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Abstract 

 

 

This study focused on the factors affecting ICSI process in the Gaza Strip. Moreover, the study 

adopted the data of 2014 obtained from Banoon Center for Fertility and IVF. The present study 

decided to adopt  the survival analysis since it is regarded as the statistical, optimal method, 

where it is applied on data through hazard function, log-rank test, Kaplan Meier method, and 

semi parametric model "Cox"  to study the effect of the variables to determine the significant 

factors on ICSI. The study reached demographic variables and male infertility variables that did 

not have any significant effects on the study. On the other hand, the female infertility variables 

we found such as FSH, female age, 2pn and the number cleaved are sig. at 0.05. Then we have 

that DEC and the number of embryos transferred are sig. at 0.1. There are also sig. at G2  and 

blastocysts on 0.1. Finally, the factors mentioned above will be taken into consideration in order 

to develop the process of ICSI. 

 

 

 

 

 

 

 

 

  



V  

 الملخص

 

 

4102

Hazard function, log-rank test, 

Kaplan Meier method

FSH, 

1010DEC

100

100

 

 

 

 

 

 

 

 

 

 



VI  

 

 

 

Contents 

Page No. Subject 

IX List of Tables ………………………………………………………………. 

X List of Figures………………………………………………….................... 

XI Abbreviations………………………………………………………………. 

 Chapter One: Introduction 

2 1.1 Background……………………………………………………... 

2 1.2  Study Problem………………………………..………………… 

3 1.3 Objectives……………………………………………………….. 

3 Importance of the Study………………………………………...  1.4 

4   1.5 Data Source …………………………………………………….. 

4 1.6 Literature Review ………………………………………………. 

8 1.7 Study Variables…………………………………………………. 

01 1.8 Organization of the Thesis……………………………………… 

 Chapter Two: ICSI, Data and Variables 

12 2.1  Introduction to ICSI……………………………….…………… 

01 2.2   ICSI Setting……………………………………………………. 

02 2.3  Introduction to the Data………………………………………... 

03 2.3.1  A Note on Computing........................................................ 

04 2.4   Description Variables………………………………………….. 

04 2.4.1  Demographic Variables………………………………….. 

05 2.4.2 Male infertility Variables ………………………………... 

08 2.4.3 Female Fertility Variables ……………………………….. 

14       2.4.4 Other Variables…………………………………………… 

14       2.4.4.1 Non Injection Eggs……..…..……………………… 

14       2.4.4.2 Kind of Transfer Cleaved.  ………………………… 

16       2.4.4.3 Date  of ICSI……………………………………….. 

16             2.4.4.5 Time and Status ……………………………………. 

16 2.5 Relations between Variable……………………………………... 

16 2.5.1 Correlation in Male Variables…………………………….  



VII  

17 2.5.2 Female and other variables Correlation ……………...….. 

18 2.6 Summary Of Chapter …………………………………………... 

18 2.6.1 The Data………………………………………………….. 

21 2.6.2 ICSI Technique………………………………………… 

 Chapter Three: Survival Analysis 

21 3.1 Introduction ……………………………………………………..   

22 3.2 The Survival and Hazard  Functions……………………………. 

22 3.2.1 The Survival Function……………………………………. 

23 3.2.2 The Hazard Function……………………………………... 

26 3.3 Censoring ………………………………………………………. 

26 3.3.1 Type I censoring……………………………….................. 

27 3.3.1.1 Right-censored Failure Time Data………………… 

28 3.3.1.2  Left-censored  Failure Time Data………………… 

28 3.3.1.3 Interval Censored Failure Time Data……………… 

31 3.3.2 Type II Censoring………………………………………... 

31 3.3.3 Type III Censoring……………………………………….. 

 

30 

3.4  Nonparametric Methods of Estimating Survival  

      Functions………………………………………………………... 

31 3.4.1 The Kaplan-Meier Method…………………….................. 

32 3.4.2 Life-table Method………………………………………... 

33 3.4.3 the Nelson-Aalen Method ……………………………….. 

33 3.5 Nonparametric Hypothesis Testing of Survival ………………... 

34 3.5.1 Comparison of Two Survival Distribution. ……………… 

34 3.5.1.1 Log-rank Test……………………………………… 

37 3.5.2 Mantel-Haenzel Test………………..................................... 

38 3.5.3 Comparison of K (K 2) Samples……………………….. 

38 3.6 Survival Model-Parametric Survival models……….................... 

41 3.6.1 The  Exponential Distribution …………………………… 

41 3.6.2 The Weibull Distribution………………………………… 

42 3.6.3 The Lognormal Distribution……………………………... 

43 3.6.4 The log-logistic Distribution……………........................... 

44 3.6.5 The Gompertz Distribution. ……………........................... 

45 3.6.6 The Gamma Distribution ………………………………... 



VIII  

 

47 

3.7 Estimation Procedures for Parametric Survival    

      Distribution…………………………………………………….. 

 

47 

3.7.1 The Maximum Likelihood Estimates (MLEs) Of          

The Parameters Of Distributions……………………………….. 

 

47 

3.7.1.1 General Maximum Likelihood Estimation   

            Procedure………………………………………….. 

48 3.7.1.2 Estimating Exponential Model……………………. 

51 3.7.1.3 Estimating Weibull model………………................ 

50 3.7.1.4 Estimating Lognormal Model……………………... 

50 3.7.1.5 Estimating log-logistic Model……………………... 

51 3.7.1.6 Estimating Gompertz Model……………................. 

52 3.7.2 The partial likelihood method……………………………. 

 Chapter Four: Cox Proportional Hazard Model 

65   4.1  Semi parametric Survival Model………………………………. 

56 4.2  Application on Cox Model……………………………………... 

56 4.2.1 Demographic Variables…………………………………... 

57 4.2.2 Male infertility Variable………………………………….. 

58 4.2.3 Female Infertility Variables……………………………… 

61 4.2.4 Other Variables................................................................... 

61 4.2.4.1 Non-injection  Eggs……………………………...... 

61 4.2.4.2 Kind Of Transfer Cleaved ………………………… 

60 4.2.4.3 Date Of  ICSI……………………………................ 

 Chapter Five: Conclusions and Recommendations 

62 5.1 Conclusions …………………………………………………….. 

63 5.2 Recommendations………………………………………………. 

64 References  

76 Appendices A 

  

 

 

 

 

 

 



IX  

 

 

 List of Tables 

Page No.  Table 

04 Descriptive of demographic A 64 couples starting ICSI treatment in 2014… 2.1 

16 Descriptive of demographic B 64 couples starting ICSI treatment in 2014… 2. 2   

17 Descriptive of male ages 64 couples starting  ICSI treatment in 2014……... 2.3 

 

19 

Descriptive of Male infertility variables 64 couples starting ICSI treatment 

in 2014………………………………………………………………………. 

2.4 

21 Descriptive of program variables 64 couples starting ICSI treatment in2104 2.5 

 

22 

Descriptive female  injection kind  of   variables 64 couples starting ICSI 

treatment in 2014……………......................................................................... 

2.6 

24 Descriptive female fertility of 64 couples starting ICSI treatment in 2014… 2.7 

25 Descriptive non injection eggs of 64 couples starting ICSI treatment in2014 2.8 

 

26 

Descriptive Kind of transfer cleaved of 64 couples starting ICSI treatment 

in 2014………………………………………………………………………. 

2.9 

27 Descriptive time of ICSI for 64 couples starting ICSI treatment in 2014…... 2.10 

27 Male Variable  Correlation………………………………………………….. 2.11 

28 Female Variable  Correlation……………………………………………….. 2.12 

67 Cox Proportional Hazard Models of  Demographic Variable………………. 4.1 

57 Cox Proportional Hazard Models of Male Infertility Variables……………. 4.2 

69 Cox Proportional Hazard Models of Female Infertility Variables………….. 4.3 

70 Cox Proportional Hazard Models of Non-injection eggs................................ 4.4 

70 Cox Proportional Hazard Models of  Kind of Transfer Cleaved……………. 4.5 

60 Cox Proportional Hazard Models of Date of  ICSI…………………………. 4.6 

 

 

  



X  

 

List of Figures 

 

Figure  Page No. 

2.1 Proportion of couples with infertility due to male or female 

problems  Source……………………………............................. 

 

26 

2.2   The flowchart of the outcome of the 64 couples starting  ICSI 

treatment……………………………………………………….. 

 

29 

2.3 The technique of ICSI…………………………………………. 30 

3.1   Survival function for ICSI data in period between 1
st
 of 

January to 31
st
 of December in 2014…………………………... 

 

34 

3.2 Some generic types of hazard rates are plotted………………… 36 

3.3   Hazard function  for ICSI data in period between 1
st
 of January 

to 31
st
 of December in 2014……………………………………. 

 

36 

3.4 Kaplan-Meier carves of male works…………………………… 46 

3.5 Kaplane-Meier survival estimates of ICSI veriables…………... 47 

3.6 Exponential distribution………………………………………... 51 

3.7 Gompertz hazard function……………………………………... 56 

3.8 Hazard rate of the dist………………………………………….. 57 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



XI  

 

Abbreviations 

 

 

2PN A pronucleus.  

COH Controlled Ovarian Hyper Stimulation.  

DEC Decapepty.  

DEG Unknown Problem in Woman's Oocyte.  

DNA Deoxyribonucleic Acid.  

E2 Estradiol.  

ET Embryo Transfer.  

FSH Follicle-Stimulating Hormone.  

G1 Gap 1 phase.  

G2 Gap 2 phase.  

GNRH Gonadotropin-Releasing Hormone .  

GV The Germinal Vesicle.  

HMG Human Menopausal Gonadotropins.  

ICSI Intra Cytoplasmic Sperm Injection.  

IVF In vitro Fertilization.  

LH Luteinizing Hormone .  

M1 Meiosis I.  

TESE Testicular Sperm Extraction.  

Β-HCG  Β-Human Chorionic Gonadotrophin  



   1  

 

 

 

Chapter One 

 

Introduction 

 
 

 

 

 

 

 

 

 

 

 

 

 



   2  

1.1 Background 

 

If families have problems concerning pregnancy, they should call the doctor who has to look at 

the medical history, give a physical examination and may recommend some tests or lifestyle 

changes. 

 

So the world badly needs new medical techniques like ICSI that helps fertilization to occur in 

case there is very little sperm available. It is known that a man‘s sperm can fertilize a woman‘s 

ovum on condition that the head of the sperm must attach to the outside of the ovum. Once 

attached, the sperm pushes through the outer layer to the inside of the ovum (cytoplasm), where 

fertilization takes place. 

 

Sometimes the sperm cannot penetrate the outer layer for some reasons. One reason is that the 

ovum‘s outer layer may be thick or hard to penetrate or the sperm may be unable to swim. 

 

In this case, a procedure called  intra Cytoplasmic Sperm Injection (ICSI)  where a single 

sperm is directly injected into the ovum.  

       

In the last twenty years, Intra Cytoplasmic Sperm Injection (ICSI) has efficiently permitted the 

treatment of male factor infertility, consequently the direct injection of spermatozoa into 

plasma has allowed the embryologist to overcome low sperm motility, poor sperm and 

defective acrosome reaction; however, ICSI has been successfully applied worldwide for 

several years. 

       

ICSI should study and explain the most important factors that lead to success and overcoming 

the repeated failures. Therefore, this technique should take into consideration statistics in order 

to determine the impact of different factors that help doctors and families who need ICSI . 

 

1.2  Study Problem 

The aim of this study was to develop a thorough understanding of one of the branches of 

statistics known as "Survival Analysis" and its applications in terms of some factors that help 

ICSI  technique to show the effect of success on a set of data. 
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There are major question  that need to find an answer "what is the optimal statistical method 

that this technique should have to study medical and biological variables affecting outcome of 

ICSI success or failure? " 

 

1.3 Study Objectives 

The present study has a lot of objectives. They are as the following: 

1. Answering the major questions of the study. 

2. Studying the relationship between variables in ICSI. 

3. Comparing between statistical methods which used to have analyses and the   

    optimal one is survival analysis.       

4. Determining the most effective statistical  method to have the effected variable  

5. Identifying the most important variables that have an impact on the ICSI. 

. 6. Determining the best factors that are involved. 

 

Importance of the Study 1.4 

Why would we need ICSI in general?  

ICSI helps to overcome fertility problems, such as: 

- The male partner produces too few sperms to do. The sperm may not move in a  

   normal fashion. 

- The sperm may have trouble attaching to the ovum. 

- A blockage in the male reproductive tract may keep sperms from getting out.  

In vitro matured eggs are being used. Previously frozen eggs are being used. All the previous 

leading us to the huge importance to use statistics to analyze the process of ICSI in effect on 

the person , community and Medicine in general. 

 

First, person 

• predicted the success rate of the process leading to improve the process outputs.  

• Reduction of repeated failures.  

• Get  beautiful future with children.  

• Reduce cost of this operation. 

 

 

Second,  Medicine 
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• Using  statistic in factors affecting on success of the analysis directly. 

• Control in type variables  overcome the repeated failures. 

• Choose the best period time of  ICSI, which reduces the time and effort. 

• Increase in cases of ICSI .  

• Have new technique to race the rate of success . 

• Emit many times of failures. 

• Developed  ICSI operation to increase the success rate. 

 

1.5  Data Source 

They were reaching the "Banoon Center for fertilization and IVF " in Gaza strip, has been 

limited data for the four years 2010 to 2014 studying here 2014 only to find the factors 

affecting of ICSI, the study was from 1
st
 January  to 31

st
 December 2014. 

 

1.6 Literature Review 

As we know this problem in Infertility is a common condition, affecting 15% of couples trying 

to conceive. Infertility evaluation includes an assessment of both the female and the male 

partner to discern the factors contributing to their difficulty in conceiving.  

A more detailed investigation is performed as dictated by individual factors.  Intra cytoplasmic 

sperm injection (ICSI) has been widely used  to treat couples with infertility because of 

severely impaired sperm characteristics and for whom in-vitro fertilization (IVF) had failed. 

     

So too many medical and statistical studies worked in this subject, to be the rate of success high 

and  developing this process day after day. 

     

There are a lot of studies in ICSI used different statistic methods like survival analysis, 

multivariate regression, Cox regressions, odds ratio, multivariate Poisson  regression, ……etc. 

I will include studies here and variables that used in analysis. 
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Results Variable's in analysis 
study 

size 

Authors (yr) 

Location 

The clinical pregnancy and live-

birth rates were statistically 

significantly associated with the 

age of the woman, the day of 

embryo transfer, the progesterone 

concentration on the day of hCG 

administration, the number of 

transferred 

embryos, and the number of top-

quality embryos transferred. 

However, after omitting the 

women with the highest 

progesterone 

concentration (R1.94 ng/mL), 

only four factors—patient age, 

day of embryo transfer, number of 

transferred embryos, and number 

of top-quality embryos 

transferred—were statistically 

significantly associated with the 

clinical pregnancy and live-birth 

rates. 

Age of female partner  

BMI of female partner 

Primary infertility 

Secondary infertility 

No. of oocytes 

retrieved 

No of oocytes 

fertilized (2 PN) 

E2 on hCG day 

P4 on HCG dayng/mL 

Cause of infertility 

Stimulation protocol 

Long/short/ antagonist 

Injection day 

FSH dose, mg 

EM (cm) 

No. of embryos 

transferred 

No. of top-quality 

embryos 

No. of top-quality 

embryos transferred 

Clinical pregnancy 

rate 

Ongoing pregnancy 

rate 

Live-birth rate 

N= 

1508 

 

 

Tsai et al., (2015) 

Taiwan 

 

 

Female age is a key predictor of 

failure to have a live birth 

following IVF as well as the risk 

Women‘s age (years) 

Duration(years) 

Cause of infertility 

N= 

121744 

Bhattacharya et al., 

(2013) 

United Kingdom 
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of poor performance at each stage 

of treatment. While increased 

duration of infertility is also 

associated with worse 

outcomes at every stage, its 

impact appears to be less 

influential Women embarking on 

ICSI treatment for male 

factor infertility have a lower 

chance of treatment failure but 

this does not appear to be due to 

increased chances of 

implantation of ICSI embryos 

Ovulatory only 

Tubal disease 

Endometriosis 

Previous pregnancy 

Treatment 

Number of oocytes 

Retrieved 

Num. of embryos 

Transferred 

Embryo 

Utilisation2 

 

 

 

 

 

 

 

 

The success rate of ICSI–IVF as 

measured by live-birth rate per 

initiated cycle was statistically 

significantly 

higher for women aged <43 years 

as compared with women 

agedR43 years. Once women have 

attained 

age 43 years, alternative methods 

such as oocyte donation cycles or 

previously cryopreserved embryos 

are likely to 

be more effective. 

