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Abstract 1 

Abstract 

Background 

Missing patient-reported outcomes (PROs) are common in follow-up visits for longitudinal 

studies. However, the rates of missing values are relatively high in relation to health de-

terioration and premature death in patients with advanced stages of cancer. This study 

aims to investigate the rates and patterns of missing PROs data as well as to explore the 

association between patient characteristics and time-to-dropout or time-to-death for a 

better understanding of how the missing data mechanism could be applied to missing 

PROs data in severely affected patients. 

Methods 

This is an exploratory study using data from the Oncological Social Care Project. Missing 

rates and missing data patterns were reported using cumulative numbers and rates. The 

competing-risk analysis, using Fine and Gray’s proportional sub-distribution hazards 

model, was performed to explore factors associated with time-to-dropout when consider-

ing death as a competing event. Additionally, a Cox regression model was used to explore 

factors associated with time-to-death. 

Results 

A total of 362 patients were observed. The cumulative missing rate for assessing PROs 

was around 28% and 19%, caused by premature death and dropout, respectively. Being 

divorced or widowed (SHR=2.71; 95%CI: 1.12–6.56) and having poor social support 

(SHR=2.10; 95%CI: 1.01–4.35) were associated with early dropout. The presence of ma-

lignant neoplasm of pancreas cancer (HR = 2.48; 95%CI: 1.27–4.85) and a medium level 

of education (HR = 1.58; 95%CI: 1.02–2.45) were associated with premature death. Drop-

ping out early from the study was associated with low baseline global health status/quality 

of life (GH/QoL) (SHR=1.14; 95%CI: 1.01–1.27) and low baseline role functioning, such 

as limited ability to do work or daily activities (SHR=1.10; 95%CI: 1.01–1.19). Further-

more, worsening scores of GH/QoL, functioning, and symptoms at baseline and at the 

last visit were associated with premature death. 
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Conclusion 

In the advanced stages of cancer research, high rates of missing PROs data should be 

expected. The worsening of health-related quality of life (e.g., GH/QoL, physical function-

ing, fatigue scores) was associated with missing PROs data, suggesting that the missing 

data is not completely random. The investigation of patient characteristics associated with 

missing data is also informative and a prerequisite for further proper analysis of the data. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Abstract 3 

Zusammenfassung 

Einleitung 

Fehlende von den Patienten berichteten Ergebnisse (patient-reported outcomes: PROs) 

sind bei Nachuntersuchungen im Rahmen von Langzeitstudien üblich. Die Raten fehlen-

der Werte sind jedoch relativ hoch, wenn es um die Verschlechterung des Gesundheits-

zustands und den vorzeitigen Tod von Patienten in fortgeschrittenen Krebsstadien geht. 

Ziel dieser Studie ist es, die Raten und Muster fehlender PRO-Daten zu untersuchen 

sowie den Zusammenhang zwischen Patientenmerkmalen und der Zeit bis zum Abbruch 

bzw. bis zum Tod zu erforschen, um besser zu verstehen, wie der Mechanismus fehlen-

der Daten auf fehlende PRO-Daten bei schwer betroffenen Patienten angewendet wer-

den könnte. 

Methoden 

Es handelt sich um eine explorative Studie, die Daten aus dem Oncological Social Care 

Project verwendet. Fehlende Raten und Muster fehlender Daten wurden anhand kumu-

lativer Zahlen und Raten angegeben. Eine Analyse des konkurrierenden Risikos unter 

Verwendung des proportionalen Unterverteilungs-Hazards-Modells von Fine und Gray 

wurde durchgeführt, um Faktoren zu untersuchen, die mit der Zeit bis zum Abbruch in 

Verbindung stehen, wenn der Tod als konkurrierendes Risiko betrachtet wird. Zusätzlich 

wurde ein Cox-Regressionsmodell verwendet, um Faktoren zu untersuchen, die mit der 

Zeit bis zum Tod in Verbindung stehen.  

Ergebnisse 

Insgesamt wurden 362 Patienten beobachtet. Die kumulative Missing-rate für die Bewer-

tung der PROs lag bei 28% bzw. 19%, verursacht durch vorzeitigen Tod bzw. Dropout. 

Geschieden oder verwitwet zu sein (SHR=2,71; 95%KI: 1,12 – 6,56) und geringe soziale 

Unterstützung (SHR=2,10; 95%KI: 1,01 –  4,35) waren mit einem frühen Abbruch ver-

bunden. Das Vorhandensein einer bösartigen Neubildung der Pankreas (HR=2,48; 

95%KI: 1,27 - 4,85) und ein mittleres Bildungsniveau (HR=1,58; 95%KI: 1,02 - 2,45) wa-

ren mit einem vorzeitigen Tod assoziiert.  Ein vorzeitiger Abbruch aus der Studie war mit 

einem niedrigen Ausgangswert für den globalen Gesundheitszustand/die Lebensqualität 

(GH/QoL) (SHR=1,14; 95%KI: 1,01 - 1,27) und einem niedrigen Ausgangswert für die 

Rollenfunktion, wie z. B. einer eingeschränkten Fähigkeit zur Ausübung von Arbeit oder 
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täglichen Aktivitäten (SHR=1.10; 95%KI: 1,01 - 1,19) assoziiert. Darüber hinaus war eine 

Verschlechterung der Werte für GH/QoL, Funktionsfähigkeit und Symptome zu Studien-

beginn und bei der letzten Visite mit einem vorzeitigen Versterben assoziiert.  

Schlussfolgerung 

In den fortgeschrittenen Stadien der Krebsforschung sind hohe Raten an fehlenden PRO-

Daten zu erwarten. Die Verschlechterung der gesundheitsbezogenen Lebensqualität (z. 

B. GH/QoL, körperlichen Funktionsfähigkeit, Müdigkeit) stand in Verbindung mit fehlen-

den PROs-Daten. Das bedeutet, dass der Mechanismus der fehlenden Daten nicht völlig 

zufällig ist. Die Untersuchung von Patientenmerkmalen, die mit fehlenden Daten in Ver-

bindung stehen, ist aufschlussreich und eine Voraussetzung für die weitere korrekte Aus-

wertung der Daten. 
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1 Introduction 

In oncology research, patient-reported outcomes (PROs) are often used as either primary 

or secondary outcomes (1). Tracking health-related quality of life (HRQoL) status in can-

cer patients has been implemented as routine in oncology clinics (2-4) by using electronic 

sources, such as web-based questionnaires and applications on smartphones and tab-

lets. Generally, PROs are assessed as multiple domains or items, such as in the Euro-

pean Organization for Research and Treatment of Cancer quality of life questionnaire 

(EORTC QLQ-C30) (5) and the Health Literacy Survey (HLS-EU-Q6) (6). Missing data in 

PROs may be present in some items or, due to a drop-out, result in missing values for 

the whole domain or questionnaire. 

