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Abstract 

The mental illness, schizophrenia, is a long-term brain disorder which interferes with a 

person's ability of thinking, managing emotions, making decisions and relating to other 

people. Schizoplu'enic patients have constantl y been fo und to have a higher mortality 

rate. The aim of thi s research paper is therefore to make a contribution towards the 

overview of pati ents with schizophrenia and thereby to identify important factors that 

have a significant effect on the survival status of those patients in a five-year follow up. 

Proportional hazards model was employed to identi fy the covariates that have a 

statistically sign ificant effect on the survival longevity of schizophrenic patients. The 

estimation of the model parameters is done by partial maximum like lihood procedures. 

Computer programs were prepared to obtain the partial maximum likelihood estimates 

for the underlying parameters in the model. The study had shown that marital status, 

substance use and duration of illness have a significant effect on the survival longevity of 

the patients in Butaj ira project. 
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Chapter One 

Introduction 

1.1 Background of the Study 

An estimated 400 million people suffer from mental or neuro logical disorders or from 

psychosocial problems such as those related to alcoho l and drug ab use. The World Health 

Report (Brundland, 2001) on mental health states that mental health-neglected for far too 

long is crucial to the overall well-being of individuals, societies, and countries and must be 

universa ll y regarded in a new light. This study focu ses on one specific mental hea lth 

problem namely, schizophren ia. Schizophrenia is the most persistent and disab li ng of the 

major mental illnesses, affecting one in 100 people wo rldwide at some time in their li fe, 

with an arumal new incidence of about 15-30 per 100,000. There are as many as 45-50 

million people with schizophreni a worldwide, more than 33 mil lion of them in developing 

countries (Schizophrenia information). 

The word schi zophren ia which translates roughly as "splitting of mind" and comes from the 

Greek roots schi zein ("to split") and phren-("mind") was coined by Eugen Bleuler in 1908 

and was intended to describe sch izophrenia as the separation of functioning between 

personality, thinking, memory, and perception . 

Schizophrenia is a serious brain di sorder that disturbs the interaction of menta l fu nctions in 

various ways. Schizophrenia patients experi ence progressive personality changes and a 

breakdown in their relationships with the outside wo rld. People who suffer from 

schi zophrenia can have a very broad range of symptoms which cause great di stress to 

themselves and their families. They have disorganized and abnomlal thinking, behavior and 

language and become emotionall y unresponsive. 

Schi zophrenia is a long-term brain di sorder wh ich interferes with a person's abi lity of 

th inking, managing emoti ons , making decisions and relating to other people. Schizophrenic 



" patients may see or hear things that don 't ex ist, speak in strong confusing ways, and believe 

that others are trying to haml them, or feel li ke they are bei ng constantly watched. 

In some people, schi zophrenia appears suddenly and without warning. But for most, it comes 

on slowly, wi th subtle warn ing and gradual dec li ne in funct ioning long before. They start to 

iso late themselves, start neglect ing their appearance, and show a general difference to li fe. 

Among the most common early walll ing signs of schi zophrenia are social withdrawals, 

suspi ciousness, deterioration of personal hygiene, inappropriate laugh or crying, depression, 

irrationa l statements, and so on. The symptoms that characterize schi zophrenia are delusions 

(false beli efs that cannot be corrected by reason), hallucinations (usuall y in the form of non­

existent voices), disorgan ized speech, disorgan ized behavior, and the negati ve symptom that 

refers to the absence of norm al behavior found in menta lly hea lthy individuals. 

Studies had shown that schizophrenia usuall y occurs equall y in males and females although 

typica ll y appears earlier in men with the peak age of onset being 20-28 years and 26-32 years 

for females, as they are beginning to reali ze their potential and contribute more and more to 

economic development of their country. Most people with schizophrenia become ill at the 

age they wou ld be making career choices, undergoing trai ning and f0l111 ing adu lt 

. relationships. As the result, they often lack social and work skills . 

We do not yet understand what causes schi zophrenia. Scientists generall y agree that 

schizophrenia is a group of conditions rather than one simple di sease and may therefore be 

found to have several causes. It is generall y accepted by researchers that differences in the 

brain-chemical or structural , or both-may playa part in the disorder. 

Genetic research suggest that while no one gene has been found for sch izoplu'eni a, severa l 

genes may cause a predisposit ion that can be triggered by certain life events. A person is 

more like ly to get schizophrenia from his/her parents. 
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Env ironmental factors may also playa ro le, For example, infants who have birth trauma 

(disasters shock, disturbance) may be at a greater ri sk of developing schizophrenia, There are 

other soc io-economic factors like poverty that can tri gger the onset of schizophrenia, Other 

factors like stress after loss of a job and substance abuse are assumed to be causes of 

schizophrenia, 

The diagnosis for schi zophren ia is based on the self-report experience of the person as well 

as abnormalities in behavior reported by famil y members, friend or co-workers, followed by 

secondary and other supporti ve signs observed by a psychiatrist, social worker, clinical 

psycho logist or other clinical assessment. The most widely used criteria for diagnosing 

schizophrenia are from the American Psychiatric Association's Diagnostic and Statistical 

Manua l of Mental Disorders, the current version being DSM-TV-TR, and the World Health 

Organizati on 'S lntemational Statistical C lassification of Diseases and Related Health 

Problems-currentl y the lCD-1 0, Based on those diagnostic criteria a person can be checked 

whether he or she is suffering from schizophrenia or not. The World Health Organization 

has developed the tool Schedules for Clinical Assessment in Neuropsychiatry (SCAN) which 

can be used for diagnosing a number of psychiatric conditions, including schi zophren ia, 

Although there is an attitudinal improvement from time to time and wi th ongoing educational 

improvement of the society, negative attitudes towards people with such kinds of mental 

health problems which may often be deri ved from public mi sconceptions of what the 

condi tion is, and the symptoms associated with it are well documented, These attitudes lead 

to di scriminations in many domains, including at work place and housing, and to rej ection by 

famil y and friend s, They can also lead to anticipated and actual discrimination and 

internalized stigma to decrease life satisfaction and self confidence, and to increase alcohol 

use, fu rther social isolation, the inabili ty to work, the loss of jobs or education and 

subsequently income, As a consequence of these many schizophrenic patients show 

symptoms of depression, appearing withdrawn from soc ial interaction and they are unable to 

cope with li fe, For such patients suicide is seen as the on ly solution which in turn results in 

the increased mortality of sch izoplu'enic patients compared with the general popUlation, 
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When we come to the treatment of schizophrenia, despite extensive research there is still no 

known "cure" fo r schizophrenia. However, the outlook fo r people with schizophrenia has 

im proved greatl y in the last few decades and many people can be treated outs ide hospital and 

li ve w ithin the community for most o f their li ves. Although schi zophrenia is a chronic 

di so rder, help is available for the patients with social support, counseling, medicati on, and so 

on. Many people with schizophrenia are able to function independentl y and li ve sati sfying 

life. 

1.2 Statement of the problem 

In low- income countri es where malnutrition and infec tions diseases are common, mental 

d isorders or brain conditions are given very low priority. Not only in the develop ing nati ons, but 

also in almost a ll half of the countri es in the wo rl d there is no explic it mental health po li cy and 

there is no program for coping with the ri sing tide of brain related di sabiliti es . There are 

insuffic ient numbers o f skilled pol icy makers, managers and clinicians and the mental health 

budgets are inadequate. In most of the world , mental health services are inaccessible or of poor 

quali ty. The world hea lth organi zation (World Hea lth Organi zation, 1998) reported that, of the 

countri es of the world surveyed : 4 1 % have no mental health poli cy, 25% have no legis lation on 

mental hea lth , 28% have no separate budget on the mental health, 4 1 % do not have treatment 

fac il it ies for the severe mental di sorders in primary health care, 37% have no community hea lth 

care fac iliti es, and only about 65% o f the beds for mental health y care are in the mental 

hospitals. 

The pro fessional and public awareness of the real burden of mental di sorders and the cost in 

human, social and economic teJ1l1S is not yet recogni zed. Fluihennore there are many barri ers 

which prevent mi ll ions of sufferers from receiving the treatment they need and deserve. Most 

people who wo uld benefit from psychiatri c treatment and rehabilitation do not have affordable 

access to such services. Leadership-at all levels-for mental hea lth system development needs to 

be greatl y strengthened. 
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A 2001 Institute of Medicine report on mental illness in develop ing countri es found that in 1990, 

over two-thirds of people with sch izophreni a in these countries were not rece iving any treatment. 

Whil e man y pati ents with sch izophrenia respond to treatments, there are on ly few developing 

countri es who are taking steps to provide care. 

Patients wi th schi zophrenia have constantl y been found to have a high rate of natural and 

unnatural mortality (Ponnudurai et a!. , 2006). Furthermore an international pilot stud y of 

schi zoplu'enia (TPSS ; World Health Organi zation , 1979), the Detenninants of outcome of Severe 

Mental Disorders (DoSMED; Jablensky et a!. , 1992), Inte l11ational study of schi zophrenia (IS0S; 

Harri son et a!. , 200 I) had shown that the rate of experi encing an event by schi zophrenic patients 

are more likely in low-and middle-income countri es. Patel et a!. , (2006) also studied that high 

mortal ity rate have been reported fro m low- and middle-income countri es. 

The cause of excess mortality due to schi zoplu'enia is a multifactorial issue and thus somewhat 

difficult to exp lain eas ily. However, determinants of factors that have impact on the longev ity of 

patients with schi zophrenia have to be intensively studied. 

The aim of thi s paper is therefore to make a contribution towards the general overview of 

patients with schi zophrenia and thereby to identify important factors that have a sign ificant rol e 

on the survival status of those patients using the stati stical method called surviva l analysis. Such 

analysis usuall y attempts to answer questions such as: What is the fraction of a popUlation with 

schi zophrenia which wi ll survive past a certain time? What are the important pred ictor vari ables 

that do have a direct or an indi rect effect on the survi val status of populations with 

schi zophrenia? How do particu lar circumstances or characteristics increase or decrease the odds 

of the survival? 

1.3 Objectives of the Study 

MOitality in patients w ith schi zophrenia is consistently higher than in the general population. 

Patients with schi zophreni a had an increased morta lity both fro m natural causes (cancer, hea rt 
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di sease, respiratory di sease) and unnatural causes (accident, homicide, suicide) (Brown, et.al , 

2000). Although a large body of evidence has been accumulated in assessi ng the excess 

morta lity of patients with schizophren ia, the understanding of the factors that enhance the 

mortality rate in Ethiopia is not ava il able. The general objecti ve of thi s research paper is 

therefore to assess the effect of multiple covariates on survival longevity of schi zophren ic 

pati ents. 

Specific objectives: 

./ To demonstrate the technique for analys is of lifetime data . 

./ To demonstrate the appli cation of statistics in medica l areas especiall y in psychi atry. 

1.4 Significance of the Study 

• The results/find ings of the study may serve as a preliminary study for the assessment of 

patients with schizop lu·eni a. 

• The results/ findi ng of the study may be used as a basis to create a general awareness of the 

people towards schi zoplu·eni a. 

Based on the results of the stud y we forward the way that might help to increase the life 

span of schi zophrenia patients. 

1.5 Limitations of the Study 

The stud y has different limitations that are assu med not to have a considerable effect on the 

outcome of the work. The major limitation of th is stud y goes with the problems related to the use 

of secondary data. As different literatures pointed out, there are different factors that are assumed 

to have impacts on the mortality of schi zophrenic pat ients . The quality of soc ial sllpport, 
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numbers of relapses, compliance with treatment, functional status before and after the onset of 

the il lness are some facto rs that co ul d have impacts. However, we did not get data on these 

variab les to include in the analysis. This may make the study somewhat incomplete. 

The second li mitation is the controversy about measuring the response vari able ti me. If time is 

measured by a counter variable in units of time, the Cox model assumes that the hazard rate 

increases li nearl y with time, conditiona l on the covariates in the model. It is possible, however, 

for the time vari ab le to be a logarithmic or some other fu nction of the counter. But the problem is 

that the signifi cance or non-sign ificance of the covariates in the model may vary by the type of 

the time vari able used wh ich consequently affects the interpretations and inferences made based 

on the study results. Smal ler time units provide mo re time intervals, which in turn increase the 

power of the Cox model (less chance of type II elTor: thinking there is no relation of the modeled 

va ri ab le to the response when in fact there is). Contrary to thi s larger time units provide fewer 

time intervals reducing agai n the power of the Cox model. Non-existence of appropriate time 

units may create a prob lem in the ana lysis. Furth erm ore the use of time uni t in thi s case seems 

arb itrary and not reasonable resulting in different interpretation and conclusions from same data 

set. 

Chapter Two 

Literature Review 

2.1 The general literature about the model used in the study 

The origin of survival analysis goes back to the time when mortality tab les were introduced. 

However, it was not until World War II that a new era of surviva l analysis emerged. This new 

era was stimulated by interest in re li abi li ty (or failure time) of mili tary equ ipment. At the end of 

the war, this newl y developed statistical method emerging from strict mortality data research to 
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failure time research, qu ickly spread through private industry to control the reli ab ili ty of 

products. 

As the use of surv iva~~is-gl'ew;-parametri c models gave way to non parametri c and semi 

parametri c approaches for their appea l in dealing with the ever-growing fi eld of cli nical trial s in 

medical research. And consequentl y the application of survival stati stica l models to psychi atric 

prob lem is improving fro m day to day. Everei tt (1987) points out that increasingly, more 

advanced techniques such as log- linear models, logistic regression model, and survival analysis 

(Cox proportional hazards models), among others are being applied in psychiatric research. The 

author presents an interesting approach to appl ying stat iti stical methodology to psych iatric issue. 

Everitt is not alone in having written on the subject. Others Garside and Roth (1978), Laska, 

Seigel, and Meisner (1985), and Pocock (1980) di scuss some aspects of stati stica l methodo logy 

as applied to psychi at ric research. 

As it is known, the data in psychiatric research are not compatible with standard stati sti cal 

models. Survival models have the capability of handling censored data . (Cox, 1972; Cox and 

Oakes, 1984; Kalbfl esch and Prentice, 1980; Miller, 198 1) used survival analysis in modeling 

human lifetimes. A lli son (1984) ; Blossfeld, Homerie, and Mayer (1989); Heckman and Singer 

( 1985); T uma and Hannan (1984) also use survival analysis in economics and sociology. 