Age of patients 

Year of infertility 

No. of cycles initiated 

Cancellation rate 

hMG ampules 

Days of stimulation 

No. of oocytes 

retrieved 

2 pronuclei (2PN) 

E2 on day of hCG 

Embryo transfer 

cancellation rate 

No. of embryos 

transferred 

 

N= 

1645 

 

Serour et al., 

(2010) 

Egypt 
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No. of cryoembryos 

Positive b-

hCG/embryo transfer 

Pregnancy 

rate/initiated cycle 

Miscarriage rate 

Live-birth 

rate/initiated cycle 

The most important predictors of 

the pregnancy chance after IVF 

and ICSI are women‘s age and 

ICSI. The diagnostic category is 

of no consequence. Duration of 

sub fertility and pregnancy 

history are of limited prognostic 

value 

Tubal pathology 

Endometriosis 

Male 

Hormonal 

Unexplained 

Immunological 

Age (per year) 

Duration of infertility 

(per year) 

Primary versus 

secondary infertility 

N= 

4982 

Eijkemans  et al., 

(2008) 

U.S.A. 

our program, sperm motility and 

ICSI operator are the two most 

important predictors for 

the ICSI fertilization rate in vitro. 

Patient age, serum E2 

concentration on the day of hCG 

administration, 

embryo quality, and number of 

embryos transferred were all 

statistically significant predictors 

of clinical 

pregnancy. 

E2 value (pg/Ml) 

Age of patient 

Stimulation days 

Sperm motility 

No. of eggs injected 

2PN rate 

No. of ET 

Clinical pregnancy 

rate 

N=552 
Shen et al., (2003) 

U.S.A 

Patients undergoing ICSI had a good and poor N=211 Hsu et al., (1999) 
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significantly reduced number of 

embryos with good morphology 

and cleavage compared with IVF 

cases. Nevertheless, pregnancy 

and abortion rates were similar 

when adjusted by age and number 

of 

embryos transferred. Average 

cleavage status and age were 

significant predictors of 

implantation. Women of advanced 

age had significantly lower 

embryo cleavage and implantation 

rates. 

cleavage 

average cleavage 

poor morphology Age 

FSH 

number of embryos 

transferred 

good morphology 

average morphology 

 

 

Virginia 

 

egg quality 

sperm quality 

injection pipette 

quality and number of 

transferred embryos 

Male age 

Smoking 

Motility 

FSH 

ET 

Stimulation protocol 

Primary infertility 

2Pn  

Etc… 

And a lot of studies we used, 

almost variables repeated so I 

will use another way in view. 

Another studies; 

Serhal et al., 1997; Xia, 

1997; Alikani et al., 1995; 

Loutradis et al.,1999; Serour 

et al., 2010; Strassburger et 

al., 2000; Nagy et al., 1998; 

Catt & O‘Neill, 1995;   

Stillman et al. 1986; Lundin 

et al., 1997; Fowler et al.,  

2003; Zarutskiea and 

Phillips,  2007; Cole, 2009; 

Daling et al., 1986; Stillman 

et al. 1986; Chemes & Rawe, 

2010 ………….etc. 

This study include part of these variables and the part I will 

study it has not been studied, but this has no effect on 

validity of the study, I include the variable that discuss in  

Previous explanation. 
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1.7  Study Variables      

The study has 37 variables divided into six groups, whit same  properties same as some of  

previous studies and these variables are available from  Banoon center in Gaza. 

 

3. Morula. 

4. Blastocysts. 

date of  ICSI. 

Season.   

Female infertility variables 

1. Pregame. 

2. FSH. 

3. DEC. 

4. HMG. 

5. Female age. 

6. E2. 

7. Injection days. 

8. Eggs. 

9. Injected egg. 

10. Embryo Transfer (ET). 

11. A pronucleus (2pn). 

12. Cleaving days 

13. Cleaved. 

14. Trail. 

15. HCG. 

Non injection eggs 

1. M1. 

2. DEG. 

3. GV. 

 

 

Dependent Variables 

 

Time =  Injection days + Cleaving days 

Statues : if HCG > 10,         statues 1. 

                  HCG ≥1 0,         statues 0.  

 

Independent variables 

Demographic variables 

1. Number of male Children 

2. Number of female Children 

3. Years of married 

4. Female work 

5. Male  pregnancy history 

6. Female pregnancy history 

7. female married history 

8. Male married history 

Male infertility variables 

1. Male age. 

2. Male work. 

3. Smoking. 

4. Motility. 

5. sperm. 

6. Pinhead. 

Kind of transfer cleaved 

1. G1. 

2. G2. 
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1.8 Organization of this Thesis 

The study was divided into five chapters, as follows: 

1. Chapter  One: Introduction. 

2. Chapter  Two: ICSI, Data and Variables.  

3. Chapter  Three: Survival Analysis. 

4. Chapter  Four: Cox Proportional Hazard Model. 

5. Chapter  Five: Conclusions and Recommendations. 
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Chapter Two 

 

ICSI, Data and Variables 
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2.1  Introduction to ICSI 

Initially, IVF was performed in a natural cycle. Since only one oocyte was collected at a time, 

the success rate was very low, with a Live birth rate of only 9.6% ( Edwards & Steptoe, 1983). 

Treatment was also limited only to women with spontaneous ovulation. The introduction of 

ovarian stimulation in 1981, first using clomiphene citrate (Hoult et al., 1981) increased the 

number of collected oocytes and embryos available for transfer. 

At the same time, indications for IVF treatment broadened to an ovulation of different 

etiologies. Later on, ICSI allowed severe male reproductive disorders to be treated as well 

(Palermo et al., 1992). Successful fertilization using Intra Cytoplasmic Sperm Injection (ICSI) 

was first reported in 1988 and the first successful ICSI pregnancy was in 1992. Since then, this 

technology has quickly become an indispensable technique in reproductive medicine. it's 

important to have improvements in  ICSI fertilization, so in this study we discuss the faction 

affection on ICSI (Exp. demographic, female and male properties,.......) to have the most 

important variables.( Yanaihara et al., 2005; Lanzendorf et al., 1988; Palermo et al., 1992 ; 

Landuyt et al., 2005). 

 

2.2   ICSI Setting       

The procedure is done under a microscope using multiple micromanipulation devices 

(micromanipulator,  micro injectors and micropipettes)  

 A holding pipette stabilizes the mature oocyte with gentle suction applied by a micro 

injector.  

 From the opposite side a thin, hollow glass micropipette is used to collect a single 

sperm, having immobilized it by cutting its tail with the point of the micropipette.  

 The oocyte is pierced through the oolemma and directed to the inner part of the oocyte 

(cytoplasm). The sperm is then released into the oocyte. The pictured oocyte has an 

extruded polar body at about 12 o'clock indicating its maturity.  

 The polar body is positioned at the 12 or 6 o'clock position, to ensure that the inserted 

micropipette does not disrupt the spindle inside the egg.  

 After the procedure, the oocyte will be placed into cell culture and checked on the 

following day for signs of fertilization. (web 4; Pasqualotto et al., 2008) 

 

https://en.wikipedia.org/wiki/Microinjectors
https://en.wikipedia.org/wiki/Oolemma
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Injection Pipette. Setting up the injection pipette may be the most important step during the 

ICSI procedure. Several companies supply micro tools for injection, while some centers 

prepare their own. Individual pipette adjustment is carried out depending on the institution. The 

angle of the needle of the injection pipette is set between 30° and 35° .  

Angle regulation is determined by the operator‘s favorite conditions for immobilizing 

spermatozoa by pressing the sperm tail (Scoring).  

The consistency with which the injection pipette fills also depends on the clinic. The fine 

movements are controlled with an oil medium or by placing air between the oil. The method 

used to control the oil pressure is key. Once the entire setup is determined, it is then necessary 

to modify all the injection pipettes of the same lot number.  

Fertilization and embryo development. However, it is better to adjust PVP to as low a 

concentration as possible (Dozortsev et al., 1994) Intra cytoplasmic sperm injection (ICSI) is a 

powerful tool to overcome male factor and prior (or risk of) fertilization failure. The success 

rate of ICSI is thought to be influenced by multiple factors, which include egg quality (Serhal 

et al., 1997; Xia, 1997; Alikani et al., 1995; Loutradis et al.,1999; Serour et al., 2010) sperm 

quality (Strassburger et al., 2000 and Nagy et al., 1998 ), ICSI technique (Catt & O‘Neill, 

1995), injection pipette, and quality and number of transferred embryos (Hsu et al., 1999). 

However, the variation among fully trained operators has not been well assessed, and  no 

previous study has evaluated the simultaneous impact of all these variables on ICSI success in a 

single population.         

 

 

2.3  Introduction to the Data 

There was difficulty in collecting data due to the lack of accurate information about cases. 

Moreover, the information available at the "Banoon Center for fertilization and IVF" in the 

Fig.2.1 Proportion of 

couples with infertility due 

to male or female problems  

Source (web 9) 
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 Gaza strip was limited. The data collected was from 2010 to 2014. The  researcher only 

focused on the data of the year 2014 to find out the factors affecting ICSI, using  optimal 

method of statistics, which is survival analysis. The study boundary was between the first of 

January to the thirty-first of December, 2014. The center followed a specific method. 

      

The data set provided by Banoon Center contained information on 64 couples diagnosed  with 

sanitize taken from all areas around the Gaza Strip. This data set provides a set of information 

on each diagnosed couple. 

Documenting information through: 

1. Laboratory tests. 

2. Direct detection. 

3. Question patients. 

4. Contact by phone. 

      

In her study, the researcher dealt with this data to have the first goal that the reasons of success 

and failure in ICSI. 

 

••• lights. 

- There is difficult to know the way of analysis, but the optimal are that we know.  

- It is very difficult to know where to start? Which way you should approach the analysis, what 

, what goals you should be aiming for, and so on. 

- A thorough understanding of Survival Analysis we must include to be easy when we start 

analysis. 

 

2.3.1  A Note on Computing 

The analysis for this research project was conducted solely on Microsoft Excel, STATA, and 

SPSS all of each are excellent packages. In Excel, the built in package ‖Data Analysis‖ was 

used extensively for the exploratory analysis, and it was very useful for summarizing and 

producing basic plots of the data. STATA and SPSS were used throughout the Survival 

Analysis. This has many features, including inbuilt functions which can quickly produce 

survival curves as well as fit and check Cox Proportional Hazard Models. 
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2.4   Description Variables 

After dividing the study into six basic independent groups to explain the descriptive analysis of 

each one of them. 

 

2.4.1  Demographic Variables 

Due to their significance, the researcher had to include demographic variables for each couple 

in the study. 

1. Female work: The wife of each couple, Does she work or not? 

2. Male marriage history: The husband, Is he married before this marriage? 

3. Male pregnancy history: The husband, Does he have any children? 

4. Number of Children male: How many children are there? 

5. Female marriage history: The wife , Is she married before this marriage? 

6. Female pregnancy history: The wife, Does she have any children? 

7. Number of female Children:  How many children are there?  

8. Years of marriage: The number of years in last marriage 

 

Table 2.1 Descriptive of demographic A 64 couples starting ICSI treatment in 2014. 

Maximum Minimum 
Std. 

Deviation 
Mode Median Mean Variable  

5 0 0.710 0 0.00 0.14 
Number of male 

Children 

3 0 0.723 0 0.00 0.22 
Number of 

female Children 

21 2 4.563 6 6.00 7.91 
Years of 

married 

 

In table 2.1 as we see the mode of year of married is 6 that told the problem infertility need 

more than five years to start treatment. 
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Table 2. 2 shows  90.6 in female pregnancy history, so there is a real problem that needs to 

explain 90.1 % no female  pregnancy history, on the other hand 95.3% no male pregnancy 

history as we see in this study. 

 

2.4.2 Male Infertility Variables 

Infertility is defined as the inability to conceive after at least 1 year of unprotected intercourse, 

about half of the infertility cases are due to male factors, a detailed sperm analysis became the 

most important examination to be performed in the approach to the infertile couples. Basically, 

sperm count, motility and percentage of normal sperms are conventional criteria for semen 

quality.  In about one third of infertile couples, a male factor is the primary problem (Kaufman 

& Spitz, 1991). 

         

In men, infertility risk factors, such as male accessory gland infection, mumps orchitis, 

varicocele, and cryptorchidism. Many researchers have also shown the effects of environmental 

factors, such as toxic materials, pesticides, and radiation, on male infertility and demonstrated 

that toxic materials and pesticides could cause a decrease in sperm concentration, (Spria & 

Multigner, 1998; Pitrelli & Mantovani, 2002; Check et al., 1992). 

Table 2. 2  Descriptive of demographic B 64 couples starting ICSI treatment in 2014. 

Variable Frequency Percent Variable Frequency Percent 

Female work   
Male marriage 

history 
  

 
No  48 75.0  No  54 84.4 

Yes 16 25.0 Yes 10 15.6 

Male  pregnancy 

history 
  

female marriage 

history 
  

 
No  61 95.3  No  58 90.1 

Yes 3 4.7 Yes 6 9.4 

Female pregnancy 

history 
  

 
No  58 90.6 

Yes 6 9.4 
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 In this study we include some of upper factors and another factor to have faction affection on 

ICSI. 

 

Male infertility Variables 

Male age: Men‘s age effect on fertility, on the other hand, remains uncertain (Firmbach et al., 

2008). Evaluation of standard sperm and/or endocrine parameters in age has been inaccurate, as 

these parameters do not reflect the sperm fertilizing capacity or fecund ability. 

 

Studies investigating the age effect on fecundity have been criticized on methodological 

grounds for using age at conception or for not taking account of the confounding factors (e.g.. 

female age,….). Increasingly, couples with career ambitions delay having children till later age 

(Martin, 2000). 

 

Table 2. 3 Descriptive of male ages 64 couples starting  ICSI treatment in 2014. 

Variable Mean Median Mode 
Std. 

Deviation 
Minimum Maximum 

Male age 34.91 33.05 29 9.706 20 65 

 

In table 2. 3 the lower age is 20 and the upper is 65. There is diversity of age and mood 29 

year. 

 

1. Male work: there are four groups of work. 

 Group 1. Normal jobs such that, 

(Doctor - nurse - teacher - salesman - a government employee - permission School). 

 Group 2 Danger "long set jobs". 

(Tailor - Secretary - A disability * seat - Jawwal Employee - Driver - Does not work) 

 Group 3 Danger "chemical smelling jobs" 

(Man paint - Farms - building worker - Mechanical Engineer - Aluminum factory ) 

 Group 4 Danger "move" jobs that need danger moves may be lead to problem in 

testis. 

) Military - a policeman). 
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2. Smoking: Associations have been found between smoking and infertility, particularly 

related to tubal factors. Delay to conception has been measured in different time 

intervals, but studies have found increased risks of 40-80 percent among smokers  

(Howe et al., 1985). The studies which found an association with tubal infertility  

(Daling et al., 1986; Stillman, et al. 1986). Many of the studies have found a dose-

response effect. The 1980 Surgeon General's report (U.S. DHHS, 1980) stated that 

"cigarette smoking appears to exert an adverse effect on fertility" and many of the 

important studies. In this study the descriptive of smoking variable is 50% yes :50% no 

.  

  

3. Sperm: the male reproductive cell, and is derived difference in the size of 

the gametes with the smaller one being termed the "male" or sperm cell. A uniflagellar 

sperm cell that is motile is referred to as a spermatozoon, whereas a non-motile sperm 

cell is referred to as a spermatium. 

Sperm cells cannot divide and have a limited life span, but after fusion with egg 

cells during fertilization, a new organism begins developing, starting as 

totipotent zygote The human sperm cell is haploid, so that its 23 chromosomes can join 

the 23 chromosomes of the female egg to form a diploid cell. In mammals, sperm 

develops in the testicles and is released from the penis. It is also possible to extract 

sperm through TESE.( Bernie et al., 2015) 

 

Kinds of sperm 

 Normal sperm 15 million to 150 million sperm/ml. 

 Oligo sperm 5 million – 15 million sperm/ml. 

 Severe Oligo sperm less than 5 million sperm/ml. 

 TESE sperm: Testicular sperm extraction (TESE) is the process of removing a 

small portion of tissue from the testicle under local anesthesia and extracting 

the few viable sperm cells present in that tissue for intracytoplasmic sperm 

injection (ICSI). (Grimes & Lopez, 2007; Graham et al., 2004) . 

  

4. Motility: Among these parameters, sperm morphology and motility are the best criteria 

for demonstrating the fertilization capacity of a male (Lundin et al., 1997; Enginsu et 

al., 1992). Sperm motility gives a measure of the integrity of the sperm axoneme and 
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tail structures as well as the metabolic machinery of the mitochondria, and sperm 

morphology is a surrogate measure of the integrity of DNA packaging and the quality 

of spermatogenesis (Pacey, 2006; Shen et al., 2003) 

5. Pinhead: Pinhead sperm, a type of human teratozoospermia, refers to the condition in 

which ejaculate contains mostly sperm flagella without heads. Family clustering and 

homogeneity of this syndrome suggests a genetic basis, but the causative genes remain 

largely unknown. (Chemes & Rawe, 2010) 

Table 2. 4 Descriptive of Male infertility variables 64 couples starting ICSI treatment in 2014. 

