the classifier is not well calibrated.

3. Discriminant analysis overview

Another method to classify categorical outcome is discriminant
analysis types (Afifi et al.,, 2004). The main purpose of a discriminant
function analysis is to predict greop membership based on a linear

13-
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combination of the interval variables. The procedure begins with a set of

"observations where both group membership and the values of the interval

variables are known. The end result of the procedure is a model that allows
' prediction of group membership when only the interval variables are known.
A second purpose of discrintinant function analysns is an understanding of
the data ‘set, as a cqreful examination - of the prediction model that results
'from the procedure can give insight into the relationship between group
membershlp and the variables used to predict group membership.
Discriminant analysis also has several assumptions (Press et al., 1978), such
as

e Normally distributed: The predictor variable should be normally’
distributed. ) .

¢ Homogeneity of variances: Variance with each group of independent
variables should be equal.

e The relationship is linear in parameters.

e  Absence of outliers.

¢ Independence: Each case should be independent of each other or
not-collinear. Correlated data cannot be used in discriminant
analysis.

¢ Adequate sample size: Therr must be at leas: ¢ v. cases for each
category of the dependent variable. However, i s recommended
that there should be at least four ot five tim.s as many cases as
independent variables.

e Interval data: In discriminant analysis, there should be an interval
data for independent variable.

*  Variance: No independents have a zero standard deviation in one or
more of the groups foru 1 by the dependent.

e Random error: Error terms are assumed to be randomly
distributed.

® Absence of perfect multicollinearity: There should be no perfect
multicollinearity between the independent variables.
Assumes linearity: The discriminant functions should be linear and
related to each other.

3.1 Estimating and Interpretation of the Discriminant Analysis
Model.

Linear discriminant function: The Linear combination of the discriminating
(independent) variable is called the discriminant function,
Hair et a]. 2009 gave the following form for the linear function as:

zZ, —a+WX +WX"+ .......... +W X, , '
Where
Z‘k = discriminant Z score of a discriminant functlon j for object k.

= intercept

W discriminant coefficient for independent variable i.

~14-
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Xix = independent variable i for object k.

Unstandardized discriminant coefficients are simply like the
regression beta, which is used to predict the discriminant score.
Standardized discriminant coefficients are used to compare the relative
importance of the independent variables.

For the two groups, there is one discriminant analysis function. For
multivariate discriminant analysis there will be g-1 discriminant function.

In case an individual may belong to one of two populations. We
considering how an individual can be classified into one of these populations
on the basis of a measurement of one characteristic, say X. wlen we have a
representative sample from each populations enabling us to estimate the
distribution of X and their mean. Typically, these distribution be
represented as in figure (1);Afifi et al. (2004)

Percent
Frequency

Popnlatian Il Population 1

\ L

- //' R\ )

/4

Percentage of members off Percent of members of _
population 1 incorrectly population Il incorrectly
classified into population II classified into population I

Figure (1): hypothetical frequency distributions of two populations sEowing
percentage of cases incorrectly classified (Afifi et al. 2004; pp.247). ~ = - °
For all variables case and for each individual from each population,
the value of Z-is calculated when the frequency distributions of Z are plgtted
separately for each population, the results.is illustrated in ‘ﬁgure ().

1



Not have a second primary cancer have a second primary cancer
group (0) group (1)

Figure (2): Discriminant Analysis with Two Groups, (Charles. 2008; pp.11).

Thus for the classification procedures assigned an individual to
either group I or group II. Since there is always as probability of making the
wrong classification we compute the probability that the individual has come
from one group or the other. Such probability computes under the
multivariate normal model. The formula is:

1
l+e

Probability of belonging to population I = —

1

1+e¢7¢

In some programs these probabilities are called posterior probabilities (Afifi
et al., 2004); since they express the probability of belong to a particular
popu’'ation posterior (i.e. after) performing the analysis.

And the probability of belonging to population II = | —

The F test (Wilks’ lambda) is used to test whether or not the
discriminant model is significant as a whole. If the F test shows the overall
significance of the model, then the individual variables are accessed to see
which variable will move the significance from the group mean.

~16-
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4. Statistical Analysis and Results

Data used for the analysis comprised of 1500 registered patients in
Ain shams university hospitals, Cairo, Egypt, by dlfferent stages of cancer in
2006; 240 patients met the study assumptlons were classified as: - ;

" 1- "Patients have'a ﬁrst primary cancer stage | B
2- Patients are at least one year frée cancer after first carcer
treatment.. :

- The dependent variable (classification variable) used in the study
was having a second primary cancer (0 for those not have a second primary
cancer, 1 for those who have a second primary cancer), explanatory
variables used in this study were: age at first cancer occurrence, gender(
male-female), marital status( married —single), area ( urban or rural),
radiation treatment of first cancer(yes- no) ,family history of cancer (yes,
no), smoking ( yes-no), Obesity before first cancer (yes-no), and education (
Yes-no)for patients above 18 or parents fo. patients less than 18.

