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ABSTRACT

Background: In cancer research, outcome measures may covary. Treatment and 
treatment related impairment of health-related quality of life (HRQOL) may affect 
survival. When these effects are analyzed separately, bias may arise. Therefore, 
we investigated the combined effect of treatment and longitudinally measured 
HRQOL on survival. 

Methods: Patients with anaplastic oligodendrogliomas (n = 288) who were ran-
domized (EORTC 26951) to radiotherapy (RT) alone or RT plus procarbazine, 
lomustine, and vincristine (PCV) chemotherapy were analyzed. HRQOL [appe-
tite loss (AP)] was assessed with the EORTC QLQ-C30. We compared survival 
results from different analysis strategies: Cox model with treatment only [model 
1 (M1)] or with treatment and time-dependent AP score [model 2 (M2)] and the 
joint model combining longitudinal AP score and survival [model 3 (M3)]. 

Results: The estimated hazard ratio (HR) for RT plus PCV was 0.76 (95% CI 
0.58–1.00) for M1, 0.72 (0.55–0.96) for M2, and 0.69 (0.52–0.92) for M3. This 
corresponds to a lower risk of death of 24% in M1, 28% in M2, and 31% in M3, 
for patients treated with RT plus PCV chemotherapy. AP resulted in an increased 
risk of death, with estimated HR of 1.06 (1.01–1.12) for M2 and 1.13 (1.03–1.23) 
for M3: Every 10-point increase of AP resulted in a 13% increased risk of death 
in M3 as compared to 6% in M2. 

Conclusion: Part of the survival benefit of treatment with RT plus PCV che-
motherapy can be masked by the negative effect that this treatment has on 
patients’