 

2.4.3 Female Infertility Variables 

1. Female age: is a major determinant of the success rate of infertility treatment and was 

the first recognized prognostic factor in ICSI. Women are tending to delay childbirth 

until the third decade of life in growing proportions.(Zdravka, 2008) age-related 

infertility is becoming more common because, for a variety of reasons, many women 

wait until their 30s to begin their families. Even though women today are healthier and 

taking better care of themselves than ever before, improved health in later life does not 

offset the natural age-related decline in fertility. 

Variable Frequency Percent  

Male work   

 Normal  job 31 48.4 

Danger "long 

set" 

12 18.8 

Danger 

chemical 

smelling " 

15 23.4 

Danger "move" 6 9.4 

Smoking   

 No  32 50.0 

Yes  32 50.0 

Motility   

 No  61 95.3 

Yes  3 4.7 

Variable Frequency Percent 

 

Sperm 

 

  

 Normal  26 40.6 

Oligo  17 26.6 

S.oligo   13 20.3 

Tese 

oligo 
8 12.5 

 

Pinhead 

 

  

 No  63 98.4 

Yes 1 1.6 
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It is important to understand that fertility declines as a woman ages due to the normal 

age-related decrease in the number of eggs that remain in her ovaries. This decline may 

take place much sooner than most women expect. A woman‘s best reproductive years 

are in her 20s. Fertility gradually declines in the 30s, particularly after age 35. Each 

month that she tries, a healthy, fertile 30-year-old woman has a 20% chance of getting 

pregnant. That means that for every 100 fertile 30-year-old women trying to get 

pregnant in 1 cycle, 20 will be successful and the other 80 will have to try again. By age 

40, a woman‘s chance is less than 5% per cycle, so fewer than 5 out of every 100 

women are expected to be successful each month. (Hall, 2002; Pasqualotto et al., 2008; 

Bhattacharya et al., 2013) 

 

2. E2 : the primary female sex hormone. It is named for and is important in the regulation 

of the estrous and menstrual female reproductive cycles. estradiol is essential for the 

development and maintenance of female reproductive tissues (Ryan, 1982)  Many 

techniques are developed to obtain a lot of follicles. During the past decade, an 

important increase has occurred in the use of ovulation induction regimens, mainly 

those using gonadotropins and GnRH analogues.  

 

COH causes to achieve multiple oocytes, but this condition results supraphysiologic E2 

levels and might affect endometrial implantation. High E2 levels on the day of βhCG 

administration might cause better ICSI outcome or a decreased outcome, caused by 

disrupted endometrial receptivity(Friedler et al. ,2005; Mitwally et al., 2006) . 

 

Several studies have suggested that supraphysiological E2 concentrations affect the 

probability of pregnancy. On the other hand, alternative studies indicated that high 

serum E2 concentrations do not alter endometrial receptivity (Blazar, 2004; Ng et al., 

2000; Özçakir et al.,2002), in this study we take in stander day for all female and 

reading the levels  to comparison between female  and knowing is there effecting or not. 

 

3. Program:  

 The short protocol was preferred primarily for patients with expected low ovarian 

response. FSH were started on the 2nd day of the menstrual cycle as short 

application. The dose of gonadotropin hormone was individualized according to the 
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patient‘s age and previous stimulation history or response to 

stimulation. Cycles were monitored by trans vaginal ultrasonography and serum E2 

levels. 

 The long protocol was briefly as follows: on day 21 of the previous cycle, In all 

patients, the extent of ovarian suppression was evaluated by ultrasound scan and 

serum E2  levels before starting exogenous gonadotropin administration. 

Stimulation was commenced with FSH at a fixed dose of three ampoules daily. 

Plasma E2 levels were measured 5days after starting FSH  and daily from the 8th 

day. The first scan was performed on day 9 and subsequent scans were performed 

every 2–3 days, as or required (Loutradis et al., 1999; Tsai et al., 2015). 

 

 

 

 

 

 

 

 

4. Follicle Stimulating Hormones (FSH): injection given just below the skin 

(subcutaneous injection) that bypasses the hypothalamus and pituitary glands to directly 

stimulate follicle growth in the ovaries.(web 7), FSH stimulates the growth and 

recruitment of immature ovarian follicles in the ovary. In early (small) antral follicles, 

FSH is the major survival factor that rescues the small antral follicles (2–5 mm in 

diameter for humans) from apoptosis (programmed death of the somatic cells of the 

follicle and oocyte). 

In the luteal-follicle phase transition period the serum levels of progesterone and 

estrogen (primarily estradiol) decrease and no longer suppress the release of FSH, 

consequently FSH peaks at about day three, (day one is the first day of menstrual flow). 

In addition, there is evidence that gonadotrophin surge-attenuating factor produced by 

small follicles during the first half of the follicle phase also exerts a negative feedback 

on pulsatile  LH secretion amplitude, thus allowing a more favorable environment for 

follicle growth and preventing premature luteinization.   (Fowler et al.,  2003) 

  

Table 2.5 Descriptive of program variables 64 couples starting ICSI treatment 

in 2014. 

Variable Frequency Percent % 

Pregame   

 

Short 59 92.2 

Long 5 7.8 
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5. Decapepty DEC: gonadotropin-releasing hormone agonist. 

 

6. Human Menopausal Gonadotropins HMG : An injection that contains equal parts of 

FSH and LH, given to stimulate the ovaries to produce multiple eggs during one 

cycle.(web 7) is a hormonally active medication for the treatment of fertility 

disturbances. Frequently the plural is used as the medication is a mixture 

of gonadotropins. Menotropins are extracted from the urine of postmenopausal women. 

(Van De Weijer, et. al 2003) 

 

 

7. Injections days : the total time that the female take injection . 

 

8. Eggs :female gametocyte or germ cell involved in reproduction. In other words, it is 

an immature ovum, or egg cell. An oocyte is produced in the ovary during female 

gametogenesis. The female germ cells produce a primordial germ cell.(web 5 ; 

Eijkemans et al., 2008) 

 

9. Injected egg : number of injection  that  the embryologist selects a single sperm to be 

injected directly into an egg .  

 

Table 2.6 Descriptive female  injection kind  of   variables 64 couples 

starting ICSI treatment in 2014. 

Variable Frequency Percent % 

FSH   

 No 12 18.8 

Yes 52 81.8 

Dec   

 No 6 9.4 

  Yes 58 90.6 

Hmg   

 No 31 48.4 

Yes 33 51.6 
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10.  Embryo Transfer (ET): Embryo transfer takes place after eggs have been collected 

and fertilized in the laboratory. Depending on the patient  situation between one and 

three of the best quality embryos are selected and then transferred to the woman‘s 

womb. An embryo must successfully attach itself to the wall of the womb for 

pregnancy to begin.  

 

Some clinics may also offer blastocyst transfer, where embryos are transferred five to 

six days after fertilization. (web 10; Zarutskiea & Phillips,  2007; Evans et al., 2014) 

 

11. A pronucleus 2pn : is the nucleus of a sperm or an egg cell during the process 

of fertilization, after the sperm enters the ovum, but before they fuse. Sperm and 

egg cells are haploid, meaning they carry half the number of chromosomes. 2pn 

stage embryo is a fertilized egg. It shows the evidence of fertilization in 2 spherical 

structures in the middle.  

One of the spheres contains the male genetic material and one contains the female 

genetic material. (Web 11) 

 

Normal fertilized human oocyte containing two pronuclei. The number and 

appearance of polar bodies and pronuclei are recorded -16-18 h after injection. 

Oocytes are considered to be normally fertilized when two individualized or 

fragmented polar bodies are present together with two clearly visible pronuclei 

(2PN) that contain nucleoli. This oocyte shows 2PN which are closely in apposition 

with polarized nucleoli and the axis of the 2PN almost in line with a polar 

body.(Vos, 2000; Serour et al., 2010) 

 

12. Cleaving days: Days in which the fertilized egg is placed with a suitable 

atmosphere until it becomes embryo duration ranging  from 1 to i days under 

special conditions. 

 

13. Cleaved: The number of embryos that are returned to the womb. 

 

14. Trail: How many times have the operation  of ICSI carried out in the current 

marriage. 
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15. Hcg mIU/mL is a hormone produced by the embryo following implantation .The 

presence of HCG is detected in pregnancy tests. Some cancerous tumors produce 

this hormone; therefore, elevated levels measured when the patient is not pregnant 

can lead to a cancer diagnosis.  

 

However, it is not known whether this production is a contributing cause or an 

effect of tumor genesis. The pituitary analog of HCG, known as LH , is 

produced in the pituitary gland of males and females of all ages. (Cole, 

2009; Hoerman et al., 1990) 

 

 

In table 2.7 we see the mean of female age is 30.08 a woman's fertility peaks in the early and 

mid-20s, after which it starts to decline slowly, with a more dramatic drop at around 35.(Hall, 

2002) Mode of Embryo Transfer (ET) is 5 its be the suitable number and all the table be easy to 

understand. 

  

Table 2. 7 Descriptive female fertility of 64 couples starting ICSI treatment in 2014. 

Variable  Mean Median Mode 
Std. 

Deviation 
Minimum Maximum 

Female age 30.08 29.00 29 6.708 18 44 

E2 818.98 591.00 3000 685.483 109 3000 

Injection days 10.83 11.00 10 1.475 8 14 

Eggs 10.72 10.00 6 7.172 2 40 

Injected egg 8.27 8 14 5.68 0 32 

Embryo Transfer 

(ET) 
3.17 3 5 1.948 0 7 

A pronucleus 

(2pn) 
4.13 4.00 2.00 2.925 0 11 

Cleaving days 5.53 6.00 6.00 1.083 0 7 

Cleaved 4.08 4.00 2.967 1 0 11 

Trail 2.33 2 1 1.624 0 8 

βhcg  mIU/mL 49.38 0 0 128.101 0 700 
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2.4.4 Other Variables 

There are other variables we must study: 

 

2.4.4.1 Non-injection Ova 

1. Meiosis I M1: segregates homologous chromosomes, which are joined as tetrads (2n, 

4c), producing two haploid cells (n chromosomes, 23 in humans) which each contain 

chromatic pairs (1n, 2c). Because the ploidy is reduced from diploid to haploid, 

meiosis I is referred to as a reductional division. (Freeman, 2005) 

 

2. DEG: unknown mistake in woman's oocyte. 

 

3. The germinal vesicle GV: is the nucleus of an oocyte that is arrested in prophase of 

meiosis I.  

The nuclear envelope of the germinal vesicle will break down in a process known as 

germinal vesicle break down (GV) when the oocyte resumes meiosis in response to the 

LH surge that occurs prior to ovulation.  (web 5) 

 

Table 2.8 Descriptive non injection eggs of 64 couples starting ICSI treatment in 

2014. 

Variable  Mean Median Mode 
Std. 

Deviation 
Minimum Maximum 

M1 1.28 1 0 1.685 0 10 

DEG 0.38 0 0 0.787 0 4 

GV 0.72 0 0 1.315 0 6 

 

In table 2. 8 we note can note that mode of all variables are 0. 

  

2.4.4.2 Kind of Transfer Cleaved   

1. G1 : is the first of four phases of the cell cycle that takes place in eukaryotic cell 

division. In this part of interphase, the cell synthesizes mRNA and proteins in 

preparation for subsequent steps leading to mitosis. G1 phase ends when the cell moves 

into the S phase of interphase. (Wali, 2009) 
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2. G2 : is the third and final sub phase of Interphase in the cell cycle directly preceding 

mitosis. It follows the successful completion of S phase, during which the cell‘s DNA 

is replicated. G2 phase ends with the onset of prophase, the first phase of mitosis in 

which the cell‘s chromatin condenses into chromosomes.  ( Liskay, 1977) 

 

3. Morula : is distinct from a blastocyst in that a morula (3-4 days post fertilization) is a 

16 cell mass in a spherical shape whereas a blastocyst (4-5 days post fertilization) has a 

cavity inside the zona pellucida along with an inner cell mass.A morula, if untouched 

and allowed to remain implanted, will eventually develop into a blastocyst. (web 8; 

Steirteghem et al., 2002) 

  

4. Blastocysts : The cells start to specialize into different kinds of cells and a cavity forms 

in the middle which is filled with fluid. A ―good quality‖,  An embryo that has reached 

the blastocyst stage of development has a good chance of making a baby. We know 

that the embryo is still growing and is a good choice for replacement in the uterus. 

(web 6; Steirteghem et al., 2002)                                          

 

 

In table 2.10 the maximum transfer cleaved 6, when the number of cleaved be (3-6) the 

success rate  high. 

 

 

 

Table 2. 9 Descriptive Kind of transfer cleaved of 64 couples starting ICSI treatment in 

2014. 

Variable  Mean Median Mode 
Std. 

Deviation 
Minimum Maximum 

G1 0.86 0 0 1.308 0 5 

G2 0.28 0 0 0.745 0 3 

Morula 0.66 0 0 0.859 0 3 

Blastocysts 1.36 1 0 1.537 0 6 
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2.4.4.3 Date of ICSI 

We have season in this study its mean the time that the cleaved be inside female.  

 

 

 

 

 

 

 

 

 

2.4.5 Time and Status  

This is the dependent variable, time rang is between 10 and 20 day, and the statues frequency 

are 18 yes with 28.1% and 46 no with 71.9%  this ratio say there are real problem must 

studying.  

 

2.5 Relations between Variables 

In ICSI a lot of variables correlated with  other, with the range of types of variable in the 

dataset, there does not exist one method to have carrolation between veriables, 

nominal categorical (eg sperm, male work, …..), quantitative  variable (eg. 2pn, Morula) as well 

as binary/indicator variables (eg smoking, female work,…..); a great deal of care must be takenin 

choosing the correct method for each variable 

 

2.5.1 Correlation in Male Variables 

 

 

 

 

 

 

 

 

 

Table 2. 10 Descriptive time of ICSI for 64 couples 

starting ICSI treatment in 2014. 

Variable Frequency Percent % 

Season   

 Winter 18 28.1 

Spring 28 43.8 

Summer 6 9.4 

Autumn 12 18.8 

Table 2.11 Male variable  Correlation  

 Variables     
Correlation 

coefficient 
Value  Sig. 

Male age Motility phi 0.859 0.024 

Normal jobs Normal sperm phi 0.280 0.025 

Long set jobs Tese sperm phi 0.303 0.015 

Danger move  

jobs 
Severe oligo phi 0.237 0.058 
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In table 2.11 we see that there is correlation between male age and motility 85.9% Strong 

positive correlation ,the evidence suggests that increased male age is associated with a decline 

in semen volume and  sperm motility. (Kidd et al. 2001) On the other hand, Extended exposure 

to benzenes, toluene, xylene, herbicides, pesticides, organic solvents, painting materials and 

lead might contribute to low sperm counts. Heavy metal exposure. Exposure to lead or other 

heavy metals also can cause infertility so there is correlation between Chemical smelling  jobs 

and oligo sperm.  
 

Testis supposed to be around 2 degrees (C) less than the body temperature. If temperature is 

higher, then there is a big chance that the testes are not producing health sperm or even it is 

completely dead for that the long  set jobs correlate with tese sperm, as we know when the male 

set long its make  increases of  testis temperature leads to a problem in sperm so we found 

correlation  30.3%. finally things abnormal lead to problems in the sperm, such as the difficult 

movements etc... 

 

 2.5.2  Female and Other Variables Correlation 

 

 

 

*Table 2.12 Female variable  Correlation 

 Variables  
Correlation 

coefficient 
Value  Sig. 

 

Female 

age 

E2 person -0.243 0.029 

G1 person 0.348 0.002 

eggs person 0.294 0.009 

Injecte

d eggs 
person 0.276 0.014 

DEC Phi 0.751 0.029 

Eggs 

E2 person 0.316 0.006 

G1 person 0.387 0.001 

Fsh phi 0.716 0.035 

G1 
2pn person 0.411 0.000 

ET person 0.541 0.000 

Variables   
Correlation 

coefficient 
Value Sig. 

E2 

M1 person 0.340 0.003 

G.V person 0.224 0.026 

inj person 0.230 0.034 

ET 

G2 person 0.229 0.035 

Morula person 0.229 0.036 

Blastocyst person 0.594 0.000 

Blast

-

ocyst 

2pn person 0.580 0.000 

Injected 

eggs 
person 0. 389 0.001 

βHC

G 

Blastocyst person 0.362 0.002 

cleaved person 0.306 0.007 

2pn person 0.310 0.006 

Trial  person -0.252 0.022 
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*Appendix A 

In table 2.12 there is negative correlation between female age , E2  and βHCG, Trail, as showed  

there is also positive strong correlation between( female age, DEC 0.75 ) , (eggs , Fsh 0.715) . 