Severa l recent articles also described how survival models can be used to explo re specific to pics 

including soc ial interaction (Allison and Liker (1982), Gardner and Griffin (1989», 

Organi zational behav ior (Ficlunan (1988), Morita, Lee, and Mowday (1989», clinical tri als 

(Greenhouse, Stangle, and Bromberg (1 989» and the life course (Johnson, (1988); Teachman 

( 1982». 

Fergusson, Horwood, and Shannon (1984) used hazard fu nctions to study the ti me to marita l 

breakdown after the birth of child. Hazard functio ns had been also used in studies of time to sh ift 

in attentions in classroom (Felm lee and Eder (1983) ; Felm lee, Eder and Tsui (1985», ti me to 

change decision in the face of ilTelevant infonnation from a low- status partner (Hembroff and 

Myers (1984», in study of relapse of mental illness ( Lavori et aI. , (1984», marital disso lu tions 
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(Morgan, Lye, and Condran (J 988); Tuma, Halman, and Groeneveld (1977» and Human 

li fet imes (Gross and Clark ( 1975». 

Proportional hazards modeling is the most frequentl y used type of the survival analys is modeli ng 

in many research areas, having been app li ed to top ics such as smoking relapse (Stevens and 

Holli s, (1989» , affective di sorders (Shapiro et aI. , (1989» , childhood fam il y breakdown 

(Fergusson, Horwood, and Dimond (1985); Fergusson, Horwood, and Shannon (1984», 

interrupti ons in conversation (Dress (J 986», and employee turnover (Morita, et aI. , (1989), and 

in medical areas for identification of important covariates that have a significant impact on the 

response of the interested variables. 

Yamoguchi and Kandel (J 985, 1987) propose the modeling of proportional hazard models under 

the condition that the predictor variables can be simul taneous ly included to the model be it is 

time-varying and/or time-invariant in studying the ri sk of premarital pregnancy, the ri sk of job 

turnover. Furthermore other researchers pointed out modeling proportional hazard models in 

situations where an indi vidual at ri sk is of one o f several states provided that the multiple states 

are mutua ll y exc lusive and exhaustive. For example, Zatz (1985) in a study of the fina l case 

di sposi ti ons o f juveni les an'ested in Phoen ix, Arizona, in which after arrest, each juvenile's case 

can be disposed of in one, and only one, of five way:(a) di smissal , (b) infonnal processing, 

(c) probation, (d) commitment to the depaltment of corrections, (e) remade to adul t coul1 as a 

possible mUltiple states which are mutuall y exc lusive and exhausti ve to be used in the 

proportional hazards model. 

Pulver, et a l. (1990) use Cox proportional hazards models to examine the relat ionship between 

age at onset of psychosis for possible schi zophrenic examination and familiar ri sk. Suviseari, et 

al. (J 998) use linear mixed models and the Cox proportional hazards model to assess the 

relationship between burden to the family, age at onset, and outcome in schi zoplu'eni c patients. 

The li terature introduced thus far pointed out the use of statistics for analys is of psychiatric 

issue, in particu lar the use of proportiona l hazards models for the identificat ion of different 

factors that are assumed to have influence on the survival longevity of schi zophrenic patients. 
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2.2 Specific literature related to the variables used in the study 

2.2.1 Gender, age, and marital status 

A number of a research had been made to see the impact of different factors on schizophrenic 

patients. In the study of the major sociodemographic correlates of schi zoplu-enia and their 

interactions in a rural population of Ethiopia, Derege Kebede et aI., (2004) had shown that being 

male, under 35 years of age, unmatTied are factors all associated with schizophrenia 

independently of each other. The study had also shown that the results obtained are similar to 

those described for the developed world. Other evidences also demonstrated that older age, not 

married, and being female are sociodemographic factors that increase the ri sk of 

rehospitalization of people with mental illness. 

The relationship between marital status and schizophrenia has been repeatedly shown (Mazberg, 

1936) that the first psychiatric admission rate for single schizophrenia was 5.4 times greater than 

for married schizoplu·enic. Others had also confirmed thi s association (Munk-Jurgensen, (1987); 

N UIl·i s, (1956); Odegaard, (1946); Pokurny and Overall, (1970». 

Gove, et al. (1983) show that being married is very strongly associated with experiencing a 

happy home life, wh ile the three unmarried statuses namely widowed, di vorced, and single are 

associated with a relatively unhappy home life. The study also indicates that home life 

satisfact ion is much stronger for men than for women. Marital status emerges as the powerful 

predictor of mental health, even though it varies among the genders. Nuttall and Solomon 

(1970) examined different demographic variables for 259 schizophrenic patients in three Boston 

area hospitals. They conclude that marital status was one of the most sociodemographic variables 

for predicting the length of their hospital stay. 

Other stud ies also demonstrate that marriage reduces adverse schizopluenic outcome such as 

length of hospitalization, social vocational disfunctioning, and the proportion of time at risk 

during hospitalization (Chapman, Day, and Burnstein, (1961); Marks, (1963); Mason, et aI., 

(1960» . Marital status predicts schizophrenic's length of hosp italization or recovery as well as 
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state-of-the art prognosti c scales (Chapman, et a!. (1961); Farina, Gennezy, and Bany, (1963); 

Garfi eld and Sundland, (1966); Turner, et a!. (1 970)) . 

A national health survey of 122,859 (American National Center for Health Statistics, 1988) found 

that man'ied people spend fewer days in bed due to acute illness than singles, that widows have 

twice as many acute prob lems as married women, and that divorced women have double the rate 

of injuri es as marri ed people, A number of literature reviewed that matTiage consistently shows 

lower morta li ty rates than being s ingle, widowed, or divorced. 

Some investigators suggest that maniage may be more of stress than support (Foorman and 

Lloyd, 1986). Some interpersonal relationships may create high levels of psychiatry distress 

because, rather than providing emotional support, they impose ob ligation or demand. Robertson 

(1974) argues that the matTied state for women often acts as addi tional strain leading to the 

development of mental illness. Walker, et ai, (1985) study based on 882 psychiatric patients 

found that being mani ed had more negative consequence for females than males. Other 

evidence shows that women have more mental illness than man regard less of marital statu s. 

Suvisaari, et a!. (1998) assessed the relationship between burden to family, age at onset and 

outcome of schizophrenia and concluded that high familial loading for schizophrenia is 

associated with early onset and poor outcome of schi zopJu'enia. In a family hi story of 366 

schizophrenic patients and their 1851 first degree relati ves, Pulver, et al. (1990), found a 

relationship between age at onset of psychosis in the male patients and the risk of schizophrenia 

in their relative. The study pointed out that the relatives of male schi zopJu'enic pati ents whose 

onset of psychosis occurred when they were younger than 17 years of age had an increased ri sk 

of schi zophrenia when compared with the relatives of male patients with an age at onset greater 

than 17. Although the above study points out the effect of age at onset of psychosis on familial 

relationship and the relatives of the psychosis patients, they did not consider the age at onset on 

the surv iva l rate of the patients himself. The study by Conwell and Caine (2007) show that the 

mortality rate was signifi cantly higher among people with latter onset of schizoplu'enia (>45 

years) than among those with onset before 45 years of age. 
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The literature given above indicates that the effect of sociodemographic factors on mental illness 

(schizophrenia in our case) is still controversial. Furthemlore, a number of publications reveal 

more or less a consistent pattern that married individuals, especially malTied men, experience 

less stress than their unmalTied counterparts. Tn fact, studies of mortality and morbidity, on 

schizophrenic and other psychiatri c problems generall y support this. However, their impacts on 

the longevity of the sch izophrenic patients are not fOlwarded yet. 

2.2.2 Substance abuse, physical illness, duration of illness, and inability 

to work 

The vast majority of people with schi zophrenia misuse substances. Substance abuse is common, 

often undetected, and adversely affects outcomes in patients with sch izophreni a. In the 

Epidemiologic Catchment Area Study sample of patients in community and institutional setting 

in the US, 47% of the schizophrenia subj ects were found to be of substance dependent. Alcohol , 

followed by Cocaine and Carmabis, were the drugs most frequently repol1ed by schi zophrenia 

patients. 

People with sch izoplu'enia are subjected to a long telm effect of antipsychotic medication and 

have high rate of substance misuse. A number of hypotheses ex ist on the relationship between 

substance misuse and established schi zopluenia, and reasons why such psychotic may use 

substances. One hypothesis is that both the choice and use of substances is a method of "self­

medication', to treat adverse states induced by either schi zoplu en ia or its treatment (Hall et a!., 

1979; Dixon et a!., 1990). A number of literatures also argue that patients with schizoplu'enia 

use substances to reduce psychotic symptoms and alleviate the sedating side effects of 

neuroleptics. 

Psychostimulant drugs may reduce negative symptoms such as apathy and withdrawal, while 

alcohol and benthodiazepines can temporari ly suppress psychotic symptoms; a possibility is that 

psychostimulant drugs counteract distressing neurolepti c induced extraptyamidal side effects, 

particularly akathi sia (Knudsen and Wilmer, 1984; Miller, et a!. 1989). Other most common 

reasons for the use of substances especially alcohol and other drugs are to reduce tension, 
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depress ion, and so on. Bimerew, SOIm, and Kortenbout (2007) studied that schizophrenic 

patients use alcohol and khat in order to tolerate the severe side effects of the anti-psychotic 

drugs, to suppress hunger due to shortage of food and to avoid drowsiness. 

Excessive substance use by people with sch izophrenia has almost the same adverse social , 

health, economic, and psychiatric consequences as it does for other individuals. However, it has 

add itional serious consequences for mu ltiply handicapped patients. Substances of abuse tend to 

increase dopaminergic activity, thereby increas ing the ri sk o f symptoms exacerbation and relapse 

and compromi sing the efficiency of neoro leptic medications. Substance use is al so thought to 

decrease compliance with treatment and often serve as a source of confl ict in fam ilies, a 

pernicious circumstance for pati ents with schi zophrenia, who are highly vulnerable to heightened 

stress (A lan and Carl o 1999). 

Drug and alcohol abuse among psychiatric patients is an increasingly recognized problem 

(Galonter and Castaneda, (1988) ; Drake and Wallach, (1989); El-Gueba ly, (1990) ; Regier, et al. 

(1990)). Other studies had shown that between 60% and 90% of people w ith schizophrenia 

smoke cigarettes, which has a substantial impact on mortality of thi s population. Different 

studies had shown that substance abuse has been associated with refractory psychotic symptoms, 

depression, poor treatment compli ance, relapse, sui cide, and human immunodefi ciency virus 

(HIV). Co-occurring substance use di sorders, mostly involvi ng alcohol , cannabis or cocaine, 

occur commonly in patients with schi zoplu'eni a and are associated with increas ing mortali ty. 

The Epidemiologic Catclmlent Area study (Regier, et al. (1990)) suggested that lifetime rates of 

substance abuse among the mentall y disordered may be as hi gh as 87% for indi viduals with 

ant isocia l personality di so rders, 56% for bipolar mood di so rders, 47% for schizophrenics and 

32% for dep ress ive di so rders in the USA. 

Psychiatric patients have high rates of physica l illness. Philips (195 3) reported that there is an 

association between mental illness and poor physical health . However, the impacts of the poor 

phys ical il lness on the survival rate of schi zophrenic pat ients are not yet investi gated. 
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The stud y based on ten-year follow up of schizophrenic patients (Limosin, et al. 2003) pointed 

out that gender, drug abuse, suicide attempts, and duration of illness are among the important 

variable that have signifi cant impact on the sui cide ri sk in schizophrenic patients. Other studies 

such as the study based on 9156 first adm itted schi zophrenic patients (Mortensen and Juel, 1993) 

argue that age, gender, and duration of illness have a significant impact on the mOltality of 

schi zophrenic pat ients. 

Unemployment among people in inner London with long-term mental hea lth problems increased 

fro m 80 % in 1990 to 92 % in 1999, and the unemploym ent rates among those with a diagnosis 

of schi zophrenia increased from 88 % in 1990 to 96 % in 1999 (Perkins and Rinaldi , 2002). For 

man y people who have experi enced mental health problems, the main batTier to employment is 

unwillingness on the patt of employers to consider them because of their psychiatric history 

(Manning and White, 1995; Rinaldi and Hi ll , 2000). Al though some patients may have more 

disabling ongoing problems that can impede work perfollllance, however research indicate that, 

with ongoing support, a mean of 58 % of people with serious mental problems can achieve 

competi ti ve employment (Bund et ai, 1997, Crowther, et al. 200 1). 

Belmett (1975) has characterized work as the performance of a task within prescribed limits to 

achieve goa ls set by others, who judge and reward and thereby link the individual to society. 

Without work these links are all too easil y lost. The importance of work in enhancing the mental 

health and quality of Ii fe of people who experience menta l health problems had al so been widely 

documented by other researchers (Walller, 1994; Rowland and Perkins, 1988; Nehring, et al. 

1993; Shepherd, 1984). The ability to work provides social contacts and social SUppOlt, and as a 

means of structuring and occupying time and a sense of personal achi evement. Thus one can 

conclude that inab ility to work have a rol e on the survival ofschizoplu'enia patients. 

The above literature indicated the relationship between mental illness and scociodemograph ic 

factors such as marital status, gender, age and other factors such as substance abuse, physical 

illness , duration of illness, and inability to work. However, the analysis of the impact of those 

factors on the survival longevity of schizoplu'en ic patients is almost poorly addressed. 

14 



Chapter Three 

Data and Methodology 

3.1 Data 

The data were obtained from the study project on the schizoplu'enia and bipolar disorders course 

and outcome in the Butajira district, which is located 135 kms south of Addis Ababa. The district 

is predominately rural with a population of about 227,135 of which over 100,000 (45%) belong 

to the age group between 15 and 49 years. This age group is the target population. In this district 

the cl imate varies between temperatures in the high land and tropical lowlands. The major ethnic 

group is Gourage. The population is predominantly Muslim. Maize and Enset (false banana) are 

the main crops in this district. Health facilities are very much limited to towns and close-by sub 

districts and there was no psychiatric serv ice prior to the establishment of a psychiatric clinic by 

the schi zophrenia and bipolar disorders course and outcome study project. 