Although missing data is a general problem in medical research, several problems may 

occur if an analysis is based solely on complete cases. Missing data in PROs reduces 

the study’s power due to the sample size reduction (7, 8). Another potential problem when 

missing PROs data occurs is that the results might be biased in the estimation of inter-

vention effects, as well as in the estimation of differential intervention effects in subgroups 

(7). For instance, the intervention effect on HRQoL might be overestimated because can-

cer patients with health deterioration are more likely to have missing data. 

Missing data in PROs needs to be handled appropriately to avoid biased results. The 

decision on the appropriate methodology generally depends on the missing data mecha-

nisms. Rubin has given three definitions of missing data mechanism (9), and the following 

describes the missing data mechanisms according to Rubin’s definition, based on Car-

penter and Kenward (10). 𝑌𝑖 is the dependent variable vector which is intended to be 

collected from n subjects (𝑖 = 1, … , 𝑛) and X denotes the covariate variables. Thus 𝑌𝑖 =

(𝑌𝑖
𝑂 , 𝑌𝑖

𝑀) when 𝑌𝑖
𝑂 is the observed data and 𝑌𝑖

𝑀 is the missing data. Missing data distribu-

tion is described by 𝑅, 𝑅𝑖𝑗 = 1 if 𝑌𝑖𝑗 observed and 𝑅𝑖𝑗 = 0 if 𝑌𝑖𝑗 missing for subject i and 

observed time j, where j=1,…,k.  

Missing PROs data could be defined as missing completely at random (MCAR) when 

Pr (𝑅𝑖|𝑌𝑖, 𝑋) = Pr (𝑅𝑖) as the distribution of missing values are assumed to be independent 

of any other observed and unobserved variables. MCAR occurs if the missing value re-

lates to neither observed nor unobserved data, such as when a patient forgets a follow-

up appointment or moves to another city. If the missing data depends on the observed 

data (e.g., to specific characteristics at baseline, such as age, gender, and education), 
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this missing data is called missing at random (MAR) and can be expressed as 

Pr (𝑅𝑖|𝑌𝑖, 𝑋) = Pr (𝑅𝑖|𝑌𝑖
𝑂 , 𝑋). The third missing data mechanism is the most problematic in 

terms of handling missing data: For HRQoL, if the probability of missing HRQoL relates 

to the patient’s health status (e.g., the patient missed their follow-up visit due to disease 

progression), the missing data is defined as missing not at random (MNAR). In this 

case, the probability of missing HRQoL is associated with unobserved values of the 

HRQoL itself. This is expressed as Pr (𝑅𝑖|𝑌𝑖, 𝑋) = Pr (𝑅𝑖|𝑌𝑖
𝑀, 𝑌𝑖

𝑂 , 𝑋). However, it is difficult 

to differentiate between MAR and MNAR due to the fact that the unknown dependent 

variable 𝑌𝑖
𝑀 is involved (10).   

Numerous studies have demonstrated strategies for optimizing and handling incomplete 

PROs data (7, 11). Unfortunately, neither reporting missing rates nor exploring missing 

data mechanisms in longitudinal PROs data are very common. Only around 30% of the 

research assessing PROs data as an outcome reported follow-up compliance rates (12, 

13), and only 27% reported the strategy used for handling missing data (13). This infor-

mation is particularly important in oncology research when using PROs as an outcome 

because it could help researchers to assess the quality of the study results and to select 

an appropriate statistical analysis method for their own studies, as well as to interpret the 

PROs data correctly (12, 14).  

In addition to reporting the rates of missing PROs data, evaluating the patterns of missing 

PROs is also important. The information on different patterns of missing PROs can be 

used in the statistical analysis approach to yield unbiased estimations of intervention ef-

fects (15). Patterns of missing PROs can be classified based on the reasons for discon-

tinuation or the type of attrition. Possible reasons for discontinuation are: 1) patient felt 

too ill, 2) clinician or nurse felt the patient was too ill, 3) patient felt it was inconvenient or 

took too much time, 4) patient felt it was a violation of privacy, 5) patient did not under-

stand the actual language or was illiterate, 6) administrative failure to distribute the ques-

tionnaire to the patient, 7) loss of contact, 8) other reasons (15). Another way to define 

the missing data pattern is by using a type of attrition. This type of attrition can be cate-

gorized into two subgroups: intermittent missing data and monotone missing data pat-

terns. In our study, follow-up visits were scheduled at 3, 6, and 12 months. Therefore, 

missing values due to missed visits at months 3 or 6 but not at months 12 were considered 

intermittent. On the other hand, if the patient completed assessments at baseline and 3 

months but discontinued the study after 6 months, the missing values at months 6 and 
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12 were considered monotone. Intermittent missing data is less frequently compared to 

monotone missing data and is often assumed to be MCAR (16). The pattern of missing 

data is seldom reported in clinical research, although it could help researchers better 

understand the sources and directions of possible bias.  

The probability of dropping out of the study or of premature death can be associated with 

baseline patient characteristics. Therefore, many studies have shown that several patient 

characteristics are associated with dropping out early. For example, old age was related 

to dropping out early (17-19), and males seemed more likely to quit the study early than 

females (20, 21). Baseline PROs like EORTC QLQ-C30 have been studied in association 

with dropping out early or premature death, and the results have shown that poor physical 

health was associated with premature death but was not associated with dropping out 

due to other reasons (17). Although there is some evidence of the relationship between 

a specific patient’s characteristics and their relation to dropout in PROs, most literature 

has only focused on baseline characteristics. In this work, patient characteristics in sub-

sequent study visits were analyzed to gain a better understanding of continuously meas-

ured patient characteristics during follow-ups and their association with dropout among 

severely affected cancer patients. This study will provide a better view of potential sources 

of bias that might impact the study results. Additionally, it will suggest strategies for han-

dling the missing PROs data appropriately. 