2.6 Summary of Chapter 

2.6.1 The Data 

A very simple explanation for data in figure 2.2.  

 

Figure 2.2 the flowchart of the outcome of the 64 couples starting  ICSI treatment and  

operation  in 2014. The 58  have ET and they preparing  to do HCG, finally 34.5% positive 

HCG on the other hand 65.5% have result negative HCG.  

 

 

 

Fig 2.2  
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2.6.2 ICSI Technique 

 

Fig.2.3 the Technique of ICSI. 
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Chapter Three 

 

 Survival Analysis 
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3.1 Introduction  

      Survival analysis is a loosely defined statistical term that encompasses a variety of 

statistical techniques for analyzing positive-valued random variable. (Miller,1981)  also 

‖survival analysis‖ is a statistical approach designed to take into account the amount of time an 

experimental unit contributes to a study. That is the study of time between entry into 

observation and a subsequent event. Less formally, a unit may be a particular patient under 

study or a structure under observation while the event would be the focal point of the study 

such as death.     

Survival analysis is properly thought of a univariate  rather than a multivariate technique 

because there is only a single response variable, failure time, even though there may be many 

explanatory variables.(Cox & Oakes, 1984). 

  Survival Analysis made an immediate pact in medical research in particular. When 

observing units as unpredictable as humans over a certain time frame, problems would arise 

such as patients leaving before the time frame of the study had elapsed. This could be for a 

number of reasons, such as quitting the study. As a result of these unpredictable and 

uncontrollable events, the researcher was forced to withdraw the units and all associated data 

from the study.(Smith, 2013). 

 Here, there is Survival time can be broadly define as time to the occurrence of given event.  

And Survival data can include survival time, response to a given treatment, and patient 

characteristics related to response, survival, and the development of disease. (Lee, 1992) as we 

will see down. 

The Nature of Survival Data:   

 Survival-time data have two important special characteristics: 

I- Survival times are non-negative, and consequently are usually positively skewed. 

– This makes the naive analysis of untransformed survival times unpromising. 

II- Typically, some subjects (i.e., units of observation) have censored survival times. 

_That is, the survival times of some subjects are not observed, for example, 

because  the event of interest does not take place for the subjects before the  termination 

of the study. 

_ Failure to take censoring into account can produce serious bias inestimates of 

the distribution of survival time and related quantities. 
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3.2 The Survival and Hazard  Functions 

3.2.1 The Survival Function 

 Survival Analysis relies on the Survival Function S(t).This function is a pro-perty of any 

random variable that maps  a set of events, usually associated with mortality or failure of some 

system, onto time. It captures the probability that the system will survive beyond a specified 

time. Let T be a non-negative random variable representing the waiting time until the 

occurrence of an event. 

 For simplicity this research shall adopt the terminology of survival analysis, referring to the 

event of interest as ‘ failure‘ and to the waiting time as ‘survival‘ time, but the techniques to be 

studied have much  wider applicability. Assuming for that T is a continuous random variable 

with probability density function f(t) and cumulative  distribution function  giving the 

probability that the event has occurred by duration t. 

Suppose the random variable T denotes the lifetime of a living organism or an inanimate 

device. It is also called age at death or age at Failure or, briefly, age. Of  course, other symbols 

can be used. For example, we use the symbol T to denote time elapsed between some specified 

event (e.g., inclusion into a study) and the time of death or failure. The cumulative distribution 

function (CDF) 

  ( )          (    )                                         (3.1) 

If t represents age of first occurrence of a certain event , then   ( ) represents age of onset 

distribution of the event (disease). In survival analysis, however, the complementary function, 

  ( )        ( )    *   +                                  (3.2) 

is more commonly used. It is called the survival distribution function (SDF) or briefly, the 

survival function (SF). 

In survival analysis applications, usually T cannot be negative, and so. The probability density 

function (PDF), 

  ( ) =d   ( ) /dt                                                  (3.4) 

is sometimes called the curoe of deaths in survival analysis.( Elandt-Johnson & Johnson, 1980). 

the equation (3.2) shows the probability  that the time of death is later than  some specified time 

t. This has the following properties:  

• Every survival function S(t) is monotonically decreasing. The survival function  must be 

non-increasing:  S(u) ≤ S(t)  if   u ≥ t. This property follows directly from F (t) =1 − S(t) 

being the integral of a non negative function. This reflects the notion that survival to a 

later age is only possible if all younger ages are attained.  
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• Given this property, the lifetime distribution function and event density (F and f  below) 

are well defined; the survival function is usually assumed to approach zero as age 

increases without bound, i.e., S(t) → 0 as t → ∞, although the limit could be greater 

than zero if eternal life is possible. 

 

• The survivor function is smooth and right continuous. 

 

• The time, t = 0, represents some origin, typically the beginning of a study or 

the start of operation of some system. S(0) is commonly unity but can be less to 

represent the probability that the system fails immediately upon operation. In other is 

one would usually assume S(0) =1, although it could  be less than 1 if there is the 

possibility of immediate death or failure. 

This function would be used for two main reasons.  

 Firstly determining a patients probability of surviving to time t  

 secondly determining the % which survive to time T. (Smith, 2013). 

 

3.2.2 The Hazard Function 

The hazard function h(t) is the short-term event rate for subjects who have not yet 

experienced the outcome event .A basic quantity, fundamental in survival analysis, is the 

hazard function. This function is also known as the conditional failure rate in reliability, the 

force of mortality in demography, the intensity function in stochastic processes, the age specific 

Fig. 3.1  survival function for ICSI 

data in period between 1
st
 of 

January to 31
st
 of December in 

2014.  
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failure rate in epidemiology, the inverse of the Mill's ratio in economics, or simply as the 

hazard rate. The hazard rate is defined by,  

h(T)=        ,              -                                (3.4) 

 

If X is a continuous random variable, then, 

 ( )  
 ( )

 ( )
     , ( )-     

                                            (3.5) 

A related quantity is the cumulative hazard function H(t) , defined by 

 ( )  ∫  ( )        , ( )-
 

 
                                 (3.6) 

 

Thus, for continuous lifetimes 

 

 ( )      ,  ( )-     [ ∫  ( )   
 

 
]                          (3.7) 

 

From (3.4), one can see that h(t) and  t may be viewed as the "approximate" probability of an 

individual of age x experiencing the event in the next instant. This function is particularly 

useful in determining the appropriate failure distributions fertilizing qualitative information 

about the mechanism of failure and for describing the way in which the chance of experiencing 

the event changes with time. There are many general shapes for the hazard rate. The only 

restriction on h(t) is that it be nonnegative, i.e., h(t)   O.  

Some generic types of hazard rates are plotted in Figure 3.2 For example, one may believe that 

the hazard rate for the occurrence of a particular event is increasing, decreasing, constant, 

bathtub-shaped, hump-shaped, or possessing some other characteristic which describes the 

failure mechanism.  

 

1. Models with increasing hazard rates may arise when there is natural aging or wear. 

 

2. Decreasing   hazard functions are much less common but find occasional use when 

there is a very early likelihood of failure, such as in certain types of electronic devices 

or in patients experiencing certain types of transplants.  

 

3. a bathtub-shaped hazard is appropriate in populations followed from birth. 
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4. a constant hazard rate which, in the later stages of equipment life, increases.  

 

5. if the hazard rate is increasing early and eventually begins declining, then, the hazard is 

termed hump-shaped. This type of hazard rate is often used in modeling survival after 

successful surgery where there is an initial increase in risk due to infection.( Vittinghoff 

et al., 2005; Klein & Moeschberger, 1997). 

 

 

Fig. 3.2 Some generic types of hazard rates are plotted. 

  ( )   ( )  is increasing and decreasing hazard function  

  ( ) : constant hazard function. 

  ( ) : The bathtub curve. 

  ( ) : increasing, then decreasing hazard function.( Lee & Wang,  2003). 

 

Fig.3.3  hazard function  for 

ICSI data in period between 

1
st
 of January to 31

th
 of 

December in 2014. Is  

increasing hazard function 
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!Relationship between Survival and Hazard Functions 

Survival as a function of hazard 

 ( )      , ∫  ( )   
 

 
] 

Hazard as a function of survival  

 ( )   
 

  
    ( ) 

3.3 Censoring  

      The second distinguishing feature of the field of survival analysis is censoring: the fact that 

for some units the event of interest has occurred and therefore we know the exact waiting time, 

whereas for others it has not occurred, and all we know is that the waiting time exceeds the 

observation time . ( Vittinghoff et al., 2005). 

      Censoring is one of the unique features of failure time data. By censoring, we mean that an 

observation on a survival time of interest is incomplete, that is, the survival time is observed 

only to fall into a certain range instead of being known exactly. Note that censored data are 

diff erent from missing data as censored observations still provide some partial 

information.(Sun, 2006). 

 

As a simple example of censoring, consider Why censor ? 

1. study ends and no event. 

 2. lost to follow-up.  

3. withdraws. 

 

There are generally three reasons why censoring may occur : 

(1) a person does not experience the event before the study ends. 

 (2) a person is lost to follow-up during the study period.  

(3) a person withdraws from the study because of death (if death is not the even to interest) or 

some other reason (e.g., adverse drug reaction or other competing risk). (Kleinbaum &  Klein, 

2005). 

There are several mechanisms that can lead to censored data. 

3.3.1 Type I censoring 

      We will consider Type I censoring where the event is observed only if it occurs prior to 

some prespecified time. These censoring times may vary from individual to individual.( Klein 

& Moeschberger, 1997) Under censoring of Type I, a sample  event, or the number of ‗deaths‘, 
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is random, but the total duration of the study is fixed. The fact that the duration is fixed may be 

an important practical advantage in designing a follow-up study.  

In a simple generalization of this scheme, called fixed censoring, each unit has a potential 

maximum observation time    for i = 1,...,n which may one of case to the next but is 

nevertheless fixed in advance. The probability that unit i will be alive at the end of her 

observation time is S(  ), and the total number of deaths is again random. 

 

Kind of type I censoring: 

 Right  censoring  

 lifetime exceeds some value  

 Left  censoring  

 lifetime less than some value  

 Interval censoring 

 failure occurred during an interval (Collett,2003). 

 

3.3.1.1 Right-censored failure time data. 

The failure time of interest is observed either exactly or to be greater than a censoring time s.t : 

 

1- subjects who have already failed by the end of the study, their failure times are known 

exactly. 

 

2- the study end time could be different for diff erent subjects. 

 

3- some subjects may withdraw from the study before the end for some reasons . 

 

 In a more general setting, which is appropriate in many applications, for each subject, there 

exists a censoring variable representing the right censoring time. If the survival variable is 

smaller than the censoring variable, the observation is exact and otherwise, it is right-censored. 

This is usually referred to as the random censorship model.(Sun, 2006). 

 

By this, we mean that the failure rate or hazard is the same for the subjects who are still in the 

study and the subjects who have been censored out. More specifically, under independent right 

censoring, we have that 
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 (
            )

  
 

         (
            )

  
   ( ))                                          ( 3.8) 

where T denotes the survival variable of interest, and Y(t) = 1 means that the subject has 

neither failed nor been censored prior to time t. (Kalbfleisch & Prentice, 2002). 

 

3.3.1.2  Left censored  failure time data. 

     A lifetime X associated with an individual in a study is considered to be left censored if it is 

less than a censoring time Cl. The data observed on the  individual can be recorded as (T), 

where (Web1), 

 

T = max {X, Cl},  = 1, if T = X, 0, if T = Cl.                     

 

3.3.1.3 Interval Censored failure time data. 

      Interval-censored failure time data usually refer to the data in which the failure time of 

interest is observed only to belong to an interval instead of being known exactly .(Kalbfleisch 

& Prentice, 2002; Sun, 2006). 

       Let T be a non-negative random variable representing the failure time of an individual in a 

failure time study.  

     An observation on T is interval-censored if instead of observing T exactly, only an interval 

(L,R] is observed such that T ∈ (L,R] , where L ≤ R. In the following, we use the convention 

that L = R means an exact observation, and    R = ∞ represents a right-censored observation 

there are fore  four types of interval censoring. 

 

• Case I Interval-censored Failure Time Data 

      The term case I interval-censored data is commonly used to refer to interval censored 

failure time data in which all observed intervals ―include‖ either time zero or 

infinity(Groeneboom & Wellner, 1992; Huang,1996). 

 

•  Case II Interval-censored Failure Time Data 

     Interval-censored data that include at least one interval (L,R] with both L and R belonging 

to (0,∞) are usually referred to as general or case II interval-censored data (Groeneboom & 

Wellner, 1992; Huang & Wellner, 1997; Sun, 1998, 2006). 
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Doubly Censored Failure Time Data • 

      Consider a survival study involving two related events and let X and S denote the times of 

the occurrences of the two events with X ≤ S. Define T = S−X and suppose that T is the 

survival time of interest. By doubly censored failure time data, we mean that the observations 

on both X and S are interval censored .    (De Gruttola & Lagakos, 1989; Sun, 2004). 

 

• Panel Count Data 

      Interval censoring occurs in a more general setting than survival studies. In failure time data 

analysis, the random variable of interest is always the time to an event, and the event is treated 

as an absorbing event. In other words, the event can occur only once such as fatal failure or 

death. In practice, however, there exist many situations where the event of interest can occur 

multiple times such as a tumor or disease symptom.  

In these situations, in addition to the time to the event or between the occurrences of the event, 

one may also want to study the occurrence process of the event. Without interval censoring, 

that is, if the process is observed continuously, then one has what is commonly called recurrent 

event data, in which one knows all the exact occurrence times of the event (Cai & Cheng, 2004; 

Chang & Wang, 1999). 

 

3.3.2 Type II censoring 

      Means that the study stops if a prespecified number of individuals out of all study 

individuals have failed.(Sun, 2006)  a sample of n units is followed as long as necessary until d 

units have experienced the event. In this design the number of deaths d, which determines the 

precision of the study, is fixed in advance and can be used as a design parameter. 

 

3.3.3 Type III censoring 

     Since the entry times are not simultaneous, the censored times are also different. name for 

type III censoring is random censoring  each subject is associated with a potential censoring 

time, Ci , and a potential lifetime, Ti . 

In this design, observations are terminated for reasons that are not under control. It also is 

possible that entry times vary randomly across subjects and these entry times are not decided 

by the study. The entry times for customers in an insurance company could typically be 

considered as random. When dealing with survival time, one must consider what time variable 
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is observed, i.e. if it is time until event, T, or time until censoring, C. For right censored data, 

we will observe Ti = min(Ti,Ci) for subject i.  

The censoring time is also considered as random, with the same restrictions as T and assumed 

to follow some distribution, Ci ∼ G. 

 Type I and type II censored observations are also called singly censored data, and type III, 

progressively censored data. 

Ideally, in a medical scenario (involving patient monitoring based on life and death) such as 

this, both the birth and death dates of a subject are known, in which case the life time is known.  

If it is known only that the date of death is after some date, this is called right censoring. Right 

censoring will occur for those subjects whose birth date is known but who are still alive when 

they are lost to follow-up or when the study ends. If a subject's lifetime is known to be less than 

a certain duration, the lifetime is said to be left-censored.  

 In this study there are two couples have left censoring,  Left censoring of data can occur when 

a person's survival time becomes incomplete on the left side of the follow-up period for the 

person. As an example, we may follow up  couples for doing ICSI from the time of them being 

ready We may never know the exact time that they started have injection that say the action 

time to started .   

The statues provides more of an insight into: 

0 : • the statues unknown right censoring. 

•The initial time to start injection unknown. 

•Failure time for ICSI. 

1 : success time of ICSI . 

and there is one couple have right censoring . 

 

3.4 Non-parametric Methods of Estimating Survival Functions. 

Once the time to event data has been collected, the first task is to describe it usually this is done 

graphically using a survival curve. Visualization plays a large role in Survival  Analysis and 

allows the appreciation of temporal patterns in the data. It also helps us to identify an 

appropriate distributional form for the data.(smith, 2013). 

There are fore non-parametric methods for describing time to event data 

1-the Kaplan-Meier method. 

2-the Life table method. 

3-the Nelson-Aalen method. 



   42  

All these methods have their place in modern day Survival Analysis, 

3.4.1 The Kaplan-Meier method. 

      Methods for estimating the probability of failure for events that are subject to competing 

risks. (Gooley et al., 1999) Kaplan-Meier is generally accepted to be the most active technique. 

Given individuals with observed survival times, some of the observations may be censored and 

there may also be more than one individual who fails at the same observed time. (Sameer, 

2003). 

and  The Kaplan–Meier estimate of the survival function is an empirical or non-parametric 

method of estimating S(t) from non- or right-censored data. (web 2).  

A plot of the Kaplan-Meier estimate of the survival function is a series of horizontal steps of 

declining magnitude which, when a large enough sample is taken, approaches the true survival 

function for that population. 