The study was des igned for mental health research by the Department of Community Health in 

the Faculty of Medicine, Addis Ababa University. For data collection a standardized psychiatric 

research instrument, the CID! (Composite International Diagnostic Interview) was translated into 

Amharic and tested for reliability, feasibility of use and acceptability by respondents in Addis 

Ababa in 1993. For the data collection a survey that invo lves the entire 15-49 years old 

population of the area was conducted using the CIDI. Subjects who were CIDr positive and 

others who were identified by key informants undergo evaluation by clinicians using another 

standardized diagnostic instrument, the SCAN (Schedules for Clinical Assessment in 

Neuropsychi atry) which had also been translated to Amhari c. Many other instruments were also 

used to collect information on key inf01l11ants, patients' mental and physical disabilities and 

other aspect of patient 's treatment outcomes. The patients identifi ed are being followed up to 

study the course and outcome of schizophrenia, bipolar di sorder and major depression. 
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The total adu lt population of the Butajira di strict, reaching 68,491 individuals with eIDr and key 

informants had been screened. Over 800 cases of schi zophrenia, bipolar disorders and major 

depression were identified and enrolled fo r fo llow up during the fi ve years period 1997 to 200 I 

to study the outcome about the patients. From those identifi ed patients up on using test with 

different criteria on ly about 327 patients where fou nd to be schizophrenic. The surviva l durations 

fo r each of the patients in the study in the follow up period is measured during the number of 

months he/she is in the study. 

The sample data co ll ected on those patients demonstrate some important properties that require 

use of survival analysis techniques. First, and most importantly, the data are censored, which 

means the event of interest - death was not observed on all patients. Some of the patients are sti II 

alive at the end of the limited observation period. It was known that they survived to the end of 

the observation period. Furthermore, some patients are lost to follow-up, and are also said to be 

censored. 

In fact, due to such remarkab le properti es of the data, we have to set some assumptions so that all 

the sample data can contribute in formation to the output interest. One impOltant assumption 

made in the analysis of survival data is that censoring is non informative. That is, censoring 

occurs randoml y, and the patients with censored observations are not different from those with 

uncensored observations with respect to thei r chance of experiencing the event of interest in 

given time period. This was important in allowing each experimental unit to contribute all of the 

information possible to the model for the amount of time the researcher was able to observe the 

un i t. 

3.2 Variables in the Study 

3.2.1 The Response Variable 

In medica l studies the hazard might be death. In industrial studies the hazard might be engine 

breakdown. A hazard rate at a given time is the probabili ty of a given event occurring in that 

time period, given surviva l through all prior time intervals. The time, we consider as response 
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variab le in the surviva l model literature, measures duration to event defined by status variable 

(the status vari able also called the event or censoring vari able is the dependent variabl e in the 

Cox regress ion). This is to say that the response vari able in the Cox regress ion model is a 

censored survival time represented by vari able time and event/death . The survival times are data 

that measure follow-up of time from a defined starting point to the occurrence of a given event. 

Thi s observati on time has two components that must be carefully defined in the beginning o f any 

surviva l ana lys is: the beginning point of the study time and the observation of time to end. In 

survival ana lys is, it is the duration o f time until the end-point occurs that is the outcome o f 

interest. Normall y the time variable is a simple counter unit of time since the start of the seri es. 

3.2.2 Predictor variables 

Covari ates are the predi ctor vari ables in the Cox model. These covariates can be categori cal 

or continuous. They may be al so either time dependent or time fi xed, a difference of the 

di ffe rent classes of the covariates affects how the covariates wo uld be modeled in Cox 

procedure. The predictor (covariate) vari ables to be included in the model are: 

• Marital status 

• Presence of co morbid substance abuse 

• Age at onset o f illness 

• Current age of schizophrenic patients 

• Gender 

• Duration of illness 

• Physical illness 

• Years o f education 

3.3 Methodology 

Surviva l analys is is defined as a branch of stati sti cs which deals with death in biological 

organi sms and fa ilure in mechanical systems. This topi c is called reliability theory or reliability 

analys is in engineering, and duration analysis or durati on mode ling in econom ics or soc iology. 
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More generall y, survival analysis invo lves the modeling of time-to-event data. In thi s contex t, 

death or fai lure is considered as an event from which the name survival analysis and much of its 

terminology derives, but the ambit or the area of applications of survival analysis is much 

broader in the survival analysis li terature. 

Survival analysis examines and models the time it takes for events to occur. Survival analysis is 

being used with increasing frequency in the medical literature. The tenn survival analysis applies 

to techniques in which the data being analyzed represent the time it takes for certain event to 

occur. For example, the survival time of cancer patients from treatment unti l death, length of 

time from operation until failure of the transplanted organ, life time of products unti l fai lure 

(reliability) and so on. In fact, the start and end points for measuring time are chosen according 

to the context. It may not represent the entire life of the study problem. 

The use of survival analysis, as opposed to the use of different statistical method, is most 

impoliant when some sllbj ects are lost to follow up or when the period of observation is finite 

such that not all patients experience the event of interest over the study period. Usually we have 

some individuals for whom there is no ti me-to-event record. Instead all we know is that during 

certain period of observation there was no event. In reality such situations can occur due to the 

following reason: 

• A medical study is terminated before some individual experienced the event. This 

tennination could be either due to funding problem or the need to write report. 

• Some individuals left the study before they experienced the event. That is , subjects 

may be lost to follow up either due to moves or refusal to pmiicipate. 

• Termination of the study could be due to negative side effects of treatments. 

• If a stud y is concerned with one particular cause of death, individuals might die of 

other causes (death due to unrelated cause) and soon. 

Therefore the analysis of survival data requires specia l techniques since the data are almost 

always incomplete. The statistical terminology for such data is censoring. Hence censoring is a 

form of missing data problem which is common in survival analysis and it is considered as a 

distinct feature of survival data. Survival analysis is we ll suitab le for such data which are very 
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common in medical research because studies in medical areas have a special feature that follow­

up studies could start at observation time and could end before all experimental units had 

experi enced an event. This is to mean that once we started a follow-up with some observation, 

the analysis on those data may be made before all the experimental unity experience an event­

death in our case. 

Although investigators follow subj ects until they reach a pre-specified endpoint (for example, 

death of patients, failure of components), this may not be the case in most real situations . 

Cons ideration of the censored data is ex tremely important because even in the best developed 

studies there w ill be subjects who choose to quit paJ1icipating, who move far away to follow, or 

who will di e from some unrelated event. The non-censored survival times are referred to as 

event times . Methods for survival analysis must acco unt for both censored and non-censored 

data. 

Ideal ly it is assumed that both the birth and death dates of a subject are known, in which case the 

lifetime is known. If it is known only that the date of fa ilure/event is after some time/period, this 

is called right censoring. That is, a right censored case is one for which the censoring event had 

not yet occUlTed by the end of the measurement period. If the subject' s life time is known to be 

less than a certain duration, the life time is said to be left censored. That is, a case is left­

censored when the time of the failure/event is known only to have occUlTed before time t. It may 

also happen that subjects with a life time less than some time may not be observed at all. This is 

ca ll ed truncation. Truncation is different from left censoring, since for left censored datum, we 

know the subject exi st; but for truncated datum, we may be completely unaware of the subj ect. 

The prospect of censoring complicates the research design, the di stribution theory for the 

estimato rs complicated stati stical analysis. Thus censoring creates some unusual problem in the 

analysis of data because such data cannot be handled properl y by standard statisti cal methods. 

Researchers use different techniques to respond to the complication due to censoring. Among 

these: Some researchers try design so lutions by restricting data co llection to uncensored 

observations (Taber and Proch, 1987). Others try to get analytic solutions by categorizing the 

outcome and placing the censored observation in one group (Condiatte and Lichtenstein 1981), 
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deleting the censored observations (Litman, Eiser and Taylor, 1979), and adjusting the censored 

outcome as a catego ri ca l predictor of another outcome that vari es over time (Coetho,1984). No 

one of these techniques is entirely satisfactory. 

For years, different researchers recognized the limitation associated with solutions to 

accommodate censored data. Until recentl y, however, few alternatives were avai lable. Now new 

developments in statistical theory accompanied by new development in statistical computing 

have changed how researchers can study such data . This new method known as survival analysis 

(event history analysis was developed by biostatisticians modeling human li fe times (Cox, 1972, 

Cox and Oakes 1984; Kalbfleish and Prentice, 1980; Mil ler, 1981) in the medica l and biological 

sciences. And that has been extended by economists and socio logists studying social transitions 

(Al li son, 1995; Blossfeld , Hamerle and Mayer, 1989) as well as in engineering (reliab ili ty and 

failure time analysis). 

Once thi s method was developed in modeling human li fe time where the target event is death, it 

has been serving as a powerf1i1 methodology that appropriately uses data from all observations 

and become popularly used in sociology, demography, psychology, economics, political science, 

and marketing. It does not matter whether the data are uncensored or censored. Data co llection 

can be prospective or retrospective, experimental or observational. Time can be measured 

cont inuously or discretely. 

There are obviously many potential li fe models. In some situations there may be reasons to 

select a particular fami ly of models: the model may fit data on hand well , past experience may 

have shown the model to give a good description of li fetime distribution from similar 

populations, there may be a knowledge of the underl ying aging or failure process that suggests 

the validity of the model , and so on. In situations in which no family of models is singled out as 

being particular appropriate, the choice of the model is frequently made on the basis of 

considerations such as: the convenience of mathematicall y handling the model , the statistical 

methods ava ilable in connection with the model and the degree of complication of calcul ations 

invo lved in using the model. Three additional points should be mentioned in connection with the 

choice of the model. Firstly, for an y chosen paIiicular model it has to fit the available data up on 
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appropriate tests . Second, one should be aware of the consequences of departures from the 

assumed model on inferences made. Finall y, although there is a lot of work based on lifetime 

distributions of parametric model s, there are many situations in which it is desirable to avoid 

strong assumptions about the model. Nonparametric or di stribution-free procedures are important 

in th is case (Lawless, 1982). 

in most real situations, survival models are constructed by choosing a basic survi val distribution. 

The choice of surv ival distribution expresses some particu lar infomlation about the relation of 

time and any exogenous variab les to survi val. It is natural to choose a stat istical di stribution 

which has a non-negative support since survival time is non-negative, regardless of its 

complexity. 

The major mathematical complication with survival analysis is that we usually do not have the 

luxury of waiti ng until the very last subj ect has di ed of or experiencing an event. We nomlally 

have the data whil e some subjects are still alive. Also, some subj ects may have moved away, and 

may be lost to follow up. In both cases, the subj ects are known to have survived for some amount 

of time (up until the time you last saw them) but we do not know how much longer they might 

ultimately have survived. Several methods have been deve loped for the analysis of survi val data. 

Some of these are: 

a) Descriptive statistics include life tables, survival distribution, and Kaplan-Meier 

survi va l function estimation which are used for the estimation of the di stribution of 

surviva l time from a sample. 

b) Un ivariate statistics invo lve techniques that are available for compari ng the survival 

in two or more groups. The most common and widely used of thi s technique is the 

log-rank test. The Wilcoxon teclmique is less commonly used because it gives 

greater weights on events close to zero . 

c) The Mu ltivariate Method mostly uses Cox-proportional hazards model. it is 

considered as the most interesting surviva l modeling in the interest of examining the 

relationship between survival and one or more predictors, usuall y termed covariates 

in the surviva l analysis literature. Covariates may be categorical (for example the 

marital status of an individual in the stud y etc ... ) or continuous (for example the 
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patient's age, weight etc ... ). In addition the model has the capabi lity of including 

both time-dependent and time-independent variables. 

The Cox-proportional hazards model has the form of regression model. In fact there are many 

types of regression models. Two of the most popular types of models are the accelerated fa ilure 

time model (Kalbfleish and Prentice, 1980) and the Cox proportional hazards model (Cox, 1972). 

Each has its own assllmptions on the underling distribution of the survival times. In each case 

the linear combination of the covariate is assumed to act additively on one of: 

I. The log of the survival time-accelerated life model: The model assumes that the shape of 

the survi val curve is the same for all patients, but they move along it faster or slower 

according to the value of their covariates. On the other hand the accelerated fai lure time 

model assumes a parametric fonn of the effects of the predictor variables and usually 

assumes a parametric form for the underlying survivor functiOJ1. This model is widely 

used in engineering applications, but less frequently used in medical studies. It may also 

relate to the complications involved in relating the model described above and the usual 

survival distribution. 

II. The log of the hazard time-proportional hazards model : In th is model the effect of the 

covariates is to increase or decrease the hazard functions by a constant proportion relative 

to the base line hazard function. Here also the proportional hazards model assumes a 

parametric f0l111 for the effect of predictor variables, but it allows an unspecified f0l111 for 

the underlying survivor function. 

The proportional hazard model is the most popular regression method for analys is of censored 

survival data. The popularity is because of its: 

• Flexible choice of covari ates (we can accommodate time varying covariates, time 

independent covariates, continuous covariate, and discrete covariates). 

• Fairly easy to fit. 

• Standard software ex ist (different well known statistical software such as SPSS, 

SAS, STAT, S-PLUS etc are programmed in such a way that they have the 

capability to handle proportiona l hazards model). 
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• Does not make assumption about the underling survi val distribution (does not 

require the knowledge of the shape of the survival di stribution). 

• Does not require estimation of the baseline hazards rate, A. 0 (t) to estimate the 

regress ion parameters, P's (the primary interest of the model is estimation of the 

regress ion parameters Ws with no attention on the base line hazards function A. 0 (t)). 

Unli ke parametri c models, the propoliional hazards model is not based on any assumptions 

concern ing the nature or shape of the underl ying survival di stribution . This means, we do not 

have to choose the density function of a parametri c di stribution of the survival time, making the 

methods considerably more robust than the parametric models if the other assumptions of the 

Cox regress ion are met. Thus in thi s sense, thi s model may be a nonparametric method. Instead it 

req uires the assumption that the hazard ratio, also ca ll ed the hazard function which describes the 

effect of pred ictor on survival , is constant over the entire fo llow up period (Cox 1972). On the 

basis of this, one can th ink that the Cox's proportional hazards model is semi parametri c; it 

makes the paramel1ic assumption concern ing the effect of the predictors on the hazard function, 

but makes no assumptions regarding the nature of the hazard function itself. 