The main objective of this thesis is to develop a greater understanding of how missing 

data in longitudinal PROs study with advanced stages of cancer should be handled and 

reported in order to increase the quality of research. This work aims to achieve this goal 

by considering a number of aspects:  

1. Exploring missing rates and missing patterns of longitudinal PROs data. 

2. Investigating the association between patient characteristics and time-to-dropout or 

time-to-death.
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2 Methods 

2.1  Oncological Social Care Project (OSCAR) Study 

2.1.1  Study population  

Cancer patients were recruited for OSCAR from three study centers in Germany between 

January 2018 and February 2020. Eligible patients were 18 or over, with different cancer 

types (see the inclusion criteria in the published protocol (22)). The OSCAR is a non-

randomized, controlled, multi-center intervention study. Patients who were insured by the 

German company health insurance fund, Pronova BKK, were enrolled in the intervention 

group, whereas those who were insured by the other companies were enrolled in the 

control group. The OSCAR was approved by the ethics committees at Charité–Universi-

tätsmedizin Berlin (EA2/192/17) and the Medical Association of North Rhine-Westphalia 

(2017429). The participants were enrolled in the study after providing written informed 

consent. The intervention group received a monthly consultation provided by social care 

nurses, while the control group received standard care.  

2.1.2  Data measurement 

Demographic data and anamnesis were collected at baseline, e.g., age, sex, time since 

diagnosis, cancer diagnosis, family status, and education. Based on the Comparative 

Analysis of Social Mobility in Industrial Nations (CASMIN) classification of education(23), 

education and professional qualifications were categorized into three groups: low, me-

dium, and high. Subjective social support was assessed using the Oslo Three-Item Social 

Support Scale (OSSS-3) (24). The OSSS-3 scores range from 3 to 14 points; 3 to 8 is 

poor, 9 to 11 is moderate, and 12 to 14 is strong. HRQoL according to the EORTC QLQ-

C30 was assessed monthly in the intervention group. The EORTC QLQ-C30 for the con-

trol group and other PROMs for both groups were assessed at baseline (t0), 3 months 

(t1), 6 months (t2), and 12 months (t3) by study nurses (22, 25). The primary outcome of 

the OSCAR is the scores of GH/QoL of the EORTC QLQ-C30. An overview of the PROMs 

in the OSCAR is presented in Table 1.  
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Table 1: Patient-reported Outcome Measures (PROMs) in the OSCAR study 

Questionnaires Purpose Score 

range 

Interpretation 

EORTC QLQ-C30 

(version 3.0) (5)  

to assess HRQoL in cancer 

patients. It is a multiple do-

main questionnaire, con-

sisting of 30 questions and 

incorporating different 

functioning and symptoms. 

0 to 100 

 

Higher values indicate better 

functioning and GH/QoL, while 

higher values represent a worse 

health status in symptom sub-

scales. 

The Patient Reac-

tion Assessment 

(PRA-D) (26)  

to assess the quality of 

communication between 

physician and patient.  

5 to 35 

 

Higher values indicate better doc-

tor-patient relationships. 

The Illness percep-

tion questionnaire 

(IPQ-R) (27) 

to assess the illness coher-

ence subscale to represent 

an understanding or com-

prehend of patients on their 

illnesses. 

5 to 25 Higher scores indicate better ill-

ness coherence. 

The modified Ger-

man version of the 

Autonomy Prefer-

ence Index (API-

DM) (28)  

to measure patients’ deci-

sion-making and infor-

mation-seeking strategies. 

0 to 100 Higher values indicate a greater 

preference for information seek-

ing. The scores of decision-mak-

ing close to 50 represent that de-

cision-making is shared equally 

between physician and patient. 

The Decision Con-

flict Scale (DCS) 

(29) 

to measure patient percep-

tions of choosing options 

and decision-making 

0 to 100 Higher values indicate high deci-

sion conflict. 

The European 

Health Literacy 

Survey (HLS-EU-

Q6) (6) 

to assess how patients un-

derstand their health infor-

mation in order to make a 

decision. 

 

1 to 4 [1-2] scores=insufficient HL 

(2-3) scores=problematic HL 

[3-4] scores= health literacy HL 

HL=Health literacy               [Own representation] 
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2.1.3 Event definition  

Non-participation and discontinuation from the OSCAR were documented for each follow-

up visit. In this study, the focus is placed on discontinuation. Reasons for discontinuation 

were divided into two categories: dropout and premature death. Figure 1 presents the 

definition of time-to-event in the OSCAR. The terms for the analysis were defined as fol-

lows (25):  

The event of interest was dropping out of the study, including dropout with and 

without health-related reasons, and loss to follow-up. 

The competing event was premature death, which prevented the occurrence of 

dropout (the event of interest).   

Time-to-death was defined from the enrollment date to the date of death if the 

patient died prematurely.  

Time-to-dropout was defined from the enrollment date to the date of dropout when 

patients either refused to continue the study or the first date of unsuccessful contact 

(when study nurses could not reach the patient after trying to contact them three times).  

Censored data was present if patients were alive and completed the study at 12 

months.  

 

[Own representation] 

Figure 1: The visualization of time-to-event in OSCAR 
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2.2  Objective 1: To explore missing rates and missing data patterns of longitu-

dinal PROs data 

Cumulative missing rates at each follow-up visit are separately presented as percentages 

by PROMs and study groups, as well as by visualizations using bar charts. For each 

reason for the missing data, cumulative frequencies in total and by study group are pre-

sented. Absolute and relative frequencies are reported for each reason in the intermittent 

missing data and by type of attrition. An estimated mean and a 95% confidence interval 

(CI) of GH/QoL are presented by a line graph, with error bars for each time point, sepa-

rated by missing data due to dropout or death, and study groups.  

2.3  Objective 2: To investigate the association between patient characteristics 

and time-to-dropout or time-to-death  

Firstly, demographic data is presented by using descriptive statistics separately by sub-

groups defined by no dropout or reasons for dropout: fully-observed, dropout due to 

health-related reasons, dropout due to other reasons, and premature death. Time-to-

dropout is another important outcome of interest, as it is useful to know how long patients 

remain in the study. In this study, a competing event is considered because three potential 

outcomes can be observed for each patient during the follow-up period: fully observed 

(censored), dropout, or premature death. It is essential to consider premature death as a 

competing event when evaluating time-to-dropout since a patient who dies prematurely 

is no longer at risk of dropping out. Unlike a general survival model with only one type of 

event (e.g., all-cause mortality), patients are supposed to have two types of follow-up 

events (dropout or premature death). For this reason, dropout can be considered an event 

of interest, and death “prevents” the occurrence of dropout. As the event ‘dropout’ is not 

observable if the patient died before the dropout occurred, premature death should be 

considered a competing event (Figure 2).  