The value of the survival function between successive distinct sampled observations is assumed 

to be constant An important advantage of the Kaplan-Meier curve is that the method can take 

censored data into account, for instance, if a patient withdraws from a study. When no 

truncation or censoring occurs, the KaplanM-eier curve  is equivalent to the empirical 

distribution.(Singh & Totawattage, 2012).  

As a summary we can say, the Kaplan-Meier estimator (also known as the product limit 

estimator), is based on a mathematical formula using information from those who have died 

and those who have survived to estimate the proportion of patients alive at any point during the 

trial.   

The estimator is plotted over time. The resulting curve is called the Kaplan-Meier curve, which 

is a series of horizontal steps of declining magnitude that, when a large enough sample is taken, 

approaches  the  true survival  function  for  that  population  (Kaplan & Meier, 1958; Marshall 

et al., 2010). 

 At every time    that there is a failure, we determine the number  (  ) of patients  ―at risk‖ 

(i.e., still under scrutiny; not lost through censoring or failure). We then estimate that the 

underlying probability of a patient at risk at    surviving that ―danger time‖    is 

   (                      )  
 (  )   

 (  )
 

To determine the probability S(t) that a given initial patient would survive (if uncensored) to 

time t, the Kaplan–Meier method, 

 ( )  ∏
 (  )   

 (  )
                                                  (3.9) 
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(Costella, 2010; Konstantopoulos, 2006 ).  

 

3.4.2 Life-table Method 

      The life-table method is one of the oldest techniques for measuring mortality and describing 

the survival experience of a population. (Lee & Wang, 2003), The columns of the table are 

created using a set of formulas. 

 

The rows of the table represent various time intervals. We will now define each of the columns 

in the life table. Note, however, that because of the large number of columns required to 

display all of the items, there will be several output reports produced. 

(i) Population (or current) 

Obtained from a census or survey. It gives the survival pattern of a group of  

individuals subject to the age specific death rates currently observed in the population.  

It is an artificial population it gives the pattern of mortality or what would happen if 

individuals were subjected throughout their lifetime to the present death rates. 

(ii)  Cohort 

Follow a group of individuals throughout their lifetimes. 

 (iii) Clinical (or follow-up) 

Of more relevance in clinical studies survival pattern of aspecific group of in

dividuals. Source of data is usually from a follow-up study. ( Fieller, 2011) 

And we can say that for Clinical Life Table 

 A fundamental technique of survival analysis that deals with ―time to event‖ A basic 

example is ―time to death‖ 

 It can answer the question of the chance of survival after being diagnosed with the 

disease or after beginning the treatment. 

 The event can be any other health event not just death It can be relapse, receiving organ 

transplant, pregnancy (in a study of infertility), failure of treatment, recovery, etc. 

 It handles variable time of entry and (variable time of) withdrawal of individuals from 

the population  

 It calculates cumulative event-free probabilities and generates a survival curve.                         

  ( Diener-West &  Kanchanaraksa,  2008; Birnbaum & Saunders, 1958). 

the Kaplan-Meier method is preferred because it is less prone to bias. 
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3.4.3 The Nelson-Aalen Method  

      The Nelson–Aalen estimator is a non-parametric estimator which may be used to estimate 

the cumulative hazard rate function from censored survival data , Since no distributional 

assumptions are needed, one important use of the estimator is to check graphically the fit of 

parametric models, and this is the reason why it was originally introduced by Nelson (Nelson, 

1969, 1972). Independently of Nelson, there is some studied like: 

1- (Altshuler, 1970) derived the same estimator in the context of competing risks animal 

experiments. Later, by adopting a counting process formulation. 

2- (Aalen,1978 ) extended its use beyond the survival data and competing risks setups, and 

studied its small  and large sample properties using martingale methods. 

 The estimator is nowadays denoted the Nelson–Aalen estimator, although other names (the 

Nelson estimator, the Altshuler estimator, the Aalen–Nelson estimator, the empirical 

cumulative hazard estimator) are sometimes used as well. Below we present a number of 

situations where the Nelson–Aalen estimator may be applied and exemplify its use in one 

particular case.   

  

The Nelson–Aalen estimator for the cumulative hazard rate function then takes the form 

  ̂( )  ∑
  

  
    

                                                     (3.10) 

where    is the number of individuals at risk (i.e. alive and not censored) just prior to time    . 

Thus the Nelson–Aalen estimator is an increasing right continuous step function with 

increments     ⁄  at the observed failure times. (Fleming, & Harrington, 1991). This estimator 

has a strong justification in terms of the theory of counting processes. (Smith,2013). 

 

3.5 Nonparametric Hypothesis Testing of Survival  

      The problem of comparing survival distributions arises often in biomedical research. A 

laboratory researcher may want to compare the tumor-free times of two or more groups of rats 

exposed to carcinogens. A clinical oncologist may be interested in comparing the ability of two 

or more treatments to prolong life or maintain health.(Lee & Wang, 2003) 
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3.5.1 Comparison of two survival distribution.  

Suppose that there are          object on survival study 1 and 2, Suppose that the 

observations in group 1 are samples from a distribution with survivorship function   ( ), and 

the observations in group 2 are samples from a distribution with survivorship function, 

  ( ), Then null hypothesis to consider is: 

       ( )=   ( )                                        (treatments 1 and 2 are equally). 

against the alternative 

     ( )    ( )        (treatment 1 more effective than 2). 

Or 

     ( )    ( )        (treatment 2 more effective than 1). 

Or 

     ( )    ( )        (treatments 1 and 2 not equally). 

When there are no censored observations, standard nonparametric tests can be used to compare 

two survival distributions is: 

 the Wilcoxon (1945) test . 

 the Mann—Whitney (1947) U-test can test the equality of two independent populations, 

In the following we introduce  five nonparametric tests, All the tests are designed to handle 

censored data; data without censored observations can be considered a special case: 

 Gehan‘s generalized Wilcoxon test (Gehan, 1965a, b). 

 the Cox—Mantel test (Cox 1965, 1972; Mantel, 1966). 

 the log-rank test (Peto & Peto, 1972).  

 Peto and Peto‘s generalized Wilcoxon test (1972).  

 Cox‘s F-test (1964). 

I will use log-rank test to test the hypostases in this study.  

3.5.1.1 Log- Rank Test 

     The log–rank test is a non–parametric method for testing the null hypothesis that the groups 

being compared are samples from the same population as regards survival experience. The first 

step is to arrange the survival times, both observed and censored. (Dakhil, 2012) 

H0 : h(t) = h0(t), for all t ≤  . 

Ha : h(t) ≤ h0(t), for some t ≤  . When H0 is true, the expected hazard rate at ti should be h0(ti). 

Intuitively, one can compare the sum of the weighted difference between the observed and 

expected hazard rates to test the null hypothesis. (Ding, 2011). 
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In this study I will use the Kaplan-Meier method and use  a non–parametric method _log-rank 

test_ for testing the null hypothesis that the groups being compared are samples from the same 

population that is log-rank test. The male work be four group I will start with it, and as we see 

there is gap between Y-axis and the carves that because the time must be T ≥ 0 and all the time 

of study be between 10 ≤ ti ≤ 20 so the range from 0≤ ti<10 not important. 

Fig 3.4 Kaplan-Meier carves of male works. 

Fig 3.4 Kaplan-Meier carves of male works when we checking whether of these are sig. 

different. But when look to the plot we can't decide anything about male works . there is no 

different between them, so we can use log-rank test to be sure , It is equal 0.1443 > 0.05 not sig 

-no different between kind of male works. 

In this section we will graphs carves of ICSI variables one by one and the log-rank test for 

everyone to know the sig. variables. we rearrange the data that need to be gropes like male-age, 

female-age, E2 and year of married. 

The group taken by doctors recommendations so in the female age its be like    

 

                      Group 1   18- 24 Group 1 20s 

                      Group 2   25- 34 male age Group 2 30s and so on, 

                      Group 3   35-40 Group 3 40s 

                      Group 4   <40 Group 4 <49 

 In the same ways with doctors recommending the groups distribute . 

 

 

female age    
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Fig.3.5 kaplane-Meier survival estimates of ICSI veriables.  
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Fig.3.5 kaplane-Meier survival estimates of ICSI veriables. 

In fig.3.5 we show that the  Female age,  cleaved, 2pn, trails, Blastocysts and Fsh are sig. in 

log- rank test so there are difffrent between carves . 

3.5.2  Mantel_Haenzel Test 

      The Mantel—Haenszel (1959) test is particularly useful in comparing survival experience 

between two groups when adjustments for other prognostic factors are needed. The test has 

been used in many clinical and epidemiological studies as a method of controlling the effects of 
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confounding variables. For example, in comparing two treatments for malignant melanoma, it 

would be important to adjust the comparison for a possible confounding variable such as stage 

of the disease. In studying the association of smoking and heart disease, it would be important 

to control the effects of age. To use the Mantel—Haenszel test, the data are stratified by the 

confounding variable and cast into a sequence of 2*2 tables, one for each stratum. (Lee & 

Wang ,2003; (web 3)) 

3.5.3 Comparison of K (K 2) Sampels 

      The two-sample problem is generalized to a situation in which the data consist of K (K 2) 

samples, one sample from each of the K treatment populations. The problem is to decide 

whether the K independent samples can be regarded as coming from the same population, or in 

practical terms, to see if the survival data from patients receiving the K treatments provide 

enough evidence to conclude that the K treatments are not equally effective. (Peto & Peto, 

1972). There are some method to apply the comparison: 

 Kruskal--Wallis Test. 

 Multiple Comparisons Based on the Kruskal--Wallis Test. 

 Test for Censored Data. (Lee & Wang,2003). 

 

3.6 Survival Model -Parametric Models. 

     There are two models that are used for the analysis of survival data, which contains 

Censoring, particularly the right Censored. 

Parametric Survival  models:  

 Exponential. 

 Weibull. 

 Gompertz. 

 Log-Logistic. 

 Log-Normal. 

 Gamma. 

Type II, Semi parametric Survival Models: 

 Cox model .(Chapter 4) 
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Parametric Survival  models 

      Let T denote a continuous non-negative random variable representing survival time, with 

probability density function (pdf) f(t) and cumulative distribution function (cdf) F(t) = *   + 

We focus on the survival function S(t) =   *   +, the probability of being alive at t, and the 

hazard ( )   ( )  ( )⁄  

Function. Let  ( )  ∫  ( )   
 

 
], denote the cumulative (or integrated) hazard and recall that 

S(t)= exp {-H(t)}( Rodreguez, 2001). 

And we use Y      to represent the log failure time and summarize the survival distribution 

in terms both T and Y. ( Kalbfleisch & Prentice, 2002). 

  

3.6.1 The  Exponential Distribution  

      The exponential distribution is often referred to as a purely random failure pattern. It is 

famous for its unique ‗‗lack of memory,‘‘ which requires that the age of the animal or person 

does not affect future survival. Although many survival data cannot be described adequately by 

the exponential distribution ,an understanding of it facilitates the treatment of more general 

situations. The exponential distribution is characterized by a constant hazard rate  , its only 

parameter. A high   value indicates high risk and short survival; a low value indicates low risk 

and long survival. the density function, and the hazard function of the exponential distribution 

with parameter  . When     , the distribution is often referred to as the unit exponential 

distribution. When the survival time T follows the exponential distribution with a parameter  , 

the probability density function is defined as 

 ( )  {  
                            
                                   

                                (3.10) 



   51  

The cumulative distribution function is 

 ( )                            

and the survivorship function is then 

 ( )                                        

the cumulative hazard function 

 ( )     

the hazard function is  

 ( )                                         

 

 

the moment generating function 

    ∫                
 

 

    
  

  
              

Expectation 

            
  

  
                      ( )  

 

 
 

Variation  

 ( )   (    )  
 

  
 

 

Fig 3.6 Exponential distribution. 

(a) survivorship function . 

(b) probability density function . 

(c) hazard function .( lee & wang,2003) 

(Lee & Wang,2003; Kalbflesch &Prentice, 2002; Cox & Oakes, 1984;  Rodreguez, 2001; 

Epstein & Sobel, 1953; Epstein, 1958 ) 
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3.6.2 The Weibull Distribution. 

     The Weibull distribution  is a very flexible model for lifetime data. It has a hazard rate 

which is either monotone increasing, decreasing, or constant.  

It is the only parametric regression model which has both a proportional hazards representation 

and an accelerated failure-time representation. we shall first examine estimating the parameters 

of the Weibull distribution in the univariate setting and, then, examine the regression problem 

for this model. 

 It has then been used in many studies of reliability and human disease mortality. 

it  is characterized by two parameters     The value of   determines the shape of the 

distribution curve and the value of    

the probability density function is defined as 

(3.11)              f(t,   )  {  (  )
     (  )                        

                                                       
 

The cumulative distribution function is 

 ( )      (  )  

The survivorship function is, therefore 

 ( )    (  )  

the cumulative hazard function 

 ( )  (  )  

the hazard function, 

 ( )    (  )    

the moment generating function 
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Variance 
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)] 

(Lee & Wang,2003; Kalbflesch &Prentice, 2002; Cox & Oakes, 1984; Rodreguez, 2001; 

Weibull,1951,1939; Klein & Moeschberger ,1997; Elandt-Johnson & Johnson, 1980). 
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3.6.3 The Lognormal Distribution 

        In its simplest form the lognormal distribution can be defined as the distribution of a 

variable whose logarithm follows the normal distribution. Its origin may be traced as far back, 

other investigators also observed that the age at onset of Alzheimer‘s disease and the 

distribution of survival time of several diseases such as Hodgkin‘s disease and chronic 

leukemia could be rather closely approximated by a lognormal distribution since they are 

markedly skewed to the right and the logarithms of survival times are approximately normally 

distributed. followed by  Consider the survival time T such that log T is normally distributed 

with mean   and variance    The random variable value T is said to have a lognormal 

distribution if Y= lnT. If               respectively, the probability density function  

 ( )  (√    )
(  )

   [ 
 

 
 .

      

 
/
 

]                                           (3.12) 

The cumulative distribution function is 
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(Lawless, 2003; Gaddum, 1945a, b; Boag, 1949; Rodreguez, 2001; Lee & Wang, 2003 ; 

Kalbflesch & Prentice, 2002;  Klein & Moeschberger , 1997; Elandt-Johnson & Johnson, 

1980). 

3.6.4 The log-logistic Distribution. 

The survival time T has a log-logistic distribution if log(T ) has a logistic distribution. The log-

logistic distribution is characterized by two parameters   and  . The median of the log-

logistic distribution is     ⁄ , oy cnhy yeie b  ytie b botp eht 

 ( )  
      

(     ) 
                                                 (3.13) 
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Notation,,  When 
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1-   1, the log-logistic hazard has the value 0 at time 0, increases to a  (   )  ⁄    ⁄  

and then declines, which is similar to the lognormal hazard. 

2-    1, the hazard starts at     ⁄  and then declines monotonically. 

3-    1, the hazard starts at infinity and then declines, which is similar to the Weibull 

distribution. The hazard function declines toward 0 as t approaches infinity.  

(Byers et al., 1988; Rodreguez, 2001; Lee & Wang, 2003; Kalbflesch & Prentice, 2002;  Klein 

& Moeschberger, 1997; Elandt-Johnson & Johnson, 1980). 

3.6.5 The Gompertz Distribution  

       The Gompertz distribution are extensions of the exponential distribution. Its  describe 

survival patterns that have a constant initial hazard rate. The hazard rate varies as a linear 

function of time or age as an exponential function of time or age in the Gompertz distribution. 

It  is also characterized by two parameters,   and  , the probability density function, 

 ( )     0(    )  
 

 
(        ) 1                                   (3.14) 

The cumulative distribution function is, 

 ( )       * 
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The survivorship function is,  
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Notation,,When  

1-    , there is positive aging starting from    . 

2-     , there is negative aging. 

3-   0, h(t) reduces to a constant,   . 

(Broadbent, 1958;  Kodlin, 1967; Lee & Wang, 2003; Kalbflesch & Prentice, 2002; Rodreguez, 

2001; Klein & Moeschberger ,1997; Elandt-Johnson & Johnson, 1980). 

3.6.6 The Gamma distribution  

       The gamma distribution, which includes the exponential and chi-square distribution, was 

used a long time ago by to describe the life of glass tumblers circulating in a cafeteria and  a 

statistical model for life length of materials. Since then, this distribution has been used 

frequently as a model for industrial reliability problems and human survival. The gamma 

distribution is characterized by two parameters,        , 

the gamma distribution describes a different type of survival pattern where the hazard rate is 

decreasing or increasing to a constant value as time approaches infinity. 

The probability density function of a gamma distribution is 

 ( )  
 (  )       

 ( )
                                               (3.15) 

The cumulative distribution function is, 

 ( )    (  ) 

    
∫         

 
   

 ( )
 

The survivorship function is,  

 ( )      (  ) 

Fig 3.7 
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the cumulative hazard function, 

 ( )     ( ( ))      (    (  )) 

the hazard function, 

 ( )  
 (  )       

(    (  )) ( )
 

Expectation, 

 ( )  
 

 
 

Variance, 

 ( )  
 

  
 

Notation,, when// 

1.        there is negative aging and the hazard rate decreases monotonically from 

infinity to     as time increases from 0 to infinity.  