SPSS software package is used for the analysis. The maximum
likelihood method is used to estimate the coefficient and its standard error in
addition the Newton-Raphson method to solve the nonlinear equations for
the logistic model rmaximum livelihood estimations, table 1 shows the SPSS
output.

Table 1 : The estimated coefficient , its S.E and Wald test

Covariate Beta estimate | S.E Wald P-value
Age (xy 0.015 0.018 0.655 0.418
Gender (x; -0.497 0.582 0.730 0.393
Marital Status (x;) 1112 0.544 4.180 0.041
Living Area(x,) 0.553 0.427 1.674 0.196
Treatment.by. Radiation -1.916 0418 21.055 0.000
(xs)

Family.History (xs) | 1:106 . 0.380 8.488 0.004
Smoking (x;) 3.215 0.749 18.412 0.000
Obesity (x g 1.053 0.503 4.387 0.036
Education (x,) -1.753 0.394 19.760 0.000
Constant -0.706 0.727 0.942 0.332

At the .05 level of sit‘g,niﬁcant, Table 1 Shows that "Education",

"Smoking “,

“family history and ""marital status" were highly significant.

The coefficients estimates are used to estimate the probability of the second
primary cancer occurrence (Ashour and Abo Elfotouh 2005) as follows:

1

i e
P (y=1 |x)= —  or
l+e

l+exp™

-17-
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Where ;

2=+ %, + BoXy F v, PaR— +B,x,

Hence:

Z=—0.706 + 0.015x; — 0.497 x;+1.112 x3 + 0.553 x,— 1.916 x5 +1.106 x;
+3.215x;+ 1.053 x5 — 1. 753 xy

The sign of the coefficients of the estimated logistic function in Table 1 above
e'ves an explanation of the explanatory variables used, as given in Table 2.

Table 2: The sign analysis

0 Illiterate

Covariate Codes Sign Explanation
Age at first | Quantitative | Positive Older age increases the
Cancer probability of second primary
cancer
Gender 1 Male N sative | Male decreases the
0 Female probability of second primary
cancer
Marital status * | 1 Married Positive Married increases  the
0 Single probability of second primary
cancer
Area 1 Urban Positive Living in urban increases the
' 0 Rural probability of second primary
cancer
Treatment by | 1 Yes Negative | Radiation decreases the
Radiation 0 No probability of second primary
cancer
Have a Family | 1 Yes Positive family history increases the
History 0 No probability of second primary
eancer
Smoking 1 Yes Positive Smoking increases the
0 No probability of second primary
cancer
Obesity 1 Yes Positive obesity increases the
0 Not probability of second primary
‘ cancer
Education 1-Educated | Negative | Education decreases the

probability of second primary
cancer

~18-
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4.1 The odds Ratio Results

The following odds ratios were calculate‘d using the formula;
0= odds, _ p, - p,)
odds, p,/(1-p,)

For every covariate used in the study, results are given in Table 3.

Table 3;: Odds Ratios and 95% Confidence Intervals
for Covariates

Variable | 0dds ratio | 95% Confidence interval
Gender 0.608 {0.194 to 1.904)}

Marital Status | 3.041 {1.047 to 8.830}

Area ; 1.738 {0.752to0 4.018}
Radiation 0.147 {0.065 to 0.334}

Family History 3.022 { 1.436 to 6.359}
Smoking 24.910 {5.735t0 108.193}
Obesity 2.856 {1.0701t0 7.672}.
Education 0.173 {0.080 to 0.375}

From Table 3, it is evident that patients who smoke, patients with family
history and married persons are highly susceptible for a second primary

cancer occurrence.
Table 4 gives the classification tab'.. Using the obtained Z function

observations are classified as follows, using a prior probability of 0.50

Table 4: Classification Table

Predicted
Observed Iéave.a.Second.
ancer Percentage
Not have |Have Correct
Have.a.Second.Cancer Not have 103 20 83.7
Have 28 89 76.1
Overall Percentage 80.0

From Table 4, we conclude that;
v a- 83.7% of all patients not have a second primary cancer are correctly
classified, and 16.3% are incorrectly classified.
b- 76.1% from all patients who have a second primary cancer are
correctly classified, 23.9% are incorrectly classified.
c- The overall correct percentage was 80% , which reflects the model's

overall explanatory strength.