Due to its dual nature, proporti onal hazards model, which we also cal l the Cox-regression model 

or Cox-proportional hazards model, may be preferred over parametric models. Only when one 

has strong theoreti cal reasons for assuming a particular di stribution (shape) fo r the baseline 

hazard function which is very rare, then a parametri c model is preferred. In most cases there is 

no such strong, clear reason and the more stringent data assumptions of parametric models are 

not justifi ed, making Cox models the better choice to generate the same infornlation as 

parametric models without having to make strong data assumptions. 

More important ly in many situations, either the form of the true hazard fu nction is unknown or it 

is complex and more interest centers on the effects of the predictors than the exact nature of the 

hazard function. In such a situation, Cox's method has the di stinct advantage o f allowing the 

shape of the hazard function to be ignored (Geoff and Everitt, 2006). 
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Through a logarithmic transfonnation, the proportional hazards model can be expressed in the 

form of a multiple regression model. From thi s similarity of the two models some people may 

bother why the usual multiple regress ion model cannot be used. That is people may say why we 

cannot use a multiple linear regression model with time as a response variable for analysis of our 

survi va l data. 

If we have ever used regression analys is to analyze such data, we face two intractable problems: 

.:. The response variable of interest (survival or failure time) is most likely not normally 

distributed. It is positively skewed indicating that a few people survive a very long time 

compared with the majority. Thus, assuming a normal distribution will not be reasonab le. 

This is a serious violation of an assumption of ordinary least square multiple regression. 

Survival time usually follow an exponential or Weibull distribution. Thus the analysis of 

time-to-event data requires some other non-standard statistical methods . 

• :. There is a problem of censoring with surviva l analysis which CaImot be handled by usual 

standard statistical methods such as multiple regression models. 

In addition to the fact that a multiple regression model is designed for continuous variables, 

makeshift solutions to these problems can lead to severe biases. There are also regression 

methods for use with di screte time variables: If, for example, we dichotomize time into event 

before or after a fixed time, we could use the logistic regression models, apart from problems 

caused by censoring. If there were no censoring and if our interest is only in predicting the 

probability of survival to this fixed point, logistic regression wou ld be an attractive model, since 

it allows us to concentrate the accuracy of the model on the precise quantity we wish to estimate 

rather than fitting the complete survival distribution. However, it is not valid to ignore the 

censored individuals especiall y when censoring is considered to be non-infomlative. 

Therefore, survival methods are exp li citly designed to deal with censoring and time-dependent 

covari ates in a statisticall y correct way. If the data were not censored, i.e., if all patients died 

during the observation period and none were lost to follow-up, familiar non parametric statistical 

techniques such as the Wilcoxon rank sum test and the Mann-Whitney U test cou ld be lIsed to 
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compare surviva l times. The ability to properly analyze censored data is the key feature that 

di fferentiates surviva l analysis from other non parametri c statistical methods. If common 

nonparametric techniques were app li ed to data that contain censored observations, the 

in format ion that is available from the censored observations wo uld be lost. 

However, with the use of the Cox proportional hazard model, an investi gator is no longer forced 

to withdraw the experimental unit and all associated data from the study. Instead, it enables an 

investigator to analyze incomplete data due to delayed entry or allowing each experimental unit 

to contribute all of the infonnation possible to the model for the amount of the ti me the 

investigator is able to observe the unit. 

3.3.1 The Propo,·tional hazards model 

The Cox proportional hazards model is a multiple regression method used to evaluate the effect 

of mU ltip le predictor vari ables on the survival. This model was proposed by Cox (1972), and has 

al so become to be known as the Cox regression model. The proportional hazards method 

computes a coefficient for each predictor variab le that indicates the direction and degree of 

flexing that the predictor has on survival. In that sense a value zero means that a variab le has no 

effect on the survival; a positive value indicates that a large va lue of the variable is associated 

with greater hazard rate (poorer survival prospect). The model assumes that changing, the 

predictor variable vector results in a new hazard function that is propOliional to the baseline 

hazard function, and the proportionality constant is a function of the predictor variable vector, 

independent of time. 

We often model the proportional hazards model through the hazard function which measures the 

risk or proneness to death at time t. The hazard function is defi ned as the probability that an 

individual dies or fails to survive or experi ence an event, if he or she has already survived up to 

that time point. The hazard or ri sk of dying may decrease over time, death after an operation, or 
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increase over time as occurs with normal aging (retirement age), or remain steady (death due to 

some accidents) , or may have a more complex shape, The hazard functi on for death of human 

beings has the ' bathtub ' shape, Thus, the hazards function can be decreasing, increasing or 

discontinuous, but the only restri ction here is that it should be nonnegati ve, 

Cox (1 972) proposed a semi parametric model for the hazard function that allows the addition of 

predi ctor vari ables, or covariates, but keeps the baseline hazards an arbitrary, unspecified, 

nonnegative function of time, The Cox proportional hazards function for fixed-time covari ate Z, 

which is fl ex ible enough to handle time-dependant covari ate, is defined as follows, 

The equation of proporti onal hazards model (Cox, 1972) is 

A. (t;Z) = A. 0 (t) exp (jJ'Z) ( I ) 

where A. o(t) is an arbitrary unspecifi ed base-line hazard function for continuous T , which reflects 

the underlying hazards for subjects with all covariates equal to zero ; A. (t; Z) represents the 

hazard function at time t for an individual with covariates Z;P = (PI '''' ,Pp) ' is a co lunm vector 

of p regression parameters, which measures the influence of the covariate on the survival, with 

Pi representing the increase in the log hazards as Zj increase one unit relative to the baseline 

hazard functio n A. o(t), That is to say, exp (Pi ) gives the relative risk associated w ith an increase 

of one unit in Z j , all other pred ictor variables remaining constant. The vector P is assumed to 

be the same for all individuals; Zj = (Z" " '" ZiP )' is a co lumn vector of p measured covariates 

which is beli eved to affect the life time of schizophrenic patients and t is the associated fa ilure 

time, 

The survival times of each member of the popUlation is assumed to follow its own hazard 

function, In such a case, the above model can equivalently and ex plicitl y be written as 

(2) 

i= 1, " ' " II , where 11 is total numbers of individuals in the study, 
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Whi le no assumpti ons are made about the shape of the underlying hazard fu nction, that is no 

particular form of probability di stribution is assumed for the survival times, the model in 

equat ion (1) shown above do implies two basic assumptions . 

• :. First, they specify a multiplicative relationship between the underl ying hazard functi on 

and the log linea r funct ion of the covariates. That is to say, hazard functions for all 

patients are proportional to each other - they have the same basic shape as the base line 

hazard function . Th is assumption is also called the proportionality assumption. tn 

practical terms, it is assumed that, given two observations with different values for the 

predictor variables, the ratio of the hazard functions for those two observations does not 

depend on time . 

• :. The second assumption is that there is a log-linear relationship between the predictor 

variables and the underl ying hazard function. Less explicitly, it is also asswlled that 

individual s are independent and homogeneous given their covariates (Andersen, 1991). 

Thus, the Cox model in equation (1) is only valid for the data consistent with the 

assumption of proportional hazards. 

The important features of the above model are: the baseline hazard depends on t, but not on the 

covariates and secondl y the hazard ratio , that is, exp ( (J'Z), depends on the covariates, but not 

on time t. The second feature is in fact what leads us to call equation (1) a proportional hazards 

model equation and which leads to one of the imp0l1ant assumptions of the proportional hazards 

model, is the proportionality assumption. 

This important assumption of the prop0l1iona i hazards model can be expressed mathematicall y 

as follows. For an y two observations i and i' that differ in their z-va lues , w ith the corresponding 

linear predictors ca ll ed the ri sk scores or the prognostic index 

(3) 
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The hazards ratio for these two observations 

20 (I )exp(77, ) , 

20 (/ )exp(q,. ) 

is independent of time t. 

= exp(77,) 

exp(q,. ) 
= (4) 

This shows that the ratio of the hazard functions for two individuals with different covariates 

does not vary with time. That is, their ratio is assumed constant over the survival time, thereby 

not al lowing a temporal bias to become an influential player on the endpoint. 

3.3.2 Estimation of the parameters of proportional hazard model 

One of the biggest advantages of the framework of the Cox proportional hazards model is that 

we can estimate the vector of parameters ~ which refl ects the effect of covariates without having 

to make any assumptions about the form of 20 (t). In other words, we don ' t have to assume that 

20 (t) fo llows an exponentia l model, or a Weibull model, or any other particu lar parametric 

model. The proportional hazards model is non-parametric in the sense that it involves an 

unspec ified function in the forl11 of an arb itrary base-line hazard function. In consequence, this 

1110del is more fl ex ible and an estil11ate of the paral11eters can 1110re easi ly be driven. 

To estimate f3, Cox (1972, 1975) introduced the partial likelihood function, which eliminates the 

unknown baseline hazard 20 (t) and accounts for censored survival til11es and the frequent 

presence of til11 e-dependent covariates. Til11e-dependence of a covariate is another il11portant 

distinguishable proper1y of survival data. A pred ictor variable is said to be til11e-dependent if its 

value for any given individual variable can change over til11e, and hence such a covariate, say Z , 

calUl0t be represented by a single value Zj for unit i, but takes values that l11ay change with til11e. 

For estil11ation of data w ith such distinct feature, Cox 1110dels do not use l11axil11ul11 li kelihood 
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estimation but rather a maximum partial likelihood estimation method that requires onl y the 

order of the fa ilure times, not the interval s between fai lure times. The basic idea for this is that 

under proportional hazards assumption , information about fJ can be obtained from the relati ve 

orderings (that is ranks) of the surviva l times, rather than the actual values. 

The basis of the argument used in the construction of a likelihood function for the proportional 

hazards model is that interva ls between successive death times convey no information about the 

effect of pred ictor variables on the hazards of death. Th is is because the baseline hazards 

funct ion has an arbitrary fonTI, so it is conceivable that A,o (t), and hence A, (t;Z) , is zero in the 

time intervals in which there are no death. Thi s in tum means that these intervals give no 

information about the va lues o f the components of fJ. From this argument it follows that we 

need on ly consider time order at which failures occur. To estimate the parameters of the Cox ' s 

proportional hazards model we proceed as fo llows: 

Let Ii be the j'h ordered event time in the n observations, i= 1, . .. ,k, and Ri denote the risk set at 

time Ii that is, the set of indi viduals still under stud y just prior to time Ii who have not yet 

experienced an event, but any of whom may be found to fail at ti me Ii, and assume that only one 

event occurs at anyone ti me (that is for si mplicity we assume that there are no ties in the fai lure 

ti mes) . Individuals who have previously failed or who have been censored are therefore excluded 

from R i. 

Let Zi be the val ue of the covariate vector for the failed individual. For every individual) in Ri, 

the probability that an individual with covariate Zi is the one to experi ence the event at this time, 

given that one indi vidual ex ist at time Ii is the condit iona l probability defined as follow: 

P {individual i has event at Ii given that one event at Ii} = 

p { indiVidual i has evenl al Ii one evenl ali i / .} 
/ one evenl al Ii survival 10 Ii 

(6) 
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From the Bayes theorem of probability (Mood, et aI. , 1974) where we have a partition of the 

sample space (death times in our case) by some events (one of the observed set of death times I" 

... , Ik with the corresponding ri sk set R 1, ••• ,Rk) we define the conditional probability based on 

thi s partitioned sample space as fo llow. If any individual is to be se lected from thi s sample 

space, the probability that a randoml y se lected indi vidual in the ri sk set of death time can 

experi ence an event/death given that any indi vidual who survived to a particular time is selected 

is the probability of the individual to be included in the ri sk set divided by the total probability in 

the ri sk set. 

Based on thi s argument the numerator o f the above expression is simply the hazard of death at 

time Ii for the individuals whose vector of pred ictor variates is Zi. If it is the i'h individuals who 

di es at Ii, thi s hazards fu nction can be written as A, (I ; Z,). The denominator is the sum of the 

hazards of death at time Ii over all individuals who are at ri sk of death at thi s ti me (the total 

probability theorem) . This is the sum of the values Aj (I ;ZJ over those individuals indexed by} 

in the ri sk set Ri at time Ii . Consequently, the conditional probability in (6) becomes 

A;(t;Z,) 
L AJt;ZJ 

j cHi 

And under the proportional hazards assumption on using equation (1) we have 

An (I) exp(,LJ' z, )' 

L Ao (I )exp(,B Z J )1 
jeRI 

(7) 

(8) 

This conditional probability shows the contribution to the li kelihood at each death time I i by the 

indi viduals with covari ate Zi in the ri sk set R i. 

The conditioning eliminates the baseli ne hazards fu nction in the nominator and dominator of 

equation (8). Consequently equati on (8) becomes 
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exp(fJ z, )' 

I exp(fJ'zJ 
jeRI 

(9) 

Thus the parti al likelihood for fJ , which does not invo lve the base line hazard function /l. 0 (t), is 

the product over all the failure times Ii for i =1, .. . , k of the conditional probability (9) to give 

(10) 

where PL stands fo r the partial li kelihood. 

Here the product is taken over all the event time I i and the summation is over all the risk set Ri 

(McCullagh and Neider, 1983). The actual event times I i do not appear in this express ion: they 

are being d iscarded on the grounds that they tell us li ttle about fJ , since the Cox model relies on 

the order rather than the actual values. 

Since maximization of the likelihood is equi valent to maximizati on of the log-likelihood, we can 

take the partial log likelihood to obtain 

(I I) 

The partial li keli hood deri ved above is val id when there are no ti es in the data set, that is, no two 

subjects have the same event time. The proportional hazards model for survival data assumes 

that the hazard function is continuous, and under thi s assum ption, ti ed survival times are not 

possible. Hence the parti al li kelihood above provide good estimate for the model parameters 

given in (I). But in most real situations the survival times are usually recorded to the nearest day, 

month or year, and so tied surviva l times are more likely to occur as the result of th is rounding 

process. In addition to the possibi lity of more than one death at a time, there might also be one 
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or more censored observations at a time of death . Because Cox methods rely on order of events 

(failure times), handling those ti es resu lts in a computational problem. 