2.       there is positive aging and the hazard rate increases monotonically from 0 to   

as time increases from 0 to infinity. 

3.    , the hazard rate equals  , a constant, as in the exponential case. 

(Brown & Flood, 1947; Birnbaum & Saunders,  (1958); Rodreguez, 2001; Lee & Wang, 2003; 

Kalbflesch & Prentice, 2002; Klein & Moeschberger, 1997; Elandt-Johnson & Johnson, 1980). 

 

Fig. 3.8 Hazared rate of the dist.( Jones, 2011). 
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Comparison of distributions: 

The families of distributions outlined above can be judged by 

(i) their technical convenience for statistical inference. 

(ii) the availability of explicit reasonably simple forms for survivor function, density and 

hazard. 

(iii) the capability of representing both over- and under dispersion relative to the exponential 

distribution. 

(iv) the qualitative shape (monotonicity, log concavity, etc.) of the hazard. 

(v) the behavior of the survivor function for small times. 

(vi) the behavior of the survivor function for large times' as judged either directly or by suitable 

dimensionless ratios of cumulates or moments. 

(vii) any connection with a special stochastic model of failure.(Cox & Oakes, 1984). 

Appeal of Parametric Survival Models 

 More consistent with theoretical S(t) than non-distributional approaches.  

 Simplicity. 

 Completeness h(t) and S(t) Specified. (Kleinbaum &  Klein, 2005). 

3.7 Estimation Procedures for Parametric Survival Distribution 

       Discuss some analytical procedures for estimating the most commonly used survival 

distribution, We introduce the maximum likelihood estimates (MLEs) of the parameters of 

distributions, and use Partial likelihood method to estimate semi parametric models. 

3.7.1 The Maximum Likelihood Estimates (MLEs) Of The Parameters Of 

Distributions. 

3.7.1.1 General Maximum Likelihood Estimation Procedure. 

        Estimation Procedures for data with right-censored observations, Suppose that persons 

were followed to death or censored in a study. Let t1,t2,…….,tr,     
        

  be the survival 

times observed from the n individuals, with r exact times and (n-r) right-censored times. 

Assume that the survival times follow a distribution with the density function,  (   )  and 

survivorship function S(t,b) , where b=(b1,b2,………,bp) denotes unknown parameters in the 

distribution. the product∏  (    ) 
 
    represents the joint probability of observing the 

uncensored survival times, ∏  (    )
 
    represents the joint probability of those right-censored 

survival times. The product of these two probabilities, denoted by L(b) , 

 ( )  ∏  (    ) ∏  (   
 
       )  

                                 3.16 
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represents the joint probability of observing t1,t2,…….,tr,     
         

 ,as a similar 

interpretation applies to continuous survival. L (b) is called the likelihood function of b, which 

can also be interpreted as measure of the likelihood of observing a specific set of survival times 

t1,t2,…….,tr,     
         

  

given a specific set of parameters b. The method of the MLE is to find an estimator of b that 

maximizes L (b), or in other words, which is ‗‗most likely‘‘ to have produced the observed data 

Take the logarithm of L (b) and denote it by l(b),  

 ( )      ( )  ∑    , (    )-  ∑     , (   
 
     

 
     )-                      3.17 

Then the MLE   ̂                    ̂      ̂  that maximizes l(b): 

 ( ̂)          ( ( ))                                      3.18 

It is clear that  ̂ is a solution of the following simultaneous equations, which are obtained by 

taking the derivative of l(b) with respect to each      

  ( )

   
                                                    3.19 

A commonly used numerical method is the Newton—Raphson iterative procedure, which can 

be summarized as follows 

 Let the initial values of b1,b2,………,bp  be zero; that is, let 

 ( )    

  The changes for b at each subsequent step,  denoted by    ,is obtained by taking the 

second derivative of the log-likelihood function: 

 ( )  *
   ( (   )

     
+

  
  (    )

  
 

 Using  ( ), the value of  ( )at j
th

 step is 

 ( )   (   )   ( )                        

 (Lee & Wang, 2003). 

3.7.1.2 Estimating Exponential Model. 

        We first consider singly censored and then progressively censored data. Suppose that 

without loss of generality, the study or experiment begins at time 0 with a total of n subjects. 

 Survival times are recorded and the data become available when the subjects die one after the 

other in such a way that the shortest survival time comes first, the second shortest second, and 

so on. Suppose that the investigator has decided to terminate the study after r out of the n 

subjects have died and to sacrifice the remaining n-r subjects at that time.  
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Then the survival times for the n subjects are: t1≤ t2≤……… ≤tr =     
      

  where a 

superscript plus indicates a sacrificed subject, and thus   
  is a censored observation. In this 

case, n and r  are fixed values and all of the n-r censored observations are equal The likelihood 

function, 

  
  

(   ) 
∏      ( )(    ( ))    

                                  (3.20) 

from, 3.19 the MLE of   is 

 ̂  
 

∑  ( )
 
   ∑   

  
     

 

when the data complete the estimate be, 

 ̂  
 

∑   
 
   

 

3.7.1.3 Estimating Weibull model. 

let us consider a typical laboratory experiment in which subjects are entered at the same time 

and the experiment is terminated after r of the n subjects have failed (or after a fixed period of 

time T ). In both of these cases the data collected are singly censored. The ordered survival data 

are t1≤ t2≤……… ≤tr =     
      

   If the time to failure follows the Weibull distribution 

with the density function 

f(t,   )  {  (  )
     (  )                        

                                                       
                      (3.21) 

and the MLE of   and   may be obtained by solving the following two equations 

simultaneously 
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When data are progressively censored, we have 

t1≤ t2≤……… ≤tr =     
      

  

If the survival distribution is Weibull defined by 
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The log-likelihood function is 
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The MLE of   and   may be obtained by solving the following two equations Simultaneously 

   ̂ ̂ [∑   
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      ̂  ∑     
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 ̂
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(Lee & Wang, 2003). 

3.7.1.4 Estimating  Lognormal  Model 

       We first consider samples with singly censored observations. The data consist of r exact 

survival times t1≤ t2≤……… ≤tr , and n-r right-censored survival times that are at least tr 

denoted by   
 . Again, we use the fact that Y =log T has normal distribution with ,mean 

                 , Estimates of          can be obtained from the transformed data 

         ,  Many authors have investigated the estimation of          ,The best linear 

estimates of   and   proposed by (Sarhan & Greenbergare, 1956). 

linear combinations of the logarithms of the r exact survival times 

 ̂  ∑                             ̂  ∑       

 

   

 

   

 

where the coefficients ai and bi are calculated and tabulated by Saharan and Greenberg. 

3.7.1.5 Estimating log-logistic Model 

Where t≥0 ,    0 ,    . Let t1,t2,…….,tr be the uncensored and     
      

      
  the 

censored observations from n persons and the survival times follow the log-logistic distribution 

Then the MLE of   and   can be obtained from solving the following two simultaneous 

equations. 
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                   (3.22) 

Using the Newton—Raphson iterative procedure. If all the survival times 

observed are uncensored, the respective equations for the MLE of    and  can be obtained 

simply by replacing r with n. 

Estimating gamma Model When data are singly censored, the survival times can be ordered as 

t1≤ t2≤……… ≤tr =     
      

  where r persons in the study have exact survival times 
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recorded and n-r, others have their lives terminated after the r
th

 death occurs. In this case, the 

maximum likelihood procedure becomes much more complicated. Let  

  ∑     ( )⁄
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The MLE of         can be obtained by solving simultaneously 
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(Wilk et al., 1962a, b) generate, for a grid of values of P and S and   ⁄  tables of values of 

  ̂     ̂  
 ̂

 ̂⁄  based on the solutions of logP and S above one needs to compute P and S first. 

3.7.1.6 Estimating Gompertz Model. 

         Assume that  t1,t2,…….,tr are the observed survival times from n individuals and the 

survival times follow the Gompertz distribution, without loss of generality, and assume that  

t1,t2,…….,tr are uncensored and,        
         

  right-censored. The MLE of         can be 

obtained by solving the equations using the Newton—Raphson iterative procedure. 
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3.7.2 The Partial Likelihood Method 

       The partial likelihood method proposed by Cox in 1975 gives essentially the model, 

Suppose a given data set consists of sampled values from a random vector Y with density 

function same results  for the model  (     ),   is the parameter of primary interest.               

( Mortensen, 2013). 

 Let that  t1,t2,…….,tr be the observed survival time for n individuals. Let the ordered death 

time of r individuals be t1≤t2≤…….≤tr then, and R(t(j))be the risk set just before t(j), and rj for its 

size. So that R(t(j))   the group of individuals who are alive and uncensored at a time just prior 

to t(j) Then the partial likelihood function for the Cox PH model is given by 

 ( )  ∏*
    ( ̀  (  ))

    (  ̀   (  )
+

 

   

 

Note that this likelihood function is only for the uncensored individuals. Let t1,t2,…….,tr be the 

observed survival time for n individuals and    be the event indicator, which is zero if the i
th

 

survival time is censored, and unity otherwise. The likelihood function in equation. (Smith, 

2004) 

 ( )  ∏*
    ( ̀  (  ))

    (  ̀   (  )
+

   

   

 

The partial likelihood is valid when there are no ties in the dataset. That means there is no two 

subjects who have the same event time.(Qi, 2009). 

After review this study I  see that " most of previous studies used Cox Proportional Hazard 

Models  to analysis the data because all results that they have from other survival models   

same of Cox Proportional Hazard Model.  

So I will discuss  Cox Proportional Hazard Model in the next chapter.  
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4.1 Semi parametric Survival Models_ Cox model_ 

         It is a semiparametric model because even if the regression parameters (the betas) are 

known, the distribution of the outcome remains unknown. The baseline survival (or hazard) 

function is not specified in a Cox model. (Kleinbaum & Klein, 2005). 

The Cox model has the flexibility to introduce time dependent explanatory variables and handle 

censoring of survival times due to its use of the partial likelihood function. This was important 

to our study in that any temporal biases due to differences  .            

The Cox proportional hazards regression model is a flexible tool for assessing the relationship 

of multiple predictors to a right-censored, time-to-event outcome, and has much in common 

with linear and logistic models.  

To understand how the Cox model works, 

 we first consider the broader class of proportional hazards models. (Vittinghoff et al,.  2005). 

A class of models used to analyses the effect of a set of covariates on the survival probability is 

the family of semi-parametric hazard models. Suppose a right censored sample of n 

independent and identical distributed (i.i.d.) individuals are given.  

Other attractive features of Cox modeling include: the relative risk type measure of association, 

no parametric assumptions, the use of the partial likelihood function, and the creation of 

survival function estimates. The class of semi parametric hazard models is given by the family 

of functions which can be written as 

 (   )    ( ) 
      ( ) 

     ( )    ∑   
 
                         (4.1) 

   (t): is an unspecified non-negative function called the baseline hazard function. 

  : is a vector [            ] of unknown parameters. 

  : is a vector [             ] of covariates. 

      is a non-negative function of the covariates called the link function. 

Notes/ 

1- Dependence of failure time on explanatory variables is precisely 

modelled; but actual distribution of failure is not parametrically 

specified, i.e.   (t) is not specified. 

2- Useful in medical situations 

 important to know which prognostic variables have an effect 

and to what extent 

 knowing the actual distribution of survival time is not as important. 



   66  

 3- special cases: 

Exponential:  (   )       ∑   
 
      ;       ( )    

Weibull:  (   )    (  )      ∑   
 
          ( )    (  )    

4- One or more components of the covariate vector    may depend on the time t, in which case 

the covariates are said to be time-dependent. If the value of the covariate vector is constant over 

time, then    is said to be a fixed-covariate vector. In the rest of this project it is assumed that 

the covariates do not depend on time, and the case of time-depend covariates will not be 

comment further.( Klein, and Moeschberger, 1997; Mortensen, 2013), 

Consider, now, two observations i and i0 that differ in their x-values, with the corresponding 

linear predictors  

                                    

and 

                                        

 

The hazard ratio for these two observations, 

  ( )

   
( )

 
  ( ) 

  

  ( ) 
 
  
   

   

 
 
  
                                        (4.2) 

is independent of time t. Consequently, the Cox model is a proportional -hazards model. (Fox, 

2008). 

Cox model widely popular: 

 No reliance on assumed distribution. 

 Computer packages can output Cox-adjusted survival estimates using algorithm that 

generalizes KM. 

 Baseline not necessary for  estimation of hazard ratio. (Kleinbaum &  Klein, 2005) 

we can found survival function from this S(t)= exp(-H(t)) for that the 

baseline survivor function; 

 (   )     * ∫   ( )   
 

 

+ 

 (   )     *    (   )∫   ( )   
 

 

+ 

 (   )  *   ( ∫   ( )   
 

 

)+

    (   )

 

=,  ( )-
    (   )                                      (4.3)  (Fieller, 2011). 
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4.2 Application on Cox model. 

Using STATA and SPSS to found the variable that have important affection on ICSI, by cox 

proportional hazards models. 

4.2.1 Demographic variables 

Table 4.1 Cox Proportional Hazard Models of Demographic variables. 

 Haz. Ratio Std. Err. Sig. 95.0% conf. interval 

    lower upper 

Number of male 

Children 
1.073 0.278 0.798 0.622 1.853 

Number of female 

Children 
1.120 0.230 0.581 0.748 1.677 

Years of married 1.010 0.033 0.750 0.946 1.079 

Female work 1.350 0.435 0.351 0.718 2.540 

Male  pregnancy 

history 
1.69 1.233 0.470 0.406 7.057 

Female pregnancy 

history 
0.836 0.502 0.766 0.258 2.712 

female married 

history 
1.067 0.512 0.891 0.417 2.735 

Male married 

history 
1.363 0.513 0.820 0.652 2.851 

 

In table 4.1all variables are not sig. >0.05, so there's no direct affection in and  almost of 

previous studies showed no affection in Demographic variables to ICSI but in (Eijkemans  et 

al., 2008; Serour et al., 2010) study there is sig. in Duration of infertility same as year of 

married but in this study no affections its return to natural of study . 
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4.2.2 Male infertility variables  

Table 4.2 Cox Proportional Hazard Models of Male infertility variables. 

 Haz. Ratio Std. Err.  Sig. 95.0% conf. interval 

    lower upper 

Male age 1.024 0.018 0.167 0.990 1.059 

Male work      

Danger "move " - - - - - 

Normal  job 1.042 0.506 0.934 0.387 2.813 

Danger "long set" 1.629 0.559 0.260 0.628 5.609 

Danger chemical 

smelling " 
1.550 0.575 .339 0.562 5.344 

Smoking 1.046 0.311 0.880 0.584 1.871 

Motility 
0.492 0.363 0.336 0.116 2.891 

sperm      

Tese oligo - - - - - 

Normal  0.969 0.480 0.948 0.378 2.484 

Oligo  0.559 0.521 0.283 0.630 4.855 

S.oligo   0.588 0.507 0.246 0.667 4.857 

Pinhead 1.173 1.191 0.875 0.161 8.574 

In table 4.2 Analysis of cox HR showed there were not significant differences in the Male 

infertility variables. when danger moves is a Reference group in Male works then no sig. on it. 

In the previous study some of male age be sig. (Martine, 2000), the smoking factor very 

important and be sig. like (Daling et al., 1986; Stillman et al. 1986), the study of  Chemes & 

Rawe, 2010. Told sig. of pinhead. 
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4.2.3 Female infertility variables 

 Table 4.3  Cox Proportional Hazard Models of Female infertility variables. 

 Haz. Ratio  Std. Err.  Sig. 95.0% conf. interval 

 lower upper 

pregame 0.558 0.334 0.330 0.172 1.807 

FSH 0.452 0.161 0.026* 0.225 0.909 

DEC 0.881 0.060 0.066** 0.770 1.008 

HMG 1.017 0.319 0.955 0.549 1.884 

Female age 0.95 0.024 0.041* 0. 810 0.976 

E2 0.999 0.000 0.973 0.999 1.001 

Eggs 0.977 0.022 0.313 0.934 1.021 

Injected egg 0.955 0.028 0.127 0.901 1.013 

Embryo Transfer 

(ET) 

0.867 0.067 0.077** 0.741 1.015 

A pronucleus (2pn) 

(gr.) 

0.352 0..309 0.036* 0.286 0.958 

Cleaved 0.952 0.023 0.046* 0.909 0.949 

Trail 1.122 0.097 0.186 0.945 1.331 

-Sig. at 5% 

-Sig. at 10% 

 

In table 4.3 we can note there are four sig. variables <0.05 . 