In the presence of competing events, cause-specific hazard functions and sub-distribution 

hazard functions are widely used. In this dissertation, I reviewed both hazard functions 

for modelling competing risks.  
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[modified from Huebner et al., 2017 (30)] 

Figure 2: Competing risk model for dropout, considering death as a competing event 

 

2.3.1  Sub-distribution hazard function 

The sub-distribution hazard function defines a hazard function as the probability of the 

event of interest after event-free time t without any event of interest or with the competing 

event before time t. This sub-distribution hazard function was proposed by Fine and Gray 

(31) and can be defined as: 

𝜆𝑘(𝑡) = lim
Δ𝑡→0

Pr(𝑡 ≤ 𝑇 < 𝑡 + ∆𝑡, 𝐾 = 𝑘|𝑇 ≥ 𝑡 ∪ (𝑇 < 𝑡 ∩ 𝐾 ≠ 𝑘))

∆𝑡
  

 Where T denotes a potential failure time, k is the type of event. K=k indicates event 

1: dropout (k=1) or event 2: premature death (k=2).  

The proportional sub-distribution hazards model can be written as: 

𝜆𝑘(𝑡|𝑋) = 𝜆0𝑘(𝑡)exp (𝑋𝑡𝛽𝑘) 

Where 𝜆0𝑘(𝑡) is the unspecified baseline sub-distribution hazards for the event of 

interest (dropout). t is the time to event, X is a vector of covariates, and 𝛽𝑘 is a vector of 

regression coefficients where k=1, 2.  

2.3.2  Cause-specific hazard function 

The cause-specific hazard function uses all individuals at risk by considering patients who 

have a competing event as not having a risk for the event of interest. The function can be 

written as (32): 

ℎ𝑘(𝑡) = lim
Δ𝑡→0

Pr(𝑡 ≤ 𝑇 < 𝑡 + ∆𝑡, 𝐾 = 𝑘|𝑇 ≥ 𝑡)

∆𝑡
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 Where T denotes a potential failure time, k is the type of event. K=k indicates event 

1: dropout (k=1) or event 2: premature death (k=2). 

The cause-specific hazard model can be defined as 

ℎ𝑘(𝑡|𝑋) = ℎ0𝑘(𝑡)exp (𝑋𝑡𝛽𝑘) 

 Where ℎ0𝑘(𝑡) is the baseline cause-specific hazard for the event of interest. T is 

the time to event, X is a vector of covariates, and 𝛽𝑘 is a vector of regression coefficients 

where k=1, 2.  

2.3.3  Cumulative incidence function 

Estimating the incidence of an event as a time-to-event function provides important infor-

mation on the absolute risk of an event. In the presence of a competing event, the Cumu-

lative Incidence Function (CIF) is presented for estimating the incidence of the event while 

accounting for the competing event without any distributional assumptions (33). The func-

tion CIF (t) denotes the probability of experiencing the event k before time t and before a 

different type of event occurs, where K denotes the type of event. The cumulative inci-

dence function for the event k of interest can be written as follows (34): 

𝐶𝐼𝐹 (𝑡) = 𝑃𝑟(𝑇 ≤ 𝑡, 𝐾 = 𝑘) 

In the calculation of the cumulative incidence functions, the number of individuals at risk 

of the event of interest is different for the cause-specific model and the sub-distribution 

model. The number of individuals at risk of the cause-specific function includes only those 

patients who have not yet experienced the event of interest and not the competing event, 

while the sub-distribution function includes both cases without the event of interest and 

those who have had the competing event. In other words, using a sub-distribution hazard 

function in the analysis of time-to-dropout assumes that patients who died would not have 

discontinued if they had survived for the whole study period. Therefore, the CIF from the 

sub-distribution function tends to be lower than the CIF from the cause-specific model 

where all cases remain at risk (32).   

In this dissertation, Fine and Gray’s proportional sub-distribution hazards model was used 

to estimate the cumulative incidence of dropout in the OSCAR and the association be-

tween patient characteristics and time-to-dropout in the presence of the competing event 

of premature death (25). According to one of the study purposes (estimating the time-to-

dropout when considering premature death as a competing event), the calculation of this 
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sub-distribution hazard function, including those who have prematurely died in the risk 

set, makes sense when these patients are still considered at risk (meaning they still have 

a chance to dropout if they are alive at the end of the study). Additionally, a Cox propor-

tional hazard model was fitted in order to understand the relationship between patient 

characteristics and time-to-death. For this, the outcome of interest is premature death 

among cancer patients. Here, a censored patient was defined as a patient who had dis-

continued the study or was observed until the end of the study. Effect sizes are reported 

as sub-hazard ratios (SHR) and hazard ratios (HR) with 95%CI for time-to-dropout and 

time-to-death, respectively. All of the statistical analyses were performed using Stata 

IC15 (StataCorp, 2017, College Station, TX, USA). 
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3. Results 

Overall, 366 patients were enrolled in the study; four cases were excluded later due to 

non-compliance. Therefore, 150 patients in the intervention group and 212 patients in 

the control group were studied. Around half of the patients dropped out or died 

prematurely before the study’s end (12 months), with a median follow-up time of 333 

days (IQR: 154, 361 days). One hundred ninety-three of 362 patients (53.3%) 

completed the EORTC QLQ-C30, and 189 patients (52.2%) completed the other 

PROMs at all four assessment time points. 

3.1 Objective 1: To explore missing rates and missing data patterns of longi-

tudinal PROs data 

3.1.1 Missing rates of PROs data 

Table 2 presents the amount of missing data at each follow-up visit, the reasons for 

missing data, and the cumulative missing rates. The cumulative missing rate at the end 

of the study was 46.7% (169/362) for the EORTC QLQ-C30 and 47.8% (173/362) for 

the other PROMs. There was no substantial difference in the cumulative missing rates 

of the EORTC QLQ-C30 between study groups, with 46.0% (69/150) at 12 months for 

the intervention group and 47.2% (100/212) for the control group (Figure 3). Most of 

this missing data was caused by premature death (102/362=28.2%), though 12% 

(44/362) of the patients dropped out for health-related reasons (11.3% (17/150) in the 

intervention group and 12.7% (27/212) in the control group). 21.0% (76/362) of missing 

data on the EORTC QLQ-C30 was observed after 3 months. Whereas the other 

PROMs had 22.9% (83/362) of missing data, 3.9% (14/362) of this missing data hap-

pened after the initial visit because the study nurses evaluated the other PROMs later 

after the social care nurses assessed the EORTC QLQ-C30 in the intervention group. 

This causes the difference in missing rates between the EORTC QLQ-C30 and other 

PROMs in OSCAR, such as those who had post-op mortality. For other PROMs, the 

cumulative missing rate was slightly higher in the intervention group than in the control 

group, with the missing rate at 12 months of 50.0% and 46.6%, respectively (Figure 4). 