To handle this real-world fact that tied ti me can ex ist, partial likelihood algorithms have been 

adopted to handle ties. This is to say that in order to accommodate tied observations, the 

likelihood functions in equation (10) has to be modifi ed in some way. The appropriate likelihood 

function in the presence of tied observations had been given by Kalbfleisch and Prentice (1980). 

To define this appropriate likelihood function we have to first define important notations to be 

used in the likelihood function . 

Let Si be the vector of sums of each of the p covariate for those individuals who di e at the ith 

death time, Ii, that is the sum of the covariates associated with the fa ilures di at I i, for i = I, ... ,k. 

di 

If there are di deaths at Ii , the hth elements of Si is Shi= L 2 M, ,where 2hir is the value of the hth 
,:] 

predictor variable, h= 1 , .. . ,p, for the rth value of tbe di death events, r = I" .. di who died at time Ii 

i=i, .. ,k. 

With this notation the likelihood funct ion in (10) is given as (Thompson et ai, 2003) 

PL = (12) 

If d i 2:...1 individua ls ex ist at the same time Ii, in the presence of ties in the event ti mes, by similar 

argument as for the case wi th no ties above in equation (II), the pal1ia l log- likelihood of (12) 

IS given as 

(13) 
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Equation (13) is a good approximation in the log pa11ial likelihood of (II) if the eli deaths at time 

I i are considered to be distinct and to occur sequenti all y (Breslow; 1974). It is argued that the 

li kelihood in equat ion ( 12) is the most frequently occurring parti al likelihood estimate of the Cox 

model (I), and is an adequate approx imation to estimation of the parameters in the Cox 

regression model when the number o f the ti ed observati ons at anyone time is not too large . As a 

rul e of thumb, there should be 5% or fewer tied observations in the dataset to still assume 

insignificant bi as in addition to the complex ity of the likelihood function . 

In both cases, whether the death time is ti ed or not, the deri vation o f the part ial likelihood shows 

that actual va lues are di scarded which normally would have to be in the full likelihood for 

censored observations fro m the Cox prop0I1ional hazards model. Thus, the likelihood function 

that has been obtained is not a true likelihood since it does not make direct use of the actual 

censored and uncensored surviva l times. That is to mean that, the parti al likelihood is not 

li kelihood in the usual sense in that the general construct ion does not give a result that is 

proporti onal to the conditional probability o f any observed event. For thi s reason it is referred to 

as a pal1i al likelihood function (Cox, 1972). 

Although thi s may cause some poss ible loss o f information about the regress ion 

coeffi cients,B" .. . "B", M ull er (2001 ) had shown that the parti al and full likelihood have similar 

features. The loss of info mlation is not negligible fo r small data sets and for infolmat ive 

censoring. It is usuall y assumed that censored observations do not contribute additional 

information to the estimation. Othelw ise, censoring is infonnative and estimation by parti al 

li kelihood is biased. 

However, if the data set is large enough and censoring is in fOl1l1ative, est imati on of proportional 

hazards regression by pa11i al likelihood method does not provide as such a sign ificant bias in 

estimati on. The argument is forwarded by noting that, since A 0 (t) is completely unspecified, no 

additional information about ,B is obtained from the observation that no failure occurs (by the 

ti me intervals in which no failures occur because the component A 0 (t) might conceivably be 

identica ll y zero in such intervals). Muller (200 1) showed that there is li tt le loss in assuming this, 
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since censored observations enter the risk set at each observation but do not contribute to the 

numerator of the partial likelihood, thus PL above can be treated as ifit were a li kelihood. 

Nonetheless, it has been shown informall y by Cox that the method used to construct this 

likelihood gives maximum "parti al" likelihood estimates that are consistent and asymptoti call y 

normally distributed with asymptotic covari ance matrix of second partial derivati ves of the log 

likelihood function. It then follows that although the resulting estimates are not as efficient as 

maximum-likelihood estimates for a correctly specified parametric hazard regression model, the 

same asymptotic results for fJ hold for estimation fro m partial likeli hood as for the usual 

likelihood functi on. 

As a usual tech nique of estimation of the parameters by the maximum likelihood method, the 

parameters in the model can be estimated by equating the derivative of the log- likelihood of 

equation (1 1) or (13) to zero depending on whether absence or presence of the tied death times 

for an individuals. Then the maximal condition for an estimate can be checked from thei r 

corresponding second derivatives (infonnation matrix). If the detemlinant of the information 

matrix obtained is positive then the estimate is a maximum likelihood estimates otherwise it is 

not (Mood, et aI. , 1974). 

The most communall y used statistical software fo r ana lysis of survival data, wh ich we are going 

to employ in our analysis (estimation of Cox proportional hazards model parameters) as well for 

the test of prop0l1ionaiity assumption are SAS, STA TA, and SPSS. 

3.3.3 Assessing the Goodness of fit of the Model 

Like any other statistical model, the val idity of Cox regression analysis is based on the 

plausibility of the assumption made regarding thi s model. Thus in order to use the Cox model, 

we must check the assu mption of whether the effects of covari ates on risk remain constant over 

time. In fact, this proportiona lity assumption is a critical assumption of proportional hazard 

model and must have to be checked for each covariate. The proportional hazards ass umption 
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may not ho ld in some o f the several studies . Predictors of interest are often measured only at 

time zero, even if their values may change later, so that a time-dependent covariate must be 

treated as a fi xed one. FUlther, the impact of a pred ictor, which is by definition fixed in time, 

may change during time. This shows that it is common for a covariate to fa il to sati s fy the 

assumption of proportional hazards. Hence the assumption of the propoltional hazards model is 

questionable. 

With the growing popul arity of the semi parametri c proportional hazards of Cox (1972), it has 

become increasingly important to find a convenient way to detect when such models are poorl y 

specified. A number of goodness-of-fit test for the Cox model have been proposed. Some of 

these are indicated in Schoenfeld (\980), Andersen (1982), Moreav, O'Quigley and Mesbah 

(1985), and Moreav, 0 ' Quigley and Lellouch (1986) all focusing on the two basic explicit 

assumptions of the Cox proportional hazards model. 

The need for the development of different methods for the test of the proportional hazards model 

to make any inference from the data result is that: Estimation of propOltional hazards models 

when in fact hazards are non-proportional results in coeffi cient's biase estimate, incolTect 

standard errors, faulty inferences about the substanti ve impact of covariate variables and thereby 

decreased power of signi fi cance tests. In particular if a covariate fails the proportionality 

assumption of propOltional hazards model then for a hazard ratio that increases over time for that 

covariate, relative risk is overestimated (that is, for diverging hazards, coefficient estimates are 

inflated). For ratios that decrease over time, relative risk is often underestimated (that is, for 

converging hazards, coefficient estimates are de flated and biased toward zero) . Correspondingly, 

standard errors are incorrect and the power of significance tests decreases (Box-Steffensmeier 

and Zorn, 200 I ). 

Because of this, as different researchers use the proportional hazards models, in their research 

study especiall y in medical areas (or in psychiatry like the one we are focusing on in this study), 

care must be taken to examine the extent to which the assumption of the proportional hazards 

model is consistent with the data. 
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Studi es have suggested that several graphical techniques can be used to assess model 

assumptions and the fit of a potential Cox model. The fit of a Cox model can be assessed 

graphicall y using martingale residuals or partial residual s. 

The martingale residual is the difference between the observed and the expected numbers of 

events for a given individual. These residual measures the excess number of events that have 

occurred compared with the expected number. The estimated cumulative hazard at the time can 

be viewed as the expected number of events for the individual in some time intervals. To assess 

the proportionality of the proportional hazards model we would plot the martingale residuals on 

the y-axis against a linear predictor (DeBeta(s)) of each covariate on the x-axis. DeBeta(s) is a 

measure of how much a given case will affect the regression for a given covariate. Under the 

assumption of proportionality of the proportional hazards model, there is no pattern of 

correlation in the plot. 

In the Cox framework, we assume a log linear functional form fo r the covariates. However, 

covariates in the Cox model can have non-linear fu nctional forms just as in the linear model. For 

continuous covariates, this assumption is often violated as the effect is highly nonlinear. 

Assuming a log-linear functional form when the nonlinear f01111 is correct can cause specification 

elTors leading to erroneous statis ti cal conclusions (LeBlanc and Crowley, 1999). Thus the 

functional form of the model has to be assessed. The martingale residual is usually plotted to 

assess for the functional fonn of the co variates in the model. It can be done by plotting the 

martingale residuals on Y ax is against covariate on the X axis. A plot of martingale residuals 

for each covariate may reveal departures from the linearity of the functional form assumptions 

(Therneau, Grambsch, and Fleming, 1990) if its plot fonns a linear trend. 

The partial residual which is also called Schoenfeld residual is a measure of the difference 

between the covariate for the itll individual and a weighted average of the covariate over the ri sk 

set at the time the itll individual event (Schoenfe ld, 1982). This is a plot of scaled Schoenfeld 

residuals on the y-axis against survi val time on the x-axis, with such plot per covariate. The 

partial residual methods are the most cOlllmon and preferred methods for test ing non­

propol1ionality in Cox models. In a we ll fitted model, distribution of residuals over time is 
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random (do not show a particular trend) . Otherwise a plot of partial res iduals for a gIven 

covariate may reveal a violation of the proportional hazards ass umption. 

Box-Steffensmeier and Zom (2001) had shown that the average value of residuals at any time 

should be zero if the effects of the covari ate being plotted are proportional. In such case Loca ll y 

Weighted Smoothing Scatter plots (Lowess) smoothing line summari z ing the residuals should be 

close to the hori zontal reference line for the y-ax is, since the average value of residuals at any 

time should be zero if the effects of the covariates being plotted are proportional. 

The Grambsch-Themeau global test o f non-proportionality uses partial residuals for the test of 

proportional hazard ass umption. If the global test of Grambsch-Themeau coeffi cient is non­

significant, at least one of the covari ates is non-proportional. In order to run such test, for the j'h 

covari ate, Grambsch and Themeau (1 994) express a ti me-varying coeffi cient as 

wheregJ(/) is a speci fic function of time and y} is a slope parameter. It is a fo ml of simple 

linear regress ion model. They pointed out that, a plo t of lht: sca led Schoenfeld residuals by the 

event times may assess whether the coefficient y} is zero or not, whatever the function g } (t) 

might be. A non-zero slope is evidence against proportio nal hazard assumption. 

Another important method used for the test of proportional hazards assumption is the use of time 

interaction test. According to thi s test, if the assumption of the propOliional hazards is not 

vio lated for a given numerical (continuous or categorical) covariate, then the interaction term 

between that covariate and time or more commonly log of time can be added to the model as in 

regression, and shou ld have a regression coeffi cient not significantly different from zero. If the 

time interaction effect is signifi cant for a covari ate, then the proportional hazards assumption is 

vio lated and the covari ate should be modeled as a time-dependent covariate. 

For binary covari ates In general, a compari son of non-parametri c hazard estimates may be 

sufficient to decide on the proportionality hazard assumpt ion because if the hazard were 
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proportional, the survival curve for the two binary conditions wo uld separate exponentially. 

Hence the hazard estimates curve for the two binary conditions wo uld not cross each other. 

For continuous covariates, it is not sufficient to rely only on the stratifi ed hazard estimates to 

assess proportionality hazard assumptions because the choice of stratification points is subj ective 

and arbitrary in that case. In such a case, we rather use other altemati ves to assess proportional 

hazards assumptions across the values of continuous covariates. One possible altemative is the 

use of time-varying covariates (Grambsch and Therneau, 1994). As di scussed above, if the 

coeffici ent associated with a covariate is not constant over time, then the impact of that covariate 

on the hazard vari es over time, lead ing to non-proportional hazards. Graphically thi s means that 

if proportional hazards assumption holds, a plot of the coefficient versus time will be a hori zontal 

line. 

All the above tests are the different techniques for the test of the assumption of proportional 

hazards model. As it was indicated earli er, the response variable to be included in proportional 

hazards model can be categori cal or continuous. The category of the variables (continuous or 

categorical) may sometimes tell as the type of simpler and more advantageous test to be 

employed. 

If the proportional hazards assumption does not hold for one particular covariate, it may be 

possib le to build interactions between covari ates and time into the Cox regression model in 

which case interactions are themselves time-dependent, or to divide ihe data into strata based on 

that covariate, and fit a stratified model. 

In the next chapter (chapter four) we will estimate the model parameters, check whether the 

assumptions of the propOIiional hazards are met and provide the results of the analysis. In 

testing the proportionality assumption of proportional hazards model, we would use anyone of 

the appropriate techniques di scussed earlier. In testing for the log-linearity of the functional fom1 

of the model covariate we use the martingale residual test as discussed above. And finally we 

will make appropriate interpretations, conclusions and recommendations regard ing the study 

results. 
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Chapter Four 

Data Analysis 

4.1 Descriptive analysis 

In any data analysis it is useful to provide some descriptive results. Before proceeding to more 

complicated models, we would make a descriptive analysis that wi ll use in highlight to our 

subsequent findings. Here we start with the test of equality across the different levels of a 

categorical variable. In this case we use log rank test to test the null hypothesis that there is no 

difference between the probabilities of an event occurring at any time point for each population . 

Table 1: Log-rank test for equality of the different levels of a covariates 

covariates Chi-Square df Sig . 

gender 17.665 I .000 

Marital status 32.401 4 .000 

Sub use 49.954 2 .000 

Phy illness 3.686 3 .297 

Dur illness 46.780 3 .000 

The table shows that the different levels of gender, marital status, substance use and duration of 

illness are statisticall y not the same in experiencing the death event. The log-rank, non­

parametric test results suggest that gender, marital status, substance use and duration of illness 

are signi ficant covariates whose different levels have an impact in the surviva l longevity of 

schi zophrenic patients while phys ical illness does not have an impact. 

Based on the results of the log-rank test we wou ld consider the levels of the marital status, 

Duration of illness, Substance use and Gender as different factors and assume that each o f these 

has its own effect on the surviva l longevity of schi zophrenic patients. 
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4.2 Univariate analysis 

For the cont inuous variab les we will use a uni variate Cox proportional hazards model analysis in 

order to have an idea about each of the variables. If the predictor is high ly significant in the 

univariate Cox proportional model where only one predictor is included in the model then it is 

advisable to include thi s vari able to the model. The continuous covariates in thi s study are Age l 

to be defined for age at onset of the illness, Age2 to be defined as the current age of 

schizophrenic pati ents and Edu is to be defined as the educational levels of schi zoplu·enic 

pati ents measured in years 

Table 2: Univariate analysis for the covariates 

Variable Coefficient Standard Wald DF Sig 

name estimate error statistic 

}ge l .
004

1 
.ooa l 

.2
25

1 .
635

1 

I Age2 .001 I .
009

1 
.ooa l .