First FSH its very important injection the female take it in few days before operation here be 

sig 0.026 < 0.05 but in  (Hsu et al., 1999,  Loutradis et al.,1999 and Tsai et al., 2015) studies 

used FSH in analysis but without effect, on other hand we can discuss this affection the patient 

that don‘t take the injection the rate of success to be pregnant  decreases 54.8% for every 

couples need to have do ICSI.  

Second female age it‘s  The most important one I found Bhattacharya et al., 2013, Eijkemans  

et al., 2008, Shen et al., 2003 and Tsai et al., 2015 written about Female ages and all the 

previous the age be sig. when the age of female increasing one year the probability of prerace 

in ICSI a rate decrease 5%, so when the woman be younger its be more good for the pregnancy 

chances. 
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Third 2pn it‘s the first level in starting to cleaved so here we found its significant 0.036 < 0.05 

p-value when one more cell with 2pn its reduce the probability of success ICSI  operations 

64.8% such as (Tsai et al., 2015) study. 

Fourth cleaved, in this study its be sig. and here are affection between the operations and 

number of cleaved  so as in table when there are one cleaved more the chance of pregnancy 

reduce to 4.8% it's not big number but it's must  be important in ICSI operation.  

 

we can note Dec and ET are sig. variables <0.1, ET very important factor so a lot of studies 

contain it and be sig. same as (Zarutskiea & Phillips,  2007; Evans et al., 2014 and Hus et al,. 

1999)  here when the doctor pot one cleaved more the chance of pregnancy decreasing 13.3% , 

and in Dec its  decreasing 11.9% when the patient don‘t take the injections. 

4.2.4 Other Variables 

4.2.4.1 Non injection eggs 

Table 4.4 Cox Proportional Hazard Models of non-injection eggs. 

 Haz. Ratio  Std. Err.  Sig. 95.0% conf. interval 

 lower upper 

M1 1.066 0.083 0.405 0.916 1.242 

DEG 1.123 0.224 0.561 0.759 1.662 

GV 0.959 0.112 0.725 0.763 1.207 

In table 4.3 there is no affection on ICSI whit non injection eggs because the  sig.> 0.05. as all 

variables up.  

4.2.4.2 Kind Of Transfer Cleaved   

Table 4.5 Cox Proportional Hazard Models of Kind of transfer cleaved.   

 Haz. Ratio  Std. Err.  Sig. 95.0% conf. 

interval 

 lower upper 

G1 0.928 0.100 0.513 0.741 1.160 

G2 0.823 0.097 0.069** 0.634 1.010 

Morula 0.8775 0.147 0.438 0.630 1.220 

Blastocysts 1.400 0.272 0.080** 0.956 2.049 

** sig at 1% 
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 The modern study in medicine say the huge important in blastocysts when they ET one more  

cleaved the rate of success increasing 40%. 

4.2.4.3 Date Of  ICSI 

Table 4.6 Cox Proportional Hazard Models of date of  ICSI. 

 Haz. Ratio  Std. Err. Sig. 95.0% conf. interval 

 lower upper 

spring      

winter 0.646 .365 .331 .343 1.434 

summer 1.797 .479 .196 .868 5.673 

autumn 1.382 .414 .356 .651 3.295 

Finally no sig. variables in previous tables so there aren‘t action affection on ICSI so we must 

work on sig. one to high the rate of success there are studies the time is very important factor 

like (Eshre, 2001) another study say o affection like (Xia, 1997). 
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      In this study the researcher defined the dependent variables of ICSI operation, with the 

independent one to have the most faction affection in this operations. 

In the case of  this  board, there are a lot conclusions and  recommendations.  

5.1 Conclusions 

From the results of this study, the researcher reached the following conclusions: 

 By studying the correlation between variables, it is apparent that there are a sort of 

relations. 

 The correlation between male age and sperm motility is a strong, positive correlation. 

 The correlation is not strong between (Normal jobs-Normal sperm,  Long set jobs-Tese 

sperm, Danger move jobs-Severe oligo,  Chemical smelling  jobs- oligo) and all  the 

relations in males factors. 

 In females factors there are a negative, weak correlation between (female age-E2 and 

Hcg- trial). 

 In females factor there is strong correlation between ( female age-DEC, egg- Fsh and 

blastocyst-ET and 2PN) 

 There is a correlation between the other sig. variables but not an important one. 

 Due to the data the study has, the major questions that need an answer through the 

optimal statistic methods and survival analysis. 

 The study  has a decreasing survival function. 

 The study has an increasing hazard function. 

 By log-rank test there are some differences between carves in Female age,  cleaved, 

2pn,trail, Blastocysts and Fsh. 

 Due to adopting a cox proportional hazard ratio, the study reached that the females 

don‘t take FSH injection the rate of success to be pregnant  decreases 54.8% for every 

couples need to have do ICSI. 

 This study discovered that the hazard ratio when the age of female increasing one year, 

the probability of prerace in ICSI a rate decrease 5%, so when women are younger, the 

pregnancy chances will be more available. 

 This study used the  hazard ratio when one more cell with 2pn its reduce the probability 

of success ICSI  operations 64.8% 
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 The study found out that by HR when there is one cleaved more the chance of 

pregnancy reduces to 4.8% it's not a big number but it must be important in the ICSI 

operation. 

 In sig. > 0.1 when the doctor transfers one more blastocyst cleaved the rate of success 

increases to reach 40%.        

 There are a lot of previous studies that lead to affection to another variables that have 

sig. may be its cusses of the variable that available and the sample size. 

5.2 Recommendations 

The results that the study has are very important since they provide us with many important 

things about ICSI operations and its success rates. 

 Due to the new developments in medicine nowadays, the ICSI  mechanism has become 

better than the past. 

 The world statistics sign to decreasing the replied non pregnancy in the modern day.  

  Each couple has a problem in pregnancy thinking about ICSI. 

 It is very important to study the patient's condition, physiology and demography. 

Therefore, proper treatment is a must to increase success in the process of ICSI. 

 Early medical examination of the level of couples should be improved in order not to 

suffer from infertility and so as to give appropriate guidance. 

 Give to couples they want to do ICSI, some courses to increase their awareness and 

understanding the technical and reduce tension.  

 Urgent requirement to provide doctors with statistical courses in order to help them to 

develop the process of ICSI. 

 Pinpointing all the variables that cause failure and trying to reduce them. 

 The necessity to develop science and studies concerning ICSI attempts to reduce the 

repeated failures. 

 Importance of statistics in medical research. 

 The need to establishing biostatistics centers since they have a great role in developing 

medicine. 

 Paying attention to covert relations that reveal using census and understanding and 

developing. 
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 Setting up a consolidated database for all patients in the Gaza Strip, which has 

conducted ICSI for easy handling in the statistics programs. 

 Using survival analysis to find the factors affecting on survival time for the analysis of 

other events, such as medical cases of cancers and heart attacks. 
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Appendix A 

Correlations program * 

wife_age 

Symmetric Measures 
 

 Value Approx. Sig. 

Nominal by Nominal Phi .543 .653 

 Cramer's V .543 .653 

N of Valid Cases  64  

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 

 
 

program * marriedyear 

 
Symmetric Measures 
 

 Value Approx. Sig. 

Nominal by Nominal Phi .395 .903 

 Cramer's V .395 .903 

N of Valid Cases  64  

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 

 
 

program * E2 
 

Symmetric Measures 
 

 Value Approx. Sig. 

Nominal by Nominal Phi 1.000 .338 

 Cramer's V 1.000 .338 

N of Valid Cases  64  

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 

 

program * M1 

Symmetric Measures 
 

 Value Approx. Sig. 

Nominal by Nominal Phi .136 .978 

 Cramer's V .136 .978 

N of Valid Cases  64  

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 



   

  

 

     

 

 Value Approx. Sig. 

Nominal by Nominal Phi .085 .977 

 Cramer's V .085 .977 

N of Valid Cases  64  

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 

 
 

program * GV 
 

Symmetric Measures 
 

 Value Approx. Sig. 

Nominal by Nominal Phi .293 .360 

 Cramer's V .293 .360 

N of Valid Cases  64  

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 

 
 

program * G1 
 

Symmetric Measures 
 

 Value Approx. Sig. 

Nominal by Nominal Phi .366 .128 

 Cramer's V .366 .128 

N of Valid Cases  64  

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 

 
 

program * G2 
 

Symmetric Measures 
 

 Value Approx. Sig. 

Nominal by Nominal Phi .118 .828 

 Cramer's V .118 .828 

N of Valid Cases  64  

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 



   

  

 

     

 

 Value Approx. Sig. 

Nominal by Nominal Phi .288 .150 

 Cramer's V .288 .150 

N of Valid Cases  64  

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 

 
 

program * BLAS 

 
Symmetric Measures 
 

 Value Approx. Sig. 

Nominal by Nominal Phi .146 .968 

 Cramer's V .146 .968 

N of Valid Cases  64  

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 

 
 

program * ET 
 

Symmetric Measures 
 

 Value Approx. Sig. 

Nominal by Nominal Phi .415 .137 

 Cramer's V .415 .137 

N of Valid Cases  64  

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 

 
 

program * egg 

 
Symmetric Measures 
 

 Value Approx. Sig. 

Nominal by Nominal Phi .448 .883 

 Cramer's V .448 .883 

N of Valid Cases  64  

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 

 
 

program * inj 



  
 

     

 

 Value Approx. Sig. 

Nominal by Nominal Phi .561 .266 

 Cramer's V .561 .266 

N of Valid Cases  64  

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 

 
 

program * pn2 

 
Symmetric Measures 
 

 Value Approx. Sig. 

Nominal by Nominal Phi .292 .859 

 Cramer's V .292 .859 

N of Valid Cases  64  

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 

 
 

program * cleaved 

 
Symmetric Measures 
 

 Value Approx. Sig. 

Nominal by Nominal Phi .348 .652 

 Cramer's V .348 .652 

N of Valid Cases  64  

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 

 
 

program * CHCG 

 
Symmetric Measures 
 

 Value Approx. Sig. 

Nominal by Nominal Phi .627 .157 

 Cramer's V .627 .157 

N of Valid Cases  64  

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 

 
 

program * TRAIL 



  
 

     

 

 Value Approx. Sig. 

Nominal by Nominal Phi .231 .755 

 Cramer's V .231 .755 

N of Valid Cases  64  

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 

 
 

season * E2 
 

Symmetric Measures 
 

  

Value 

Asymp. Std. 

Error
a

 Approx. T
b

 

 

Approx. Sig. 

Ordinal by Ordinal Gamma 

N of Valid Cases 

-.092- 

64 

.105 -.875- .382 

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 

 

season * MUR 
 

Symmetric Measures 
 

  

Value 

Asymp. Std. 

Error
a

 Approx. T
b

 

 

Approx. Sig. 

Ordinal by Ordinal Gamma 

N of Valid Cases 

.161 

64 

.166 .957 .339 

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 

 

season * G1 
 

Symmetric Measures 
 

  

Value 

Asymp. Std. 

Error
a

 Approx. T
b

 

 

Approx. Sig. 

Ordinal by Ordinal Gamma 

N of Valid Cases 

-.069- 

64 

.172 -.402- .687 

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 

 

season * BLAS 



  
 

     

 

  

Value 
Asymp. Std. 
Error

a
 Approx. T

b
 

 

Approx. Sig. 

Ordinal by Ordinal Gamma 

N of Valid Cases 

-.079- 

64 

.124 -.642- .521 

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 

 

season * ET 
 

Symmetric Measures 
 

  

Value 

Asymp. Std. 

Error
a

 Approx. T
b

 

 

Approx. Sig. 

Ordinal by Ordinal Gamma 

N of Valid Cases 

-.168- 

64 

.116 -1.435- .151 

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 

 

season * egg 
 

Symmetric Measures 
 

  

Value 

Asymp. Std. 

Error
a

 Approx. T
b

 

 

Approx. Sig. 

Ordinal by Ordinal Gamma 

N of Valid Cases 

.021 

64 

.113 .185 .853 

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 

 

season * inj 
 

Symmetric Measures 
 

  

Value 

Asymp. Std. 

Error
a

 Approx. T
b

 

 

Approx. Sig. 

Ordinal by Ordinal Gamma 

N of Valid Cases 

.038 

64 

.114 .330 .742 

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 

 

season * pn2 



  
 

     

 

  

Value 
Asymp. Std. 
Error

a
 Approx. T

b
 

 

Approx. Sig. 

Ordinal by Ordinal Gamma 

N of Valid Cases 

-.031- 

64 

.126 -.243- .808 

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 

 

season * cleaved 
 

Symmetric Measures 
 

  

Value 

Asymp. Std. 

Error
a

 Approx. T
b

 

 

Approx. Sig. 

Ordinal by Ordinal Gamma 

N of Valid Cases 

-.059- 

64 

.127 -.462- .644 

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 

 

season * CHCG 
 

Symmetric Measures 
 

  

Value 

Asymp. Std. 

Error
a

 Approx. T
b

 

 

Approx. Sig. 

Ordinal by Ordinal Gamma 

N of Valid Cases 

-.213- 

64 

.173 -1.205- .228 

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 

 

season * TRAIL 
 

Symmetric Measures 
 

  

Value 

Asymp. Std. 

Error
a

 Approx. T
b

 

 

Approx. Sig. 

Ordinal by Ordinal Gamma 

N of Valid Cases 

-.189- 

64 

.154 -1.220- .222 

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 

 

sperm * E2 



  
 

     

 

  

Value 
Asymp. Std. 
Error

a
 Approx. T

b
 

 

Approx. Sig. 

Ordinal by Ordinal Gamma 

N of Valid Cases 

-.218- 

64 

.105 -2.065- .039 

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 

 

sperm * MUR 
 

Symmetric Measures 
 

  

Value 

Asymp. Std. 

Error
a

 Approx. T
b

 

 

Approx. Sig. 

Ordinal by Ordinal Gamma 

N of Valid Cases 

-.066- 

64 

.181 -.367- .714 

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 

 

sperm * G1 
 

Symmetric Measures 
 

  

Value 

Asymp. Std. 

Error
a

 Approx. T
b

 

 

Approx. Sig. 

Ordinal by Ordinal Gamma 

N of Valid Cases 

.173 

64 

.164 1.027 .305 

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 

 

sperm * BLAS 
 

Symmetric Measures 
 

  

Value 

Asymp. Std. 

Error
a

 Approx. T
b

 

 

Approx. Sig. 

Ordinal by Ordinal Gamma 

N of Valid Cases 

-.115- 

64 

.135 -.850- .395 

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 

 

sperm * ET 



  
 

     

 

  

Value 
Asymp. Std. 
Error

a
 Approx. T

b
 

 

Approx. Sig. 

Ordinal by Ordinal Gamma 

N of Valid Cases 

-.011- 

64 

.122 -.091- .927 

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 

 

sperm * egg 
 

Symmetric Measures 
 

  

Value 

Asymp. Std. 

Error
a

 Approx. T
b

 

 

Approx. Sig. 

Ordinal by Ordinal Gamma 

N of Valid Cases 

.089 

64 

.131 .677 .499 

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 

 

sperm * inj 
 

Symmetric Measures 
 

  

Value 

Asymp. Std. 

Error
a

 Approx. T
b

 

 

Approx. Sig. 

Ordinal by Ordinal Gamma 

N of Valid Cases 

.081 

64 

.132 .609 .542 

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 

 

sperm * pn2 
 

Symmetric Measures 
 

  

Value 

Asymp. Std. 

Error
a

 Approx. T
b

 

 

Approx. Sig. 

Ordinal by Ordinal Gamma 

N of Valid Cases 

-.048- 

64 

.121 -.392- .695 

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 

 

sperm * cleaved 



  
 

 

 

  

Value 
Asymp. Std. 
Error

a
 Approx. T

b
 

 

Approx. Sig. 

Ordinal by Ordinal Gamma 

N of Valid Cases 

-.055- 

64 

.119 -.462- .644 

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 

 

sperm * CHCG 
 

Symmetric Measures 
 

  

Value 

Asymp. Std. 

Error
a

 Approx. T
b

 

 

Approx. Sig. 

Ordinal by Ordinal Gamma 

N of Valid Cases 

-.294- 

64 

.173 -1.720- .085 

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 

 

sperm * TRAIL 
 

Symmetric Measures 
 

  

Value 

Asymp. Std. 

Error
a

 Approx. T
b

 

 

Approx. Sig. 

Ordinal by Ordinal Gamma 

N of Valid Cases 

.187 

64 

.144 1.296 .195 

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 

 

has_work * statues 
 

Directional Measures 
 

  

Value 

Asymp. Std. 

Error
a

 

Nominal by Nominal Lambda Symmetric 

has_work Dependent 

statues Dependent 

.000 .000 

 .000 .000 

 .000 .000 

 Goodman and Kruskal tau has_work Dependent 

statues Dependent 

.022 .019 

 .059 .045 



 

 

Directional Measures 
 

  

Approx. T 

 

Approx. Sig. 