In addition, there was no difference in the cumulative missing rates for the assessment 

of the EORTC QLQ-C30 and the other PROMs at each follow-up visit (Figure 5). Fur-

thermore, the intermittent missing data was low in both groups, but the missing rates 
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were slightly higher in the control group compared to the intervention group for the 

assessment of the EORTC QLQ-C30, but this was not the case for the other PROMs, 

where the intermittent missing rates were 4.0%-10.0% in the intervention group and 

just around 4.0% in the control group.  

 

 

[Own representation] 

Figure 3: Cumulative missing rates for the EORTC QLQ-C30 by study group 
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[Own representation] 

Figure 4: Cumulative missing rates for the other PROMs between study groups 

 

 

[Own representation] 

Figure 5: Cumulative missing rates for the EORTC QLQ-C30 and other PROMS  
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3.1.2 Missing data patterns of PROs data  

Missing data patterns by type of attrition in OSCAR are explored in Table 3. Overall, 

the completion rate for the EORTC QLQ-C30 and other PROMs was 50.8% and 

46.7%, respectively. Patients in the intervention group completed the EORTC QLQ-

C30 more often than the control group (52.7% vs. 49.5%), while the completion rate of 

other PROMs was lower in the intervention group than in the control group (42.7% vs. 

49.5%). The most common missing data pattern in OSCAR was a monotone, and 

around 20% of the patients dropped out of the study after T1 (3 months). Intermittent 

or non-monotone missing data were infrequent (ca. <2%). 

Figure 6 presents the missing data patterns for the GH/QoL of the EORTC QLQ-C30. 

It can be seen that the GH/QoL scores for patients who completed the study were 

higher than those who dropped out or died within the study period. Although the 

GH/QoL scores decreased before premature death, this trend was observed in both 

study groups.  

 

[Own representation] 

Figure 6: Mean and 95%CI of GH/QoL scales of the EORTC QLQ-C30 by missing data due to 
dropout or death and study groups. 
The possible range is 0-100, with higher values indicating better GH/QoL. M0=Baseline, M3=3 
months, M6=6 months, M12=12 months (end of the study).  
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Table 2: Number of observations, missing rates and reasons for missing data at each visit in the OSCAR 

Observation times 
Total (n=362) Intervention group (n=150) Control group (n=212) 

T0 T1 T2 T3 T0 T1 T2 T3 T0 T1 T2 T3 

EORTC QLQ-C30             

Number of patients 362 362 286 239 150 150 118 95 212 212 168 144 

Cumulative number of missing data (patients) 0 76 123 169 0 32 54 69 0 44 69 100 

Cumulative missing rate 0.0% 21.0% 34.0% 46.7% 0.0% 21.3% 36.0% 46.0% 0.0% 20.8% 32.5% 47.2% 

Reason for missing (Cumulative numbers)             

Premature death 0 49 73 102 0 22 34 42 0 27 39 60 

Dropout due to health-related reasons 0 19 35 44 0 7 12 17 0 12 23 27 

Dropout due to other reasons 0 4 10 13 0 3 8 10 0 1 2 3 

Loss of contact 0 4 5 10 0 0 0 0 0 4 5 10 

Number of Intermittent missing data1 1 11 6 0 1 3 0 0 0 8 6 0 

Missing rate 0.3% 2.8% 2.1% 0.0% 0.7% 2.0% 0.0% 0.0% 0.0% 3.8% 3.6% 0.0% 

Reason for missing data             

Unable to contact 0 5 1 0 0 1 0 0 0 4 1 0 

Refusal due to health-related reasons 1 6 5 0 1 2 0 0 0 4 5 0 

Other PROMs*             

Number of patients 362 348 279 233 150 136 111 89 212 212 168 144 

Cumulative number of missing data (patients) 14 83 129 173 14 39 60 73 0 44 69 100 

Cumulative missing rate 3.9% 22.9% 35.6% 47.8% 9.3% 26.0% 40.0% 48.7% 0.0% 20.8% 32.5% 47.2% 

Reason for missing (Cumulative numbers)             

Premature death 10 54 80 111 102 27 41 51 0 27 39 60 

Dropout due to health-related reasons 0 18 32 38 0 6 9 11 0 12 23 27 

Dropout due to other reasons 3 4 8 10 3 3 6 7 0 1 2 3 

Loss of contact 1 7 9 14 1 3 4 4 0 4 5 10 

Number of Intermittent missing data 9 21 11 7 9 13 5 7 0 8 6 0 

Missing rate 2.5% 6.0% 3.9% 3.0% 6.0% 9.6% 4.5% 7.9% 0.0% 3.8% 3.6% 0.0% 

Reason for missing data             

Unable to contact 5 12 4 6 5 8 3 6 0 4 1 0 

Refusal due to health-related reasons 4 9 7 1 4 5 2 1 0 4 5 0 

[Own representation] *PRA-D, API-DM, IPQ-R, DCS, and HLS-EU-Q6. T0=baseline, T1=3 months, T2=6 months, T3=12 months.        

                                            

1 Intermittent missing data: patients missed a specific visit, but they come back to the visit later. 
2 The missing rate is unequal in the intervention group due to the study nurse assessing the other PROMs and the social care nurses assessing the EORTC QLQ-C30 at a different 

time. 
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Table 3: Missing data patterns by type of attrition in OSCAR separately by study group and outcome 

Patterns of missing data 

EORTC QLQ-C30  Other PROMs:  

PRA-D, API-DM,IPQ-R, DCS, HLS-EU-Q6 

Wave Intervention Control Total  Wave Intervention Control Total 

T0 T1 T2 T3 (n=150) (n=212) (n=362)  T0 T1 T2 T3 (n=150) (n=212) (n=362) 

Full observation O O O O 79  

(52.7%) 

105  

(49.5%) 

184 

(50.8%) 

 O O O O 64 

(42.7%) 

105 

(49.5%) 

169 

(46.7%) 

Monotone missing data1 M M M M – – –  M M M M 202 

(13.3%) 

– 20 

(5.5%) 

 O M M M 34  

(22.7%) 

44  

(20.8%) 

78 

(21.5%) 

 O M M M 27 

(18.0%) 

44 

(20.8%) 

71 

(19.6%) 

 O O M M 21  

(14.0%) 

24 

 (11.3%) 

45 

(12.4%) 

 O O M M 17 

(11.3%) 

24 

(11.3%) 

41 

(11.3%) 

 O O O M 15  

(10.0%) 

25  

(11.8%) 

40 

(11.0%) 

 O O O M 14 

(9.3%) 

25 

(11.8%) 

39 

(10.8%) 

Non-monotone missing data M O M M – – –  M O M M 2 

(1.3%) 

– 2 

(0.6%) 

 M O O M 1 

 (0.7%) 

– 1 

(0.3%) 

 M O O M – – – 

 O O M O – 6  

(2.8%) 

6 

(1.7%) 

 O O M O 0 

(0.0%) 

6 

(2.8%) 

6 

(1.7%) 

 M O O O – – –  M O O O 1 

(0.7%) 

– 1 

(0.3%) 

 O M O M – 5  

(2.4%) 

5 

(1.4%) 

 O M O M 2 

(1.3%) 

5 

(2.4%) 

7 

(1.9%) 

 O M O O – 3  

(1.4%) 

3 

(0.8%) 

 O M O O 3 

(2.0%) 

3 

(1.4%) 

6 

(1.7%) 

[Own representation] O=Observed data, M=Missing data, T0=baseline, T1=3 months, T2=6 months, T3=12 months.