~19-
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4.2 Model Assessment fit of goodness for Logistic regression

The -2 log likelihood for the constant only model ‘obtain by fitting the
constant only model was 332.561;and the -2 log likelihood for the overall
niodel was 209.266.

Thus the value of the likelihood ratio test is;

G =332.561-209.266=123.195
And the p-value for the testis p [ 7 (9) >123.195 ] < 0.001which is highly
significant at the @ <0.001 level. The null hypothesis is rejected and we

conclude that at least one and perhaps all betas’ cseificient are different
from zero.

The likelihood ratio tests for all covariates and for each covariate are given
in Table §.

Table 5: likelihood ratio test

Model -2loglikelihood | G P-value
Model with constant only 332.561 e

Model with all covariates (full model) | 20“.266 123.295 | <0.001
Model without family history 218.278 9.012 0.003
Model without smoking 230.896 21.63 <0.001
Model wiihout education 214.002 4.736 0.030
Model without Age at first cancer 210.025 0.759 0.384
Model  without Treatmcu. by

radiation 234.336 25.07 <0.001
Model without Gender 210.112 0.846 0.358
Model without Marital status 213.777 4.511 0.034
Model without area . 211.079 1.813 0.178
Model without obesity 232.245 22.979 | <0.001

From table 5 we note that the covariates (family history, smoking, education,
treatment by radiation, marital status and obesity) are statistically
significant; while the covariates (gender, age at first cancer and area and)
are statistically non-significant.

v n P s { .. * .
Tlre Wald test is obtained by comparing the maximum likelihood estimate of
the beta's, ﬁi , to its staindard error. The resulting ratio, under the hypothesis

that ﬂ, = (} are given in Table 5.

It is evident that the covariates (family history, smoking, education,
treatment by radiation, marital status and obesity) are statistically
significant; while the covariates (gender, age at first cancer and area) arc

—20-
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statistically not-significant.

Stepwise logistic regression analysis is used to reduce number of covariates.
Results are summarized the results as in table 6.

.. Table 6: Stepwise Binary Logistic Regression Results

' Exp(B)
B S.E. Wald |d.f p-value [Odds
’ : ratio
Ma ital.status 1.516 0430 12432 |1 0.000 |4.556
Treatment.by.Rad |-1.834 | 0.406 }20.407 {1 0.000 0..60
iation _ - ) ) I
Have.a.Family.His | 1.223 ] 0.367 |11.115 |1 0.001 }3.398
tory .
Smoking 2.829 0.523 29.250 |1 0.000 16.931
Obesity 0.993 0.490 [4.105 |1 - 10.043 2.699
Education -1.710 [0.383 19.926 |1 .1 0.000 |0.181
Constant -0.259 [0.495 |0.273 0.601 0.772

And the logit is:

Z=—0.259+ 1.516 (Marital status) — 1.834 (Radiation) + 1.223 (Family
History) + 2.828 (Smoking) +0.993 (obesity) — 1.710 (Education)

The Logit (Z) above indicates that: married patients are more susceptible to
develop a second primary cancer ; treatment by radiation decreases the
susceptibility; a patient with family history is more susceptible to develop
second primary cancer; smokers are more susceptible than non-smokers, and
educated patients are less susceptible to develop a second primary cancer.
The exponent (Exp (B)) in Table 6 is the odds ratio, thus:
1. The odds for married patients to single patients to develop second
primary cancer are 4.556.
2. The odds for patients with family history to patients with no family
history to develop second primary cancer is 3.398.
3. The odds for smokers to nonsmokers to develop second primary
cancer is 16.931.
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Table 7 gives the classification table. Using the obtained Z function
observations are classified as follows, using a prior probability of 0.50.

Table 7 :.Classification Table

! Predicted
Observed g:'\:z:::Second.
Percentage
Not have [Have |Correct
Have.a.Second.Cancer Not have [106 17 86.2
Have 30 87 74.4
Overall Percentage 80.4

a- 86.2% of all patients not have a second primary cancer are correctly
classified, and 13.8% are incorrectly classified.
b- 74.4% from all patients who have a second primary cancer are

correctly classified, 25.6% are incorrectly classified.

c- The overall correct percentage was 80.4%, which reflects the

model's overall explanatory strength.

Hence the hit ratio for the stepwise logistic model 80.4% i- detter than the
full model hit ratio 80%; so we will depend on ibe stepwic. nodel
The value of the Hosmer — Lemeshow g- udness-of-t.« si.tistic computed
for the full model was C = 2.976 and the corresponding p-value
computed from the chi-square distribution with 7 degree of freedom is

0.887 this indicates that the model seems to fit quite well.