Nominal by Nominal Lambda Symmetric 

has_work Dependent statues Dependent 

.b 

.b 

.b 

.b 

.b 

.b 

Goodman and Kruskal tau has_work Dependent 

statues Dependent 

 .252
c
 

.297
c
 

a. Not assuming the null hypothesis. 

b. Cannot be computed because the asymptotic standard error equals zero. 

c. Based on chi-square approximation 

 

Directional Measures 
 

  

Value 

Asymp. Std. 

Error
a

 

Nominal by Nominal Lambda Symmetric 

has_work Dependent 

sperm Dependent 

.113 .100 

 .061 .138 

 .158 .102 

 Goodman and Kruskal tau has_work Dependent 

sperm Dependent 

.105 .053 

 .110 .049 
 

Directional Measures 
 

 
Approx. T

b
 

 

Approx. Sig. 

Nominal by Nominal Lambda Symmetric 

has_work Dependent sperm Dependent 

1.079 

.427 

1.437 

.281 

.669 

.151 

Goodman and Kruskal tau has_work Dependent 

sperm Dependent 

 .019
c
 

.013
c
 

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 

c. Based on chi-square approximation 

 

normaljob * normal 

 
Crosstab 

 

Count 

 normal  

Total no yes 

normaljob no 24 9 33 

 yes 14 17 31 

Total  38 26 64 



  
 

 

 

 Value Approx. Sig. 

Nominal by Nominal Phi .280 .025 

 Cramer's V .280 .025 

N of Valid Cases  64  

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 

 
 

normaljob * oligo 

 
Symmetric Measures 
 

 Value Approx. Sig. 

Nominal by Nominal Phi -.087- .485 

 Cramer's V .087 .485 

N of Valid Cases  64  

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 

 
 

normaljob * s.oligo 

 
Symmetric Measures 
 

 Value Approx. Sig. 

Nominal by Nominal Phi -.178- .153 

 Cramer's V .178 .153 

N of Valid Cases  64  

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 

 
 

normaljob * tese 

 
Symmetric Measures 
 

 Value Approx. Sig. 

Nominal by Nominal Phi -.083- .508 

 Cramer's V .083 .508 

N of Valid Cases  64  

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 

 
 

longset * normal 



  
 

 

 

 Value Approx. Sig. 

Nominal by Nominal Phi -.234- .061 

 Cramer's V .234 .061 

N of Valid Cases  64  

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 

 
 

longset * oligo 

 
Symmetric Measures 
 

 Value Approx. Sig. 

Nominal by Nominal Phi -.108- .389 

 Cramer's V .108 .389 

N of Valid Cases  64  

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 

 
 

longset * s.oligo 

 
Symmetric Measures 
 

 Value Approx. Sig. 

Nominal by Nominal Phi .155 .214 

 Cramer's V .155 .214 

N of Valid Cases  64  

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 

 
 

longset * tese 
 

Symmetric Measures 
 

 Value Approx. Sig. 

Nominal by Nominal Phi .303 .015 

 Cramer's V .303 .015 

N of Valid Cases  64  

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 

 
 

chemical * normal 



  
 

 

 

 Value Approx. Sig. 

Nominal by Nominal Phi -.157- .208 

 Cramer's V .157 .208 

N of Valid Cases  64  

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 

 
 

chemical * oligo 

 
Symmetric Measures 
 

 Value Approx. Sig. 

Nominal by Nominal Phi .335 .007 

 Cramer's V .335 .007 

N of Valid Cases  64  

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 

 
 

chemical * s.oligo 

 
Symmetric Measures 
 

 Value Approx. Sig. 

Nominal by Nominal Phi -.096- .443 

 Cramer's V .096 .443 

N of Valid Cases  64  

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 

 
 

chemical * tese 

 
Symmetric Measures 
 

 Value Approx. Sig. 

Nominal by Nominal Phi -.098- .435 

 Cramer's V .098 .435 

N of Valid Cases  64  

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 



 
 

 

 

 wife_age marriedyear E2 M1 DEG 

wife_age Pearson Correlation 1 .563
**

 -.206- -.144- -.099- 

 Sig. (1-tailed)  .000 .051 .128 .218 

 N 64 64 64 64 64 

marriedyear Pearson Correlation .563
**

 1 -.060- -.096- .107 

 Sig. (1-tailed) .000  .320 .226 .200 

 N 64 64 64 64 64 

E2 Pearson Correlation -.206- -.060- 1 .365
**

 .013 

 Sig. (1-tailed) .051 .320  .002 .458 

 N 64 64 64 64 64 

M1 Pearson Correlation -.144- -.096- .365
**

 1 .003 

 Sig. (1-tailed) .128 .226 .002  .491 

 N 64 64 64 64 64 

DEG Pearson Correlation -.099- .107 .013 .003 1 

 Sig. (1-tailed) .218 .200 .458 .491  

 N 64 64 64 64 64 

GV Pearson Correlation -.201- -.012- .201 .122 .426
**

 

 Sig. (1-tailed) .056 .461 .056 .168 .000 

 N 64 64 64 64 64 

G1 Pearson Correlation -.348-
**

 -.220-
*

 -.110- .061 .098 

 Sig. (1-tailed) .002 .040 .195 .315 .220 

 N 64 64 64 64 64 

G2 Pearson Correlation -.109- -.062- .117 .100 -.102- 

 Sig. (1-tailed) .195 .313 .178 .215 .212 

 N 64 64 64 64 64 

MUR Pearson Correlation .107 .089 -.031- .090 .006 

 Sig. (1-tailed) .201 .242 .404 .240 .482 

 N 64 64 64 64 64 

BLAS Pearson Correlation -.006- .200 .178 .065 .057 

 Sig. (1-tailed) .482 .057 .079 .306 .326 

 N 64 64 64 64 64 

ET Pearson Correlation -.226-
*

 .032 .107 .174 .071 

 Sig. (1-tailed) .036 .400 .200 .085 .288 

 N 64 64 64 64 64 

egg Pearson Correlation -.294-
**

 .031 .270
*

 .448
**

 .224
*

 

 Sig. (1-tailed) .009 .403 .016 .000 .037 

 N 64 64 64 64 64 

inj Pearson Correlation -.276-
*

 .054 .182 .237
*

 .048 

 Sig. (1-tailed) .014 .335 .075 .029 .352 

 N 64 64 64 64 64 

pn2 Pearson Correlation -.170- .107 .061 .093 .041 

 Sig. (1-tailed) .089 .201 .316 .233 .373 

 N 64 64 64 64 64 



 
 

 

 

 GV G1 G2 MUR BLAS 

wife_age Pearson Correlation -.201- -.348-
**

 -.109- .107 -.006- 

 Sig. (1-tailed) .056 .002 .195 .201 .482 

 N 64 64 64 64 64 

marriedyear Pearson Correlation -.012- -.220-
*

 -.062- .089 .200 

 Sig. (1-tailed) .461 .040 .313 .242 .057 

 N 64 64 64 64 64 

E2 Pearson Correlation .201 -.110- .117 -.031- .178 

 Sig. (1-tailed) .056 .195 .178 .404 .079 

 N 64 64 64 64 64 

M1 Pearson Correlation .122 .061 .100 .090 .065 

 Sig. (1-tailed) .168 .315 .215 .240 .306 

 N 64 64 64 64 64 

DEG Pearson Correlation .426
**

 .098 -.102- .006 .057 

 Sig. (1-tailed) .000 .220 .212 .482 .326 

 N 64 64 64 64 64 

GV Pearson Correlation 1 .318
**

 -.015- -.129- .004 

 Sig. (1-tailed)  .005 .453 .155 .488 

 N 64 64 64 64 64 

G1 Pearson Correlation .318
**

 1 .188 -.213-
*

 -.164- 

 Sig. (1-tailed) .005  .068 .045 .098 

 N 64 64 64 64 64 

G2 Pearson Correlation -.015- .188 1 -.194- -.242-
*

 

 Sig. (1-tailed) .453 .068  .062 .027 

 N 64 64 64 64 64 

MUR Pearson Correlation -.129- -.213-
*

 -.194- 1 .011 

 Sig. (1-tailed) .155 .045 .062  .466 

 N 64 64 64 64 64 

BLAS Pearson Correlation .004 -.164- -.242-
*

 .011 1 

 Sig. (1-tailed) .488 .098 .027 .466  

 N 64 64 64 64 64 

ET Pearson Correlation .155 .514
**

 .229
*

 .226
*

 .594
**

 

 Sig. (1-tailed) .110 .000 .035 .036 .000 

 N 64 64 64 64 64 

egg Pearson Correlation .648
**

 .387
**

 -.065- .005 .323
**

 

 Sig. (1-tailed) .000 .001 .304 .485 .005 

 N 64 64 64 64 64 

inj Pearson Correlation .480
**

 .383
**

 -.112- .019 .389
**

 

 Sig. (1-tailed) .000 .001 .190 .441 .001 

 N 64 64 64 64 64 

pn2 Pearson Correlation .096 .411 
**

 .078 .119 .580
**

 

 Sig. (1-tailed) .225 .000 .269 .175 .000 

 N 64 64 64 64 64 



 
 

 

 

 ET egg inj pn2 cleaved 

wife_age Pearson Correlation -.226-
*

 -.294-
**

 -.276-
*

 -.170- -.176- 

 Sig. (1-tailed) .036 .009 .014 .089 .082 

 N 64 64 64 64 64 

marriedyear Pearson Correlation .032 .031 .054 .107 .100 

 Sig. (1-tailed) .400 .403 .335 .201 .215 

 N 64 64 64 64 64 

E2 Pearson Correlation .107 .270
*

 .182 .061 .066 

 Sig. (1-tailed) .200 .016 .075 .316 .301 

 N 64 64 64 64 64 

M1 Pearson Correlation .174 .448
**

 .237
*

 .093 .110 

 Sig. (1-tailed) .085 .000 .029 .233 .194 

 N 64 64 64 64 64 

DEG Pearson Correlation .071 .224
*

 .048 .041 .035 

 Sig. (1-tailed) .288 .037 .352 .373 .392 

 N 64 64 64 64 64 

GV Pearson Correlation .155 .648
**

 .480
**

 .096 .095 

 Sig. (1-tailed) .110 .000 .000 .225 .227 

 N 64 64 64 64 64 

G1 Pearson Correlation .514
**

 .387
**

 .383
**

 .411 
**

 .416
**

 

 Sig. (1-tailed) .000 .001 .001 .000 .000 

 N 64 64 64 64 64 

G2 Pearson Correlation .229
*

 -.065- -.112- .078 .083 

 Sig. (1-tailed) .035 .304 .190 .269 .256 

 N 64 64 64 64 64 

MUR Pearson Correlation .226
*

 .005 .019 .119 .129 

 Sig. (1-tailed) .036 .485 .441 .175 .155 

 N 64 64 64 64 64 

BLAS Pearson Correlation .594
**

 .323
**

 .389
**

 .580
**

 .586
**

 

 Sig. (1-tailed) .000 .005 .001 .000 .000 

 N 64 64 64 64 64 

ET Pearson Correlation 1 .501
**

 .541
**

 .812
**

 .827
**

 

 Sig. (1-tailed)  .000 .000 .000 .000 

 N 64 64 64 64 64 

egg Pearson Correlation .501
**

 1 .941
**

 .449
**

 .459
**

 

 Sig. (1-tailed) .000  .000 .000 .000 

 N 64 64 64 64 64 

inj Pearson Correlation .541
**

 .941
**

 1 .519
**

 .527
**

 

 Sig. (1-tailed) .000 .000  .000 .000 

 N 64 64 64 64 64 

pn2 Pearson Correlation .812
**

 .449
**

 .519
**

 1 .992
**

 

 Sig. (1-tailed) .000 .000 .000  .000 

 N 64 64 64 64 64 



 
 

 

 

 CHCG TRAIL 

wife_age Pearson Correlation -.096- .283
*

 

 Sig. (1-tailed) .225 .012 

 N 64 64 

marriedyear Pearson Correlation .037 .386
**

 

 Sig. (1-tailed) .387 .001 

 N 64 64 

E2 Pearson Correlation -.084- .022 

 Sig. (1-tailed) .254 .431 

 N 64 64 

M1 Pearson Correlation -.031- -.130- 

 Sig. (1-tailed) .404 .153 

 N 64 64 

DEG Pearson Correlation -.008- .110 

 Sig. (1-tailed) .475 .194 

 N 64 64 

GV Pearson Correlation .051 -.081- 

 Sig. (1-tailed) .345 .262 

 N 64 64 

G1 Pearson Correlation .149 -.166- 

 Sig. (1-tailed) .120 .095 

 N 64 64 

G2 Pearson Correlation .027 -.149- 

 Sig. (1-tailed) .415 .121 

 N 64 64 

MUR Pearson Correlation -.162- -.074- 

 Sig. (1-tailed) .101 .280 

 N 64 64 

BLAS Pearson Correlation .362
**

 -.070- 

 Sig. (1-tailed) .002 .291 

 N 64 64 

ET Pearson Correlation .322
**

 -.258-
*

 

 Sig. (1-tailed) .005 .020 

 N 64 64 

egg Pearson Correlation .100 -.124- 

 Sig. (1-tailed) .216 .165 

 N 64 64 

inj Pearson Correlation .137 -.115- 

 Sig. (1-tailed) .141 .184 

 N 64 64 

pn2 Pearson Correlation .310
**

 -.107- 

 Sig. (1-tailed) .006 .199 

 N 64 64 



 
 

 

 

 wife_age marriedyear E2 M1 DEG 

cleaved Pearson Correlation -.176- .100 .066 .110 .035 

 Sig. (1-tailed) .082 .215 .301 .194 .392 

 N 64 64 64 64 64 

CHCG Pearson Correlation -.096- .037 -.084- -.031- -.008- 

 Sig. (1-tailed) .225 .387 .254 .404 .475 

 N 64 64 64 64 64 

TRAIL Pearson Correlation .283
*

 .386
**

 .022 -.130- .110 

 Sig. (1-tailed) .012 .001 .431 .153 .194 

 N 64 64 64 64 64 
 

Correlations 
 

 GV G1 G2 MUR BLAS 

cleaved Pearson Correlation .095 .416
**

 .083 .129 .586
**

 

 Sig. (1-tailed) .227 .000 .256 .155 .000 

 N 64 64 64 64 64 

CHCG Pearson Correlation .051 .149 .027 -.162- .362
**

 

 Sig. (1-tailed) .345 .120 .415 .101 .002 

 N 64 64 64 64 64 

TRAIL Pearson Correlation -.081- -.166- -.149- -.074- -.070- 

 Sig. (1-tailed) .262 .095 .121 .280 .291 

 N 64 64 64 64 64 
 

Correlations 
 

 ET egg inj pn2 cleaved 

cleaved Pearson Correlation .827
**

 .459
**

 .527
**

 .992
**

 1 

 Sig. (1-tailed) .000 .000 .000 .000  

 N 64 64 64 64 64 

CHCG Pearson Correlation .322
**

 .100 .137 .310
**

 .308
**

 

 Sig. (1-tailed) .005 .216 .141 .006 .007 

 N 64 64 64 64 64 

TRAIL Pearson Correlation -.258-
*

 -.124- -.115- -.107- -.106- 

 Sig. (1-tailed) .020 .165 .184 .199 .203 

 N 64 64 64 64 64 



 

 

 

 

 

 CHCG TRAIL 

cleaved Pearson Correlation .308
**

 -.106- 

 Sig. (1-tailed) .007 .203 

 N 64 64 

CHCG Pearson Correlation 1 -.259-
*

 

 Sig. (1-tailed)  .020 

 N 64 64 

TRAIL Pearson Correlation -.259-
*

 1 

 Sig. (1-tailed) .020  

 N 64 64 

**. Correlation is significant at the 0.01 level (1-tailed). 

*. Correlation is significant at the 0.05 level (1-tailed). 

 

Crosstabs 

[DataSet1] C:\Users\MKH\Desktop\used data.sav 

 

dangermove * normal 

 
Symmetric Measures 
 

 Value Approx. Sig. 

Nominal by Nominal Phi .061 .623 

 Cramer's V .061 .623 

N of Valid Cases  64  

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 

 
 

dangermove * oligo 

 
Symmetric Measures 
 

 Value Approx. Sig. 

Nominal by Nominal Phi -.193- .122 

 Cramer's V .193 .122 

N of Valid Cases  64  

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 

 
 

dangermove * s.oligo 



 

 

 

Symmetric Measures 
 

 Value Approx. Sig. 

Nominal by Nominal Phi .237 .058 

 Cramer's V .237 .058 

N of Valid Cases  64  

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 

 
 

dangermove * tese 

 
Symmetric Measures 
 

 Value Approx. Sig. 

Nominal by Nominal Phi -.122- .331 

 Cramer's V .122 .331 

N of Valid Cases  64  

a. Not assuming the null hypothesis. 

b. Using the asymptotic standard error assuming the null hypothesis. 

 