                                            

1 Monotone missing data combines missing data due to dropout and death. 
2 The missing rate occurred in the intervention group after T0 because the other PROMs were assessed by the study nurse later after the social care nurses assessed the EORTC 

QLQ-C30 at enrollment. 
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3.1.3  Patient characteristics by type and reasons for missing PROs data 

Of all 362 patients, 102 cases (28.2%) died during the study period, 51 cases (14.1%) 

had missing data due to health-related reasons, and 25 cases (6.9%) had missing data 

for other reasons and loss of contact. The remaining 184 cases (50.8%) completed ques-

tionnaires at all follow-up visits (Table 4). The mean age of patients who did not complete 

all visits was slightly higher than those who completed the study visits. There was no 

remarkable difference in the rate of missing data for the intervention and control groups, 

with missing data due to health-related or other reasons at 11.3% and 8.0% in the inter-

vention group and 16.0% and 6.1% in the control group, respectively. However, men were 

more likely to drop out for health-related or other reasons than women. By contrast, 

women had a higher rate of premature death than men, as 46 women (32.2%) died before 

their last follow-up visit, compared to 56 men (25.6%). There was a difference in the miss-

ing rate for patients with different family status: married patients were less likely to drop 

out but had a higher rate of premature death than divorced or widowed patients. In pa-

tients who had a longer time period between diagnosis and study entry, rates of prema-

ture death were higher than in those who had been diagnosed shortly before beginning 

the study. 

Premature death and dropout rates were highest in patients with malignant neoplasm of 

the pancreas (50.0%), malignant neoplasm of the bronchus and lung (37.1%), metastatic 

colorectal cancer or colon carcinoma (28.2%), and acute leukemia (27.5%). Patients with 

a low (20.7%) or medium (15.8%) level of education had a slightly higher dropout rate for 

health-related reasons than those with a higher level of education (12.1%). Furthermore, 

patients with low social support (14.3%) were more likely to drop out for other reasons 

than patients with moderate (8.2%) or strong (2.2%) social support. 
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Table 4: Patient characteristics by reasons for missing data in the EORTC QLQ-C30 

Patient’s characteristics 
Total 

(n=362) 
Full-observed 

(n=184) 
Missing due to 
other reasons 

(n=25) 

Missing due to  
health-related rea-

sons (n=51) 

premature death 
(n=102) 

Study centers      
Study center 1 119 74 (62.2%) 7 (5.9%) 13 (10.9%) 25 (21.0%) 
Study center 2 98  40 (40.8%) 8 (8.2%) 19 (19.4%) 31 (31.6%) 
Study center 3 145  70 (48.3%) 10 (6.9%) 19 (13.1%) 46 (31.7%) 

Study group      

Intervention  150  79 (52.7%) 12 (8.0%) 17 (11.3%) 42 (28.0%) 
Control 212  105 (49.5%) 13 (6.1%) 34 (16.0%) 60 (28.3%) 

Age (years) – Mean (SD) 63 (13) 62 (13) 65 (13) 64 (13) 65 (13) 
Sex – (%)      

Male 219  110 (50.2%) 18 (8.2%) 35 (16.0%) 56 (25.6%) 
Female 143  74 (51.7%) 7 (4.9%) 16 (11.2%) 46 (32.2%) 

Family status      
Married 226  119 (52.7%) 10 (4.4%) 29 (12.8%) 68 (30.1%) 
Single 44  28 (63.6%) 3 (6.8%) 4 (9.1%) 9 (20.5%) 
Divorced/Widowed 63  31 (49.2%) 7 (11.1%) 15 (23.8%) 10 (15.9%) 
Missing 29  6 (20.7%) 5 (17.2%) 3 (10.3%) 15 (51.7%) 

Time since diagnosis (months) - Median (IQR) 6.0 (2.0 – 22.0) 6.0 (2.0 – 21.5) 3.0 (2.0 – 25.0) 4.0 (2.0 – 20.0) 8.5 (2.0 – 22.0) 
Diagnosis       

Acute leukemia 69  40 (58.0%) 3 (4.3%) 7 (10.1%) 19 (27.5%) 
Lymphoma 58  33 (56.9%) 6 (10.3%) 10 (17.2%) 9 (15.5%) 
Malignant neoplasm of the bronchus and lung 62  24 (38.7%) 4 (6.5%) 11 (17.7%) 23 (37.1%) 
Metastatic colorectal cancer or colon carcinoma 78  42 (53.8%) 3 (3.8%) 11 (14.1%) 22 (28.2%) 
Malignant neoplasm of the pancreas 32  7 (21.9%) 1 (3.1%) 8 (25.0%) 16 (50.0%) 
Multiple myeloma and malignant plasma cell neoplasms 24  16 (66.7%) 3 (12.5%) 1 (4.2%) 4 (16.7%) 
Metastasized malignant neoplasm of the breast 9  7 (77.8%) 1 (11.1%) 0 (0.0%) 1 (11.1%) 
Others 30  15 (50.0%) 4 (13.3%) 3 (10.0%) 8 (26.7%) 

Education       
Low 34  15 (51.7%) 2 (6.9%) 6 (20.7%) 6 (20.7%) 
Medium 74  46 (45.5%) 6 (5.9%) 16 (15.8%) 33 (32.7%) 
High 181  117 (56.8%) 13 (6.3%) 25 (12.1%) 51 (24.8%) 
Missing 73  6 (23.1%) 4 (15.4%) 4 (15.4%) 12 (46.2%) 

Social support (OSSS-3)      
Mean (SD) 11.0 (2.1) 11.0 (2.0) 9.9 (2.0) 10.9 (2.1) 11.2 (2.1) 
Poor (3 – 8) 35  17 (48.6%) 5 (14.3%) 5 (14.3%) 8 (22.9%) 
Moderate (9 – 11) 158  83 (52.5%) 13 (8.2%) 23 (14.6%) 39 (24.7%) 
Strong (12 – 14) 139  79 (56.8%) 3 (2.2%) 18 (12.9%) 39 (28.1%) 
Missing 30  5 (16.7%) 4 (13.3%) 5 (16.7%) 16 (53.3%) 