929
1 

1 Edu .
003

1 .
002

1 1.
634

1 
.201 

I 

The table shows that none of the covariates namely age at the onset of the illness, levels of 

education (in years), and current age of the schizophrenic patients separately has a significant 

effect on the survi val longev ity of patients. It points out that we can remove age at onset of the 

illness, current age of schizophrenic patients and level of education (in years) from our fin al 

model. Although the univariate Cox proportional hazards model resul ts indicate the non­

signifi cant effect of the covariates on the survival longevity, in our study we wi ll include all the 

covariates to our model. Some variables which have no impact on the survival time may have a 

significant effect when used together with other covari ates in the model. As an alternative it may 
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be used as a confirmation in the Cox proportional hazards analysis whether or not the variable is 

not impoliant in the determination of the effects. 

In general, the log rank test we discussed in the descriptive analysis is used to assess whether 

there is a difference between the survival times of different levels of covariate that are assumed 

to affect survival longevity of schi zophrenic patients. Whereas the univariate Cox's proportional 

hazards model identify the effect of a covariate on the surviva l longev ity of schi zophrenic 

patients. Both the log rank test and the uni variate Cox proportional hazards method do not allow 

other predictor variab les to be taken into account. On the contrary of thi s Cox's proportional 

hazards model is analogous to a multiple regression model and enables us to analyze the effect of 

multiple covariates on the survival longev ity of schizophrenic patients. 

4.3 Estimation of model parameters 

The model parameters to be estimated here in the Cox proportional hazards models are the 

coefficients,Bj of the covariates in equation (1). To estimate those model parameters, we 

basically make use of the estimation argument we di scussed in chapter three with declaration of 

the covariate variabl es. 

• 

• 

• 

• 

• 

• 

• 

• 

Time: Month of first experi ence of death in the five years follow up. 

Status: the event indicator, equal to 1 for those that have experienced an event in the 

fi ve years follow up and 0 for those who have not. 

Marital: Marital status is a categorical 'Variable, with code l(Marri ed), 2 (Never 

married), 3(Separated), 4(Divorced), or 5(Widowed). 

Sub use: Substance use is a Categorical variable, with code O(not at all), I (a little), or 

2(Some) 

Agel: Age in years at the onset of the illness. 

Age2: Current age of schi zophrenic patients. 

Gender: a dumm y vari able coded 1 if the indi vidual is male and 2 if female . 

Edu: levels of education in years. 
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• Dur illness: Months in the hospital due to psychiatric problem (duration of illness) 

coded as O(none of the periods), I (about one month or less), 2(about two months), or 

3(three or more months). 

• Phy illness: physical illness or di sabi lity is a categorical variable coded as O(not at 

all ), I (a li ttle), 2(some) or 3 (a lot) . 

With these declarations of the variab les in the Cox regression model, different stati stical software 

can provide us the estimate of the parameters. For thi s purpose we use SPSS to estimate the 

parameters. We analyze eight predictor variables related to the hazard of death of schizophrenia 

patients and a response variable time-to-event. The results are given in Table 3 below. 

Table 3: Partial Likelibood Estimates fOl' Fitted Proportional Hazards Models 

Variable 

In the model B SE Wald df Sig, Exp(B) 95.0% CI for Exp(B) 

Lower Upper 

Edu .001 .002 .108 I .743 1.001 .996 1.005 

age l .006 .009 .500 I .480 1.006 .989 1.025 

Phy illness .28 1 3 .963 

Phy illness(l) 8.625 75 .130 .013 I .909 5571.474 .000 4.979E+067 

Phy i IIness(2) 8.373 75 .132 .012 I .911 4330.629 .000 3.884E+067 

Phy illness(3) 8.687 75.131 .013 I .908 5924.749 .000 5.302E+067 

Dur illness 24.801 3 .000 

Dur illness ( I) -.725 .188 14.826 I .000 .484 .335 .700 

Dur illness (2) -,982 .741 1.756 I .185 .374 .088 1.601 

Dur illness (3) .123 .226 .294 I .587 1.130 .726 1.760 

Marital 17.4 14 4 .002 

Marital ( I) -.627 .433 2.094 I .148 .534 .229 1.249 

Marital (2) -.727 .461 2.486 I . 11 5 .484 .196 1. 193 

Marital(3) -.197 .482 .167 I .683 .821 .31 9 2. 111 

Marital(4) .094 .43 1 .048 I .827 1.099 .472 2.560 
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1 Gender -.290 1 .167 1 3.034 1 I 1 082 1 .748 1 .540 1 1.037 1 

1 age2 -.0 14 1 .011 1 1.712 1 I 1 .191 1 .986 1 .965 1 1.007 1 

1 1 
26.085 1 2 1 .000 1 

1 1 1 
1 Sub use 

1 
1 Sub use (I) 

1 -
1002

1 .207 1 23.437 1 1 .000 1 .367 1 .245 1 .551 1 

I Sub use (2) I -.456 1 .257 1 3. 136 1 I .077 1 .634 1 .383 1 1.050 I 

Table 3 shows a computer output showing the results of the fitted hazards model: the estimate of 

the slope parameter for each covariate, standard errors of these estimate, ratio of each parameters 

estimated to its standard enw (Wald statistic) which is assumed to have standard nonnal 

distribution under the null hypothesis and the p-value based on the values of the Wald statistic 

for testing the null hypothesis that the parameter is zero in the population. The value of the Wald 

stat ist ic and p-values given in Table 3 are useful to assess the significance of each covariate in 

the model. The tab le also shows the estimate of the hazards ratio and the 95% confidence 

interva ls for the estimated hazards ratio which can be ca lculated as [exp (8 - 1.96 S.E (8)), exp 

(8 + 1.96 S.E (8))). 

Based on the results of Table 3 we look for predi ctors having a stati sticall y signifi cant 

relationship with the hazards (death of schi zophrenic patient) often focusing primarily on p­

values . Setting a suitable a -level , we consider the predictor to be significant if its p-value is 

smaller than the target value. Now for the covariate wh ich is assumed to be stati sticall y 

signifi cant based on the above test, we wo uld make a meaningful interpretation in the following 

subsection. 

4.4 Test for the significance of model parameters 

Statistical models are of li tt le use unless an investigator can test fo r the significance of the model 

parameters, interpret and present them in clear and persuas ive ways. The test for the significance 

of the model parameters can be made by testing the overa ll fitted model with the likelihood ratio 

test, Wald test, or sco re chi -square test. In our stud y we use the chi -square tests to establi sh if 
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there are the relationships between time and all the covariates in the model. To check for the 

overall fit o f the model we make tests o f the omnibus null hypothesis that all of the p's are zero. 

The stat istica l test for thi s hypothesis can be rewritten as 

1-10 : P = (P, , ... , PI' ) = 0 = (0, . . . , 0) ' versus the alternati ve 

Ih Pi '" 0 for at least one j = I , .. . , p at a = 0.05. 

Ifat least one of the p' s is non-zero we reject the null hypothesis stated under 1-10 and conclude 

that at least one of the covariate in the model has an effect on the surviva l longevity of 

schizophrenic patients. If the model is sign ificant for at least one of the covari ate coeffi cient 

then we can also make further test for each covari ate. Tn this case stati stica l test fo r individual 

signi ficance of the parameters can be rewritten as 

1-10: Pi = 0 versus the alternati ve 

1-1 , : Pi '" 0 at a = 0.05 for) = I , .. . ,p. 

Finall y, we would make an investigation on the assumptions of the model concerning the 

important covariates . 

Table 4: Tests of Model adequacy and Model Coefficients 

Omnibus Tests of Model Coeffi cients 

-2 Log Likeli hood 

1904.230 

Omnibus Tests of Model Coefficients (a) 

Change From Previous 

-2 LL Overa ll (score) or Global Change From Previo us Step Block 

Chi- Chi-

square df Sig. Chi -square df Sig. square df Sig. 

1806.259 113.178 16 .000 97.97 1 16 .000 97 .97 1 16 .000 
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The likelihood ra ti o test of the mode l, also call ed the Omnibus test or -210g likelihood (-2LL), 

tests whether the model as a whole is signi ficant. In Table 4 the overall signi ficance is less than 

0.05 indicating at least one of the variables in the model at thi s stage is significant. The table also 

shows that the change from the previous step of signifi cance is less than 0.05 indicating that the 

vari ab le added in that step is signi ficant. The same thing is true for a change from the prev ious 

block. In fact since there is no block change from prev ious step is same as change from previous 

block. 

In Table 4 above, the null (intercept-only) model has -2LL = 1904.230. The full model has -2LL 

= 1806.254 with the model ch i-square difference of 113.178 which is signifi cant. This shows 

that at least one of the covariates contributes significantly to give explanation about the duration 

in months to event of schi zophrenic pati ents. It also means that the model is significantl y better 

than the null model, which is the time-on ly model when all covari ates are zero. Thus, we can 

conclude that the Cox prop0l1ionai hazard model fit the data well. 

The test for the signifi cance of each covariate can be made either by constructing a confidence 

interval for each covariate coeffi cient or by comparing the ratio of each Cox regress ion 

coefficient to its standard elTor and the value of the Wald statistic. The confidence interval 

allows us to assess how big the effect is. Based on those resul ts we would make identification of 

stati sticall y sign i ficant covari ates, wh ich is assumed to contribute to hazards rate fo r 

schi zophrenic pati ents. 

In medical area we use proportional hazards model because we are interested to know which 

covariate has an effect on the hazards rate and to what ex tent. Thus, the covari ates that are tested 

to be stati stically significant. 

[n identifying a covari ate that have a stati stically significant effect on the survival longevity of 

schi zophren ic patient we use the P-va lue which is based on the Wald statistic. If the p-value is 

greater than 0.05 (the usual standard a level), then the covariate effect cannot be assumed to be 
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different from zero. On the other hand if the p-value IS less than or equal to 0.05 then we 

conclude that the variable contributes to the model. 

The covari ates which are ass umed to have signi ficant effects on the hazards of schizophrenia 

pat ients are: Marital status, D uration of the illness categori zed as none of the periods, about one 

month or less, about 2 months and three or more months, and Substance use. 

The coeffici ents fJ" ... , fJ p estimated by Cox regression can be interpreted in a simi lar manner 

like that multiple logisti c regression. The meaning of fJ j in the Cox regression model is that 

suppose we have two groups: Group 1 wi th covariates Zl ... Zj ... Zp and Group2 with covariates 

Zl ... Zj+l ... Zp, then change in hazard rate on log scale is gi ven as fJ j which is equal to the log 

hazard rate of Group 2 minus Group 1. 

The sign of the estimated regression coefficient fJ j indicate that for fJ j > 0 increase in the 

covariate say Zj keeping all other covari ate at the same level for thi s individual, result in the 

increment of the hazard rate (an increased probability for event to occur, death of schi zophren ic 

patients in our case) which consequently indicates a low survi val longevity due to those risk 

factors. The opposite situation can be said for the case fJ j < O. 

Sometimes we may be interested in the relative ri sk or hazard ratios of the above two groups. 

Under such case we are estimating exp (fJj ) which is the ratio of the hazard rate in Group 2 to 

that of the hazard rate in Group 1. The hazard rate in Group 1 is a multiple of the hazard rate in 

Gro up2. The meaning of the estimated hazard ratio is, for exp (fJ j ) > 1 increase in the covariate 

Zj implies an increment in the hazard rate by a factor of exp (fJj ) and a decrease in the survival 

longevity of schi zophrenic patients due to th is ri sk factor. The converse is true for exp (fJj ) < I. 

Hazard or odds ratio greater than one are assoc iated with increased hazards (few months for 

events to occur) of the event while hazards or odds ratio less than one are associated with 

decreased (more months fo r events to occur) hazard of the event. In other words, an odds ratio 
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greater than one correspond to the positive Cox regression coeffi cient, while a va lue less than 

one corTesponds to negati ve Cox regression coefficient. 

In both cases the exponentiated coefficient of the output are interpretable as multiplicative 

effects on the hazard . Thi s algebraic interpretati on is useful on ly if the proport ional hazards 

assumption is met. If the effects of predictors differ over time, the risk factor is no longer parallel 

and so it makes little sense to talk abo ut one factor being rescaled to generate the other. Thus the 

interpretation becomes misleading. Under such cases we rather use a graphical interpretation for 

our analysis, fitted su rvival plot which demonstrate when th is effect ri ses, or fal l, or remain 

constant with the passage of time or to use the stratifi ed estimate to make a valid interpretation. 

4.5 Tests for proportional hazards 

As with the other regression models we check for depar1ures from assumption such as that of 

propot1ional hazards and the required functional fonn in the Cox model. 

In thi s sub-section we will check if the proportionality ass umption of the Cox regression model 

holds. As it was described in Chapter three graphica l diagnoses of scaled Schoenfe ld residuals 

supported by chi -square stati stic can be employed to assess the proportional hazard assumption. 

The sca led Schoenfeld graphical method assesses the proportionality of the proportional hazards 

for each covariate. 

In this graphical test conventionall y, we use the x-axis as the surviva l time and the y-axis as the 

partial residual s for each category of a given covariate. Under the assumption of proportionality 

of the propol1ional hazards model, the di stribution of residuals over time is random. The 

randomness can be detected by adding a loess smooth ing line which can be either a horizontal 

line or any straight line. In this stud y our reference li ne is taken as a hori zontal line. 
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Graphical assessment of the proportional hazards assumption 
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Fig 1: Graphical proportionality test for marital statu s 
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Fig 3: Graphical proportionality test for Duration of illness 

The graphical displays show plots of the partial residuals against the survival time for each case 

of the covari ate marital status, substance use and duration of illness. In Fig I the marital status of 

schi zophrenic patient does not manifest randomness in the residual over time. Each of the 

categori es of the marital status shows trends below and above the horizontal reference zero line. 