4.3 Cross Validation Results
Using Efron (1983) leave-one-out Cross Validation goodness-of-fit statistic
the results for the stepwise model was (using prior probability of .50)
summarized in table 8.

Table 8: Cross Validation Results

Predicting group
membership
Group Actual no. | Having 'Not having | %Correctly
of cases second second classified
primary primary
cancer cancer
Having
second
primary 112 88 29
cancer 80 %
Not  having
setfond . 123 - -
primary
cancer

22—
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The classification matrix shows the accuracy of second primary cancer
occurrence prediction in the cross validation leave-one-out sample as
presented in table 8 above. In this sample of 240 patients, actual occurrence
of second primary cancer was 117 patients; that 88 or 75.2% was correctly
classified into group haying a second primary cancer..Of the 123 patients

' -that not haying a second primary cancer, 104 or 84:6% was correctly

classified into group not having a second primary cancer. The total correctly
classified was 192 of 240 or 80%.

The maximum chance Criterion is 51.25% (123/240) and the proportional
chanee criterion is 50.031% [(0.4875)2 + (1-0.4875)21 also. Because the
percentage correctly classified was 79.6% (29.569% greater tl a
proportional chance), Z test evident that dlfference are statisticaily
significant

80-50.031

= =4.762 (p-value <0.001).
4/50.031(240-— 50.031)/ 240

Using ROC curve for the classification accuracy, it is found that the area
under the ROC curve, which ranges from zero to one, provides a measure of
the model's ability to discriminant between those subjects who experience
the response of interest versus those who do not.

Plotting sensitivity versus (1 — specificity) over all possible cut-points is
shown in the Figure (3) below .The area under the ROC curve for the full
model was is 0.870 this is considered excelle:t discrimination

ROC Curve

0.2

LX) 02 04 os 08 10
1 - Specificity

Figure (3): area under ROC curve



4.4 Comparison between binary logistic regression and the discriminant
analysis results

Sensitivity T r—
Specificity 483! Q | 86. 2%

Hit ratio ¢
Cross validation hit |2
ratio
Area under ROC |Z0'87]
Curve

From the comparison above we conclude that:
1- The two methods results are two closed.
2- The stepwise models have highest specificity when the full models
have the highest sensitivity.
3- The stepwise models have the highest hit ratio and highest cross-
validation hit ratio
4- The full models have the bigyest area under R\ Curve

We recommended that depending on the binary logistic regression stepwise
model for

" - The covariates haven’t normal distribution which is a discriminant
assumption.
- - Have the highest hit ra. o with a few covariates.

5. Summary and Conclusions

In this study, social-demographic risk factors of developing a second
primary cancer using logistic regression model were studied. The social-
demographic risk factors: used are age at first cancer, gender, area the
patient live in, marital status, family history, smoking, education and obesity
in addition to treatment by radiation. The binary logistic regression model is
used to estimate the probability of having second primary cancer.
Significance testing for the-logistic coefficients using Wald test and likelihood
ratio show that smoking, family history, marital status, and education are
the significant factors. The odds ratio for each covariaté compare whether
the probability of having a second primary cancer is the same for each
covariate groups. The odds ratio for smokers to non-smokers ranges between
6 times to 47 times with confidence 95%. To assess the fitness of the model
the maximum likelihood test and Hosmer and Lemeshow test are used. The
logistic regressin model proved to have a lower sensitivity level due to some
other clinical risk factors not considered in this study.
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The study concludes that: married patients are more susceptible to develop a
second primary cancer; treatment by radiation decreases the susceptibility; a
patient with family history is more susce[;tible ‘to’.develop second primary
cancer; smokers are more susceptible than non-smokers, and educated patients
are less suscepub e fg devalop q second pnmary cancer, and patients with -
obestty before ﬂrst cancer are more susceptzble todevelop a second primary
cancer.

e The researcher recommends the following:

1- Establishing a National Cancer Association, this association i.
linked with a unit of cancer registry in all hospitals which treat
cancer, registering of demographic and medical data of all
cancer patients and update these statements as a regular, semi-
annual or annual.

2- Replicating the same study with an increased sample size.

3- Replicating the same study to include repeated measures on the
same patients, especially when some demographic factors change,
and age develops.

4- Replicating the same study for each first primary cancer type in a
separate study using the reached significant factors and add more
medical risk factors (i.e., radiation does rate, chemotherapy does
rate, number of nodes of first cancer, first cancer size) which were
not available at the hospitals records when the research was
conducted.

5- Applying Classification and F -gression Tree (CART) and compare
the results with the binary logistic regression model.
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