[Own representation] Missing data without and with health-related included intermittent missing data n=2 and n=7, respectively. Loss of contact was included in missing data without          

health-related reasons.
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3.2 Objective 2: To investigate the association between patient characteristics 

and time-to-dropout or time-to-death 

In this attempt to identify patient characteristics associated with missing PROs data due 

to dropout, time-to-event models were performed with premature death considered as a 

competing event (25). The proportional sub-distribution hazard model by Fine and Gray 

was used to estimate the cumulative incidence of dropout and the SHR for time-to-drop-

out with 95%CI. The event of interest was dropout, and for a small dropout number for 

other reasons, dropouts due to health-related (n=51) or other reasons (n=25) were both 

combined. It should be noted that a multivariable analysis was not possible here because 

of multicollinearity5 problems. For example, there was a correlation between the func-

tional and symptom subscales in the EORTC QLQ C-30 (e.g., r6=0.532 for GH/QoL and 

physical functioning or r=-0.633 for physical functioning and fatigue) and a correlation in 

the variables was measured at baseline and at the last visit (e.g., r=0.486 for physical 

functioning). Therefore, this work was only done in an explorative framework using biva-

riate analyses.  

3.2.1 Cumulative incidence of dropout 

The overall cumulative incidence of dropouts (including premature death) was 14.4% at 

3 months, 31.5% at 6 months, and 46.8% at 12 months. The cumulative incidence of 

dropouts accounting for death as a competing event was 4.4% at 3 months, 12.1% at 6 

months, and 18.8% at 12 months. The cumulative incidence of dropout at 12 months was 

slightly higher in the intervention group than in the control group (overall dropout and 

premature death: intervention=47.4%, control=44.2%; dropout with death as a competing 

event: intervention=18.8%, control=16.4%). 

3.2.2 Patient characteristics associated with time-to-dropout  

When considering death as a competing event, the results showed that being divorced or 

widowed increased the likelihood of dropping out (SHR=2.71; 95%CI: 1.12 – 6.56). Pa-

tients with poor social support were more likely to drop out early than those with strong 

                                            

5 In a statistical model, multicollinearity occurs when there are high correlations between independent variables, and it 

can lead to misleading results when the analysis attempts to determine how well each independent variable predicts 
the dependent variable.  
6 The correlation coefficient r ranges from -1 to 1, with value close to 1 (or -1) indicating high correlation.  
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social support (SHR=2.10; 95%CI: 1.01 – 4.35). Although being older, male, having a low 

level of education, and having malignant neoplasm of the pancreases, malignant neo-

plasm of the bronchus and lungs, and aggressive lymphoma were all positively associ-

ated with dropout as seen in the descriptive analyses, there was no substantial associa-

tion with these characteristics for dropping out when death was considered as a compet-

ing event. The values of the PROs data were associated with dropout: patients who had 

low GH/QoL7 scores at baseline had a higher likelihood of dropping out early (SHR=1.14; 

95%CI: 1.01 – 1.27), as well as patients with low scores in role functioning (SHR=1.10; 

95%CI: 1.01 – 1.19). Patients with low physical functioning scores on subsequent visits 

were also more likely to drop out (SHR=1.15; 95%CI: 1.04 – 1.27). Other functional and 

symptom subscales of the EORTC QLQ-C30 and other PROMs at baseline and the last 

visit, on the other hand, were not substantially associated with dropping out early.  

3.2.3 Patient characteristics associated with time-to-death 

Time-to-death was associated with cancer of malignant neoplasm of the pancreas 

(HR=2.48; 95%CI: 1.27 – 4.85) compared to acute leukemia and a medium level of edu-

cation (HR=1.58; 95%CI: 1.02 – 2.45) compared to a high level of education. GH/QoL 

scores at baseline and at subsequent visits were associated with the risk of premature 

death (HR=0.88; 95%CI: 0.80 – 0.96 at baseline and HR=0.79; 95%CI: 0.70 – 0.88 at the 

last observed visit). The results were similar in the functional subscales: physical, role, 

and social functioning. Furthermore, the worsening of fatigue, nausea and vomiting, and 

appetite loss were associated with early death. Additionally, the scores at subsequent 

visits of emotional functioning (HR=0.90; 95%CI: 0.83 – 0.99), dyspnea (HR=1.14; 

95%CI: 1.05 – 1.23), and constipation (HR=1.09; 95%CI: 1.004 – 1.19) were associated 

with premature death. No substantial association between other PROs and premature 

death was observed. 

                                            

7 Sub-hazard ratios (SHR) or hazard ratios (HR) for the EORTC QLQ C-30 change per 10-point. Low values indicate 

worsening of GH/QoL and functioning, while high values indicate worsening of symptoms. SHR or HR<1 indicates that 
a high score of GH/QoL or functioning decreases the risk of dropping out early or premature death (1/SHR (or HR) 
indicates that worsening of GH/QoL or functioning increases the risk of early dropout or premature death), while SHR 
or HR>1 indicates that worsening of the symptoms increases the risk of early dropout or premature death. 
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4. Discussion 

4.1 Summary of findings 

In the OSCAR, there was a significant percentage of missing PROs data. Premature 

death was the major cause of missing PROs data, followed by dropping out for health-

related and non-health-related reasons. As a result, the monotone pattern was the most 

common missing data pattern in OSCAR. After the initial follow-up visit (3 months), 

around 20% of the patients dropped out of the study.  

Being divorced or widowed and having poor social support were related to early dropout, 

whereas having cancer of malignant neoplasm of the pancreas and a medium level of 

education were associated with premature death.  

Early dropout and premature death were found to be considerably influenced by the level 

of PROs data. Having low scores of GH/QoL and role functioning at baseline was related 

to dropping out early. However, not only PROs data at baseline, but also PROs data at 

the last visit were associated with early death. This was especially true for worsening 

scores of GH/QoL and functional subscales such as physical, role, and social functioning, 

as well as worsening scores on symptom subscales such as fatigue, nausea and vomit-

ing, and appetite loss. Other PROs data such as physician-patient communication, pa-

tient preference for decision-making and information seeking, DCS, and HL were not sub-

stantially associated with either dropping out early or premature death.  