On the other hand the average value of the residual at any time is not zero . Differently speaking 

the res iduals are not at the same vertical di stance below and above the zero reference line on 

average. In Figures 2 and 3, respectively for substance use and duration of illness of 

schizophrenic patients the plots show similar trends. Thus the plots show the fai lure of the 

proportionality of the proportional hazards model. 

The graphical test is not enough to be certain of the propol1ionality of the proportional hazards 

model. The reason is that we cannot quanti fy the magnitude of the deviation from the horizontal 

reference line. By looking at the graph different persons may give different interpretations. This 

is to say that the graphical method of assessing the proportionality of the proportional hazards 

model is more or less subj ecti ve but we use it as a supporti ve argument for proportionality test. 
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The graphical test for the proportionality of the proportional hazards model argument in the 

figures considered earl ier can be checked further by stati stica l tests. One of the statistical tests for 

proporiional hazard model is to generate the ti me-dependent covariates by creating interactions 

of the predictors and a function of survival times (usuall y covari ate times log of time) and 

including these in the model. If any of the time-dependent covariates are significant then those 

predictors do not show a proportional effect over the study period. That is the proportional 

hazard assumption fails to hold. [n performing the stat isti cal test the SAS program gives the 

following overa ll tests for the proportionali ty effects of the covariates. 

Table 5: Linear Hypothesis Testing Resu lts for proportionality 

Wald DF Pr >chi -square 

label Chi -square 

1 Test-proportrona ltty 19.1556 
1

0.0273 

[n Table 5 the Wald chi-square value is greater than the tabulated va lue of a chi-square 

distri bution with three degree of freedom at 0.05 levels of significance. This shows that the time­

dependent variable is co llectively significant. So we do have enough evidence to reject 

proportiona li ty and wi ll assume that we are not yet sati sfied with the assumption of 

proportionality of thi s model. This in turn shows that at least one of the covariates is a ti me­

dependent covariate showing rejection of the proport ionality assumption of the proportional 

hazards model. 

Havi ng rejected proportionality, one way of accommodating non-proportiona l hazards is to 

divide the data into strata based on the value of that time-dependent covariate. The only change 

in the model is the addition of strata statement together with the ti me-dependent covariate in the 

SAS program and excl usion of that pariicular variable (marital status, substance use or duration 

of illness whenever it is time-dependent) from the model. The assumption is that we are fitting 

separate models for each leve l of a particu lar time-dependent covariate under the constraint that 

the coeffi cients are equal but the baseline hazard function are not equal. This is to say that each 
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stratum is penni tted to have a different baseli ne hazards function, while the coeffici ents of the 

remaining covariate are assumed to be constant across strata. 

However, the remedies to the failure of the proportiona l hazards model assumption made through 

stratification have a disadvantage. Espec ially for the continuous covariate, categorizing of this 

vari ab le into some levels may be subj ective. Thus an altemative way is to bui ld interactions 

between covariates and time in the Cox regression model. 

Here in our stud y we cons ider interactions between covariates and time, and then include the 

in teraction vari ab le to the model. The estimate of the resulting model is given in Table 6 and 7. 

Table 6: Omnibus T ests of Model Coefficients of the null model 

-2 Log Like lihood 

1791.922 

Table 7: Omnibus Tests of Model Coefficients of the full model 

Change From Previous Change From Prev ious 

-2 LL Overall (score) Step Block 

Chi-

Chi-square df Sig. Chi-square df Sig. square df Sig. 

1376. 745 1 629.211 12 .000 415. 177 12 .000 415. 177 12 1.000 

The Omnibus test of model coeffic ient in Table 6 ind icates that the null (intercept-only) model 

has -2LL which is equal to 179 1.922. The full model shown in Tab le 7 has the -2LL which is 
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equal to 1376.745, a model chi -square difference of 629 .21 1, which is signifi cant at the given 

level of significance. Thi s shows that the model with the included variables explains the survi val 

duration better compared to the null model. On the other hand thi s means that at least one of the 

variables included in our model has a significant contribution in explaining the surviva l 

longevity of schi zophrenic patients. To make an identification of this vari able and make further 

stati stical interpretation we need to estimate the model parameters. 

Table 8: Partial Likelihood Estimates for Fitted Proportional Hazards Models 

Variable in 95.0% CI for 

the model B SE Wald df Sig. Exp(B) Exp(B) 

Lower Upper 

durt -2. 162 .324 44.639 1 .000 .11 5 .061 .2 17 

mUli - 1.349 .2 15 39.3 1 4 I .000 .260 .170 .396 

Sub use 17.593 2 .000 

Sub use (1) -3.195 .765 17.432 1 .000 .041 .009 .184 

Sub use (2) -1.1 86 .384 9.527 1 .002 .305 .144 .649 

Marital 46.022 4 .000 

Marital(1) -7.414 1.150 41.563 1 .000 .001 .000 .006 

Marital(2) -5.325 .854 38.847 1 .000 .005 .001 .026 

Marital(3) -3.240 .640 25.652 1 .000 .039 .011 .137 

Marital(4) -1.583 .493 10.3 11 1 .001 .205 .078 .540 

Dur illness 51.586 3 .000 

Dur ill ness (I) -9.475 1.332 50.623 1 .000 .000 .000 .001 

Dur illness (2) -6.443 1.080 35 .589 1 .000 .002 .000 .013 

Dur ill ness (3) -2.294 .380 36.436 1 .000 .101 .048 .2 12 

Sub uset - 1.215 .326 13.925 I .000 .297 .157 .562 

The est imation results of Table 8 al so show the supporti ve argument of the results in Table 6 and 

7. III Table 8 one can conclude that the covariates duration of illness, marital status, substance 
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use and the interaction variab les duration of illness interacted with log of time (durt), marital 

status interacted with log of time(mart), and substance abuse interacted with log of time(sub 

uset) included to the model are all stati sti cally significant at 0.05 level of significance. Here the 

generated covariate with the interaction of the covariate and the log of ti me is significant. The 

significance of thi s covariate suppOlis that the proportional hazards assumption fail s to hold as 

indicated in Table 5. 

The significance of the interaction variables (duration of illness interacted with log of time, 

marital status interacted with log of time, and substance abuse interacted with log of time) 

necessitate the need to include the interaction variab le to the model. Moreover Table 8 shows 

that marital status, duration of il lness and substance use are time-dependent covariates. The 

coefficient of interaction covariate is negative for each of these covariates implying that all of 

these variables reduce the hazards ratio . When we come to the detail of each covariate, for 

exampl e for marital status interaction with log of time estimated value of the coefficient j3 is 

-1 .349. Exp( jJ)= exp(- 1.349) is 0.260 with a 95% confidence interval of 0.170 to 0.396, meaning 

that the hazards ratio decreased by a factor of 0.260 due to the interaction of marital status and 

log time effects. [n a similar way the hazards ratio decreased by a factor of 0.115 and 0.279, 

respectively, due to the interaction effect of duration of illness and log of time and substance use 

and log of time. 

Since the variable in Table 8 is time-dependent, we use a graph ical interpretation. The graph in 

the append ix shows a decreasing hazards rate with time. In the graph the patients with the lower 

curve indicate higher death rate than the upper curve. When we come to the specific covariate for 

example, for marital status the curves are in the increasing order for Divorced, Separated, 

Widowed, Married and Never Married respective ly indicating that keeping assuming the same 

level for all other covariate Divorced schizoplu'enic patient have the highest death rate while 

Never married sch izoplU'enic patient have the lowest. In similar way the graph for substance use 

and duration of illness are interpretable. 
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Another way to acconUllodate the time-dependent covari ate and to make a valid interpretation 

from the resulting estimate is to stratify the data set based on the value of the time-dependent 

covari ate. 

Table 9: Partia l Likelihood Estimates for F itted Proportional H azards Models 

(S 'f' tratl lca tlOlI b b su stance use ) 
95.0% CI for 

variable B SE Wald df Sig. Exp(B) Ex )(8 ) 
Lower Upper 

Durllliness 27.549 3 .000 
Durllliness(1 ) -.777 . 181 18.346 1 .000 .460 .322 
DurIlliness(2) -1. 150 .727 2.506 I .11 3 .3 17 .076 
DurIlliness(3) .084 .217 .149 1 .699 1.088 .7 11 
Marital 13 .055 4 .011 
Marital( 1) -.526 .406 1.683 I .195 .591 .267 
Marital(2) -.529 .4 13 1.644 I .200 .589 .262 
Marital(3) -.182 .456 .159 1 .690 .834 .341 
Marital( 4) .1 00 .4 11 .059 I .808 1.105 .494 

For categurica l covari ates in Table 9, onc must interpret the results with respect to the reference 

category. In our analysis we use the first category (married, none of the period) as the reference 

category. For example, for the marital status of psychiatric patients, the estimated covariate 

coefficient /J = -0.526 for the ri sk factor NEVER MARRIED implies that the hazards ratio is 

exp (/J) = 0.59 1 on the average. This shows that the estimated odds that NEVER MARRIED 

psychiatri c pati ents with severe mental illness die is 0.59 1 times greater than for MARRIED. 

Differentl y speaking the quantity exp (/J) = 0.591 indicates the instantaneous relati ve ri sk of an 

event (death in thi s case), at an y time, for an individual with the ri sk factor NEVER MARRIED 

compared with an individual with ri sk factor MARRIED, assuming that the two indi viduals do 

not differ from one another except in their marital status. 

The estimated covariate coefficient /J = -0.529 fo r the ri sk factor SE PARATED implies that the 

hazards ra ti o is exp (j3) = 0.589 on the average. This shows that the estimated odds that 

SEPARA TED schi zophrenic pati ent dies is 0.589 ti mes greater than for MARRIED. The 
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estimated covari ate coefficient /J -0.1 82 for the ri sk factor DIVORCED implies that the 

hazards ratio exp (/J) = 0. 834 on the average. This shows that the estimated odds that 

DIVORCED schizoplu·enic patient di es is 0.834 times greater than for MARRlED. Similarly, the 

estimated covariate coefficient /J = 0.100 for the ri sk factors WIDOWED implies that the 

hazards ratio exp (/J) =1.105 on the average. This shows that the estimated odds that 

WIDOWED schi zophrenic pati ent di es is 1.105 times that of MARRIED schizophrenic patients. 

The sign of the estimated covariate coefficients do have an implication on the hazard rate of 

schi zophrenic pati ents, for example for the covariate MARRIED with the ri sk factor NEVER 

MARRIED the value of the estimated coefficient /J = -0.526. The negative sign impli es that 

being NEVER MARRIED reduces the hazard rate of a schi zophrenic patients and the hazard 

ratio va lue consequently implies that holding the other covariate constant, an additional month of 

being NEVER MARRIED reduces the hazard rate of schi zophrenic patients by a factor of exp 

(/J) =0.59 1 an average as compared to the MARRIED individuals. Similarly for schizophrenic 

individuals at the same level of all other covariates, being SEPARATED and DIVORCED 

reduces the hazard rate of these schizophrenic patients by 0.589 and 0.834 on average 

respectively as compared to the MARRIED indi viduals. To the contrary of this keeping all other 

covariates at the same leve l, an additional month of being WIDOWED increases the hazard rate 

of schizophrenic patients by 1.105 on the average compared with the MARRIED schizoplu·enic 

patients. 

Another way to interpret this scaling factor is in temlS of percentage difference in ri sk. The 

general rule is the percentage difference in risk per unit difference in the predictor is given as 

I OO( exp (/J) - I), Allison (1995). Thus an estimate of exp (/J) or I OO( exp (/J) -I) are therefore 

multipliers of, or percentage of increase in the odds of an event. For example in the marital status 

of schi zoplu·eni c patients with NEVER MARRIED status having the estimated parameter -0.526 

and hazard ratio of 0.591 , can be interpreted as being NEVER MARRIED decreases the odds of 

death fo r schizopllren ic patients by 40.9% compared to the married schizophrenic patients 
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assuming that both pati ents are at the same level in all other factors. Tn a similar way we can 

make interpretations for other categories of the marital status. 

The durations in of months a schi zophrenic patient had been in the hospital due to psychiatri c 

problem do have a signifi cant impact on the hazard rate of schi zophrenic patients. The resu lt of 

the analysi s shows that when we compare the schi zophrenic patients who had never been in a 

hosp ital due to psychiatric prob lems assumi ng that the indi viduals are at the same leve l for all 

other covari ates, schi zophrenic pati ents about 2 months and about three or more months have 

respectively 0.460, and 0.317 times greater than patients who were never admitted into a hospital 

due to psychiatric problems. 

The sign on the estimated covariates coefficient is negative for the risk factor less than one 

month and for about two months. It indicates that additional months of being in hospital due to 

psychiatric problem for one month or less and for about two month, reduces the hazards of 

schizophren ic patients by ,54%, and 68.3% respectively. It takes some more months until the 

occurrence of an event by sch izophrenic patients due to these ri sk factors. And the positive sign 

for the covariate estimate of the ri sk factor three or more months indicate that an additional 

mo nth of being in hospital due to psychiatric problem for three or more months increases the 

hazard rate of sch izophren ic patients by 8.8%. It is again eq ui valent to saying that schizophrenic 

patients who had been in hospital due to psychiatric problems for three or more months have 

fewer months until the occurrence of an event (death) compared with the one who had not been 

in hospital due to psychiatric problem. 
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Table 10: Partial Likelihood Estimates for Fitted Proportional Hazards Models 
(Stratification by marital status) 

95.0% CI for 
Variable B SE Wald df Sig. Exp(B) Ex ' B) 

Lower Upper 
DurJlliness 30.483 3 .000 
DurIlliness( I) -.844 .180 21.898 I .000 .430 .302 
Durliliness(2) - 1.009 .726 1.929 I .165 .365 .088 
Durllliness(3) .035 .219 .026 I .87 1 1.036 .675 
Substause 28 .840 2 .000 
S ubstause( I ) -1.038 .203 26.248 I .000 .354 .238 
Substause(2) -.489 .248 3.880 I .049 .613 .377 

In Table 10 the strati fying vari able is marital status, with the reference category to be none of the 

period, no substance use respectively for duration of illness and substance use. The durations in 

of months a schi zophrenic patient had been in the hospital due to psychiatric problem do have a 

signi ficant impact on the hazard rate of schi zophren ic patients. The result of the analysis shows 

that when we compare the schi zophrenic patients who had never been in a hospital due to 

psychiatric problems ass uming that the individuals are at the same level for all other covariates, 

schizophrenic patients with about one month or less, about 2 months and about three or more 

months have respectively 0.430, 0.365, and 1.036 times greater than patients who were never 

admitted into a hospital due to psychiatric problems. 