4.2 Implications for statistical analysis methods with missing PROs data 

4.2.1 Dropout rate and missing data patterns 

This work describes the missing rate and identifies patterns of missing PROs data in a 

longitudinal study for advanced stages of cancer. Because of the research methodology 

and severity of disease, the rates and patterns of missing data for PROMs differed. For 

example, in the intervention group, the social care nurse evaluated patient HRQoL once 

a month, while the study nurses assessed other PROMs every three months. As a result, 

PROMs in this group had varying frequencies of missing data. Furthermore, because the 

social care nurses who enrolled patients assessed their HRQoL at the same time, while 

the study nurses evaluated the other PROMs afterwards, missing rates in other PROMs 

may arise in this intervention group at baseline.  
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The OSCAR was designed to enroll patients with an advanced stage of cancer, and the 

enrollment was done when patients were admitted to the hospital for therapy, such as 

chemotherapy and operations. Therefore, high missing rates due to premature death 

were expected. However, there was no considerable difference in the missing rate of 

dropouts between study groups, which could have caused biased results for further anal-

ysis. Although this is a descriptive result, reporting the missing rate with causes can be 

used as basic information for a further advanced-stage disease study. When preparing a 

study, for example, sample sizes should be adjusted with a 50% attrition rate, or shorter 

time periods between follow-up visits and post-recruitment should be scheduled. 

The majority of missing data patterns in the OSCAR were monotone patterns due to early 

discontinuation and premature death. A small rate of intermittent patterns was reported, 

but this missing pattern posed no concerns in most cases because it can be ignored (16). 

The patterns of missing data correspond to statistical techniques for handling their impact 

on the quality of longitudinal data analysis.   

4.2.2 Factors associated with dropout and missing data mechanisms 

Identifying factors at baseline and at the last visit prior to dropout could benefit the as-

sumption about the missing data mechanism, as well as selecting an appropriate statisti-

cal method for handling the missing PROs data. As our findings presented the relationship 

between worsening HRQoL (e.g., deterioration of GH/QoL, physical functioning, fatigue 

scores) and missing PROs data due to dropout and premature death, this suggests that 

the missing data mechanism is not completely random. Therefore, complete case analy-

sis or last observation carried forward (LOCF) methods should not be applied to an anal-

ysis of the OSCAR data.  

The findings revealed that various baseline patient characteristics and HRQoL were as-

sociated with missing due to dropping out, suggesting that missing due to dropping out is 

MAR. On the other hand, there was an association between HRQoL at the last visit and 

premature death. Although it is difficult to distinguish the missing mechanism between 

MAR and MNAR since the missing data is unobserved (35, 36), this evidence implies that 

the missing data due to premature death is MNAR. In this case, it is possible that the level 

of unobserved PROs data is influenced by the unobserved poorer health status. 
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In summary, patient characteristics and reasons for missing data could be useful for mak-

ing an appropriate assumption about the underlying missing data mechanisms. Addition-

ally, they could be considered to be included in the model as potential variables when 

applying imputation methods or performing regression models.  

4.2.3 Statistical approaches for analyzing longitudinal PROs with missing data 

Mixed-effect models or generalized estimating equation models (GEE) are commonly 

used in longitudinal data analysis to account for the correlation within and between sub-

jects due to multiple observations (7, 16, 37). When missing data is present, however, 

statistical methods that ignore it may not be appropriate if the missing data is not com-

pletely random. As a result, assumptions about missing data mechanisms are important, 

especially when using statistical approaches for dealing with missing data based on MAR 

or MNAR assumptions.  

For analyses of missing PROs data that assume MAR, multiple imputation is now com-

monly used (7, 16, 38) before performing a standard regression model, such as mixed-

effect models or GEE. Additionally, patient characteristics and reasons for dropping out 

could be used as auxiliary data (the variables that use modelling as a covariate) in the 

models or in the multiple imputation models (7).  

The major challenge for statisticians is how to handle the missing PROs data when it 

might be MNAR. The analysis methods for studies with missing data assume MNAR have 

increased. However, all the methods cannot be proven and it cannot be demonstrated 

that they are correct because the missing data is not observed, and all the methods must 

be based on reasonable assumptions (7, 39). There are statistical approaches to MNAR, 

such as pattern mixture models, selection models, and shared random effects models 

(7). Those models have their own assumptions, and some require special software. For 

example, selection models can be performed in the WinBUGS code. Pattern mixture mod-

els can be done using standard software, such as R, SAS, or Stata. Pattern mixture mod-

els estimate the PROs outcome based on missing data patterns through standard anal-

yses such as mixed models. Following that, the overall estimates and standard errors are 

merged in specialized ways based on weighting in each missing pattern (7, 39). A joint 

model is also known as a shared parameter model. The joint model links the two separate 

models between time-to-event models (e.g., time-to-dropout or time-to-death) and the 

longitudinal outcome models by sharing random effects. There are some difficulties in 



Discussion 28 

using these models, as the models fail to estimate the correlation when there is no varia-

tion in one of the random effects or when they fail to converge (7).  

When missing data is present, performing a sensitivity analysis to investigate the missing 

data mechanism in various scenarios is always recommended, especially when unsure if 

the missing data is MNAR (7, 40). The consistency of results across different analysis 

methods based on the assumptions of missing data mechanisms could allow the re-

searchers to be confident about their conclusions.  

4.3 Strengths and Limitations 

This work contributes to a better understanding of missing PROs data in a clinical trial for 

advanced-stage cancer by presenting the missing rates and patterns of missing data, as 

well as possible patient characteristics associated with dropout and premature death. 

This research presents the application of a time-to-event analysis when competing events 

have to be accounted for.   

However, the OSCAR study lacked data on disease severity, such as cancer stage or the 

Eastern Cooperative Oncology Group (ECOG) performance status. Life expectancy was 

not determined prior to enrolment, and longer life expectancy was not a requirement for 

participation in this study, resulting in a high mortality rate during the study period.  

Because multivariable analysis was not possible due to multi-collinearity within the PROs 

(e.g., high correlation within the EORTC QLQ-C30, between PROs at baseline, and prior 

to dropout), only bivariate models were used to examine how patient characteristics were 

associated with time-to-dropout or time-to-death. The findings were interpreted based on 

the effect size and 95% confidence interval, with no correction for multiple testing made.   
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5. Conclusions  

A high rate of missing PROs data was present in the OSCAR study. Premature death 

was the most common reason for missing PROs data, followed by dropping out for health-

related and non-health-related reasons. Some level of MNAR should be expected in ad-

vanced-stage cancer studies, and the investigation of patient characteristics associated 

with missing data due to dropout might reduce the degree of unexplained missing data. 

Before using statistical methodologies to deal with missing PROs data, the assumptions 

of the missing data mechanism should be investigated, and sensitivity analyses should 

always be undertaken.   
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