The sign on the estimated covariates coefficient is negative for the risk factor less than one 

months and 2 months. It indicates that additional months of being in hospital due to psychiatric 

problem for one month or less and for about two month, reduces the hazards of schizophren ic 

patients by 57% and 63.5%, respectively. It takes some more months until the occurrence of an 

event by schi zoplu'enic patients due to these ri sk factors. And the positive sign for the covariate 

estimate of the risk factor three or more months indicate that an additional month of being in 

hospital due to psychi atric problem for three or more months increases the hazard rate of 

schi zophrenic patients by 3.6%. It is again equivalent to saying that sch izophrenic patients who 

had been in hospital due to psychiatric problems for tlu'ee or more months have fewer months 

until the OCCUITence of an event (death) compared with the one who had not been in hospital due 

to psychiatric problem. 
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The other impol1ant covariate that had been assumed to have a significant impact on the hazards 

of schi zophrenic patients is SUBSTANCE ABUSE. The study shows that compared with the 

schizophrenic patients with no substance abuse, the esti mated hazard rate of schizophrenic 

patient with a little and some substance abuse are respecti vely 0.354 and 0.6 13 ti mes greater on 

average. This is to say that keeping other co variates at the same level the risk factor due to little 

substance abuse and some substance use increases the hazards of schizophrenic patients by 64.3 

and 38.6 percent respectively compared with no substance abuse at all. 

The odds rat io for a litt le and some substance use are both less than one indicating that 

compared to no substance use schizophrenic patient (the reference category), taking a li tt le and 

some substance use reduces the survival longevity. Schizophrenic patients with no substance use 

took more months to experience an event. Based on the 95% confidence intervals of the hazard 

ratio, one can also interpret the results as using a li ttle substance red uces the hazard rate from 

76.3% to 47.3% and from 62.3% to 0.2% for users of some substance. 

Table 11: Partial Likelihood Estimates for Fitted Proportional Hazards Models 

(Strati fication by Duration of illness) 

95.0% CI for 
B SE Wald df Sig. Exp(B) Ex 'B) 

Lower Upper 
Marita l 15.235 4 .004 
Marital(1) -.627 .406 2.378 I .123 .534 .241 1.185 
Mari tal(2) -.705 .4 14 2.899 1 .089 .494 .220 1.112 
Mari ta l(3) -.183 .458 .159 1 .690 .833 .340 2.042 
Marital(4) -.0 15 .4 13 .001 I .971 .985 .439 2.2 12 
Substause 30.746 2 .000 
Substause(l) -1 .069 .201 28.285 I .000 .343 .232 .509 
Substause(2) -.525 .248 4.495 1 .034 .592 .364 .961 

Table II shows the partia l likelihood estimate for the parameters of the prop0l1ionai hazards 

model. In Table I I the stratification is made with respect to the time-dependent covariates 

duration of illness. The interpretati on for the resulting estimate can be made in sim ilar way as we 

made in Table 9 and 10. 
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4.6 Test for the functional form of the model 

Test for linearity in the relationship between the log of the hazards function and the covariates 

are one of the most common tests in the functional form for the Cox proportional hazards model. 

In most real situation an incorrectly spec ified functional fonn (non log-linearity) of the model 

covariate is a potential problem in the Cox regression model, especiall y for continuous variables. 

LeB lanc and Crowley (1999) demonstrate that the average model error for a Cox model with 

incorrect covariate functiona l form is three times hi gher than a model that accounts for the non­

linearity. Normally, it is assumed that covariates enter into the Cox partial log-likelihood in a log 

linear fashion, but continuous covariates can affect the hazard through more complicated 

nonlinear functional forms. Thus log- linearity in the functional form of the covariate is more 

likely to occur. 

Failure to address the correct functional fonn of covaliates III the model has senous 

consequences. If the hypothesi zed functional form is not same as the functional form we are 

using, the results obtained can change the interpretation of the effect and can radically alter the 

conclusions made fi'om the model estimate. In that fitting the incorrect functional foml is a form 

of misspecification and leads to some statistical errors: biased and decrease in the power of 

statistical significance. In general, the effects of incolTect functional form are similar to that of 

the failure of the proportionality of the proportional hazards model. Thus in order that the 

interpretation made from the model output is valid , the fit of the data with the model functional 

form has to be tested. 

As it was described in Chapter Three the martingale residuals may be plotted against co variates 

to detect for the correctness of the functional form. The SPSS option of Cox-regression model 

allows us a model diagnostic with hazards function, pal1ial residual and DfBeta(s). On SPSS the 

martinga le residual s have to be recomputed as the difference of status variab le and the 

cumulative hazards function. Then we plot the martingale residual aga inst each covariates. 

60 



functional form for marital status funct ional fonm for substance use 

200 2.00 0 
0 

I I 
8 

I 0 
0 

0.00 000 @ 

8 
! 0 ,~ i ,~ , 0 

, 0 , ·100 
, 100 

• • 0 E 0 E 
0 0 

0 0 

4.00 {OO 

0 0 

0 0 

~oo ' .00 

0.5 15 

Marital status of the psychiatric patients substance use by schi10phreric pa tein~ 

functional form for dura tion of illness 

2 .0 0 0 

0 

I I 0 

0 .00 
8 
0 

"0 ~ I 'iii 
~ -2 .00 

E 0 
0 

0 

- 4 .00 

0 

0 

-6 .00 

0 0 .5 1 .5 2 2 5 3 

Months in the hospital due to psychiatric problem or duration of illness 

Fig 4: Figures for the assessment of functional form of the covariate in the model. 
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The panels of disp lays in Figure 4 show the plot of the martingale residual versus covariates. For 

each of the covariates, that is, marital status, substance use and the duration of illness, the plots 

reveal no evidence of any nonlinearity in the effect. The panels do not show a linear trend. 1n fact 

this is just for the sake of completeness since the problem of functional form is suspected about 

continuous covariates but not about categorical covariates like the ones we had considered. 

Irrespective of types of covari ates (categorical or conti nuous) the panels show that the log 

li nearity assumption of the covariate in the proportional hazards model is correct. 

Chapter Five 

Conclusions and Recommendations 

5.1 Conclusions 

The paper analyzes the effect of marital status, gender, substance use, duration of illness, 

physical illness, Year of education, age at the onset of illness and the current age of 

schizophrenic patient on their numbers of months of survival. The analysis was done based on a 

proportional hazards model. 

The study suggests that marita l status, duration of illness and substance use have stati sticall y 

significant effects on the survival longevity of schizophrenic patients. On the other hand, 

physical illnesses, gender, age-at-onset of the illness and the current age of schi zophrenic patient 

have no impact on the survival longevity of schizophrenic patients. 

The study also assesses if the proportional hazards assumption for those stati stica ll y signifi cant 

covari ates is met. The covariates show the vio lat ion of the assumption both co llecti vely and 
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indiv idual ly. Thus we conclude that these covari ates are time-dependent covariates whose effect 

will change from time to time over the stud y period. 

In the assessment of the proportionality of the proportional hazards model assumption, the SAS 

program was used to check for the overall signifi cance of the assumption and SPSS for 

individual tests of the assumption. The graphical test supported by stati sti cal test was applied to 

check the validity of assumption. Up on rejection of the assumption an attempt was made to see 

. the interaction effect between ti me and the time-dependent covariates. We finall y use thi s model 

in analyz ing the impact of the covariates on the surviva l longevity of schi zo phrenic patients. 

The other important assumption about the proportional hazards model is the log linear 

assumption in the covariates. Even though thi s assumption is more likely to hold for continuous 

covari ates, an attempt was made to assess the stati sti cal significance of covari ates in the model 

so as to confirm that the conclusion made is valid. 

With regards to their marital status the married schizophrenic pati ents do have a better survival 

longevity than the never-marri ed, separated, and divorced. For duration of illness due to 

psychiatri c problems, schi zophrenic pati ents who were never in a hospital due to psychiatri c 

problem have a better survival longevity than those who have been admitted to a hospital for a 

month or less , fo r two months, and for three or more months. In the case of substance use, the 

study points out that compared to schi zophrenic patients who never used a substance the 

probability of death of a schi zophrenic patient with a little and some substance use is higher. 

5.2 Recommendations 

Based on the result of the study we forward some recommendation . The study shows that 

substance use has a stati sti call y signifi cant impact on the survival longevity o f schi zoplu·enic 

patients. We recommend that in order to reduce or stop substance use by schizophrenic patients 

the intervention of cli nicians, governmental and non govenullenta l bodies is necessary. 
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Alternati ves to substance use for coping with stress ful situations can be suggested. The reasons 

for substance misuse incl uding relationship to psychiatric symptoms, antipsychotic treatment and 

feelings of social isolation must be explored, and then appropriate remedies can be given to 

patients by adopting concrete problem-solving approach. It is advisab le to set tasks that are 

simple and readily ach ievable and encourage participating in activities with non-substance using 

peer group. The other important survival time determining factors are marital status and duration 

of illness. The study shows that being never-married reduce the hazards rates than in the case of 

separated, divorced and widowed. We strongly recommend that some orientation that will 

discourage separation or divorce for schizophrenic patients. As the number of months in hospital 

due to psychiatric problem increases the hazards rate increases as well. The physicians can 

advice the psychiatric patient to stay in the conuTIunity. 
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Appendix 

Case Processing Summary 

N Percent 

Cases Event(a) 190 58.3% 
available in Censored 133 40.8% 
analysis Total 323 99. 1% 
Cases dropped Cases with missing 

3 .9% 
values 
Cases w ith negati ve 

0 .0% 
time 
Censored cases befo re 
the earliest event in a 0 .0% 
stratu m 
Total 

3 .9% 

Total 326 100.0% 
a Dependent Variable: survival time 

Categorical Variable Codings (b, c, d, e, f) 

F requency ( I ) (2) (3) (4) 

phys illnes(a) O=not ta ll 296 1 0 0 
1 =a li ttle 7 0 1 0 
2=some 19 0 0 I 
3=a lot 1 0 0 0 

Durllliness(a) 0= none of the 
185 1 0 0 

Period 
1= 1 month 5 0 I 0 
2=2month 52 0 0 I 
3=3month 81 0 0 0 

Marit al(a) I=MARRIED 122 I 0 0 0 
2=NMARRIED 80 0 1 0 0 
3=S EPARATE 

32 0 0 I 0 
D 
4=DIVORCED 79 0 0 0 1 
5= WIDOWED 10 0 0 0 0 

Gender(a) j =M ALE 2 10 1 
2=FEMALE 113 0 

Substause(a) O= l1ot at a ll 22 1 I 0 
I =a litt le 50 0 1 
2=some 52 0 0 
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Survival Table 

Basel ine At mean of covariates 

Cum Cum 

Time Hazard Survival SE Hazard 

0 .000 .977 .009 .023 

1 .000 .966 .011 .034 

2 .000 .953 .015 .048 

3 .000 .941 .017 .061 

4 .000 .931 .020 .071 

5 .000 .921 .022 .082 

6 .000 .916 .023 .088 

7 .000 .894 .028 .11 2 

8 .000 .875 .032 .133 

9 .000 .866 .034 .144 

10 .000 .849 .037 .163 

11 .000 .836 .040 .179 

12 .000 .819 .043 .200 

13 .000 .781 .050 .248 

14 .000 .769 .052 .263 

15 .000 .740 .057 .301 

16 .000 .732 .058 .312 

17 .000 .710 .062 .343 

18 .001 .701 .063 .356 

19 .001 .683 .066 .382 

20 .001 .673 .067 .396 

21 .001 .664 .068 .410 

22 .001 .639 .072 .448 

23 .001 .583 .078 .540 

24 .001 .572 .079 .558 

25 .001 .552 .081 .595 

26 .001 .541 .082 .615 
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27 .001 .515 .084 .664 

28 .001 .504 .085 .685 

29 .001 .489 .086 .716 

30 .001 .478 .087 .738 

31 .001 .473 .087 .748 

32 .001 .463 .088 .771 

33 .001 .457 .088 .782 

34 .001 .441 .089 .819 

35 .001 .424 .089 .858 

36 .001 .418 .089 .872 

37 .001 .378 .090 .973 

38 .001 .367 .090 1.004 

39 .002 .343 .090 1.071 

42 .002 .322 .089 1.134 

44 .002 .315 .089 1.156 

45 .002 .290 .088 1.238 

47 .002 .282 .088 1.267 

48 .002 .273 .087 1.300 

49 .002 .254 .086 1.370 

50 .002 .245 .085 1.406 

51 .002 .236 .084 1.446 

52 .002 .226 .084 1.487 

54 .002 .204 .081 1.591 

57 .003 .171 .077 1.767 

60 .004 .063 .043 2.767 
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Covariate Means 

Variable name Mean 

Level of 

education 15.012 

in yea rs , 
age1 23.632 

physillnes(1 ) .916 

physillnes(2) .022 

physi llnes(3) .059 

Durllliness( 1 ) .573 

Durllliness(2) .015 

Durllliness(3) .161 

Marital(1 ) .378 

Marital(2) .248 

Marital(3) .099 

Marital(4) .245 

Gender .650 

age2 30.604 

Substause(1 ) .684 

Substause(2) .155 
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Survival Function at mean of covariates 
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survival time 

SAS code for testing prop0l1ional hazards assumption 

data schizo; 

Set work schizo; 

Proc phreg data =schizOi 

40 

model time*status (1) =dur mar subuse durt mart subuseti 

durt=dur*LOG (time); 

mart=mar*LOG (time ) i 

subuset=subuse*LOG ( time) i 

proportionality_tet : test durt, mart, subuset; 

run; 

50 60 
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Survival curve for each of the statistically significant covariate 
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Couse seen in 
SUBSTANCE ABUSE, 
e.g "drinks to much" 

"had marajuana. 
"somkes too much . 

.Jl nolalall 

.Jl alittl e 

some 
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1.0 
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Survival Function for patterns 1 - 4 
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Months in the hospital 
due to psychiatric 

problem or duration of 
illness 

Jl Nperiod 
Jl 1month 

Jl 2month 

Jl 3month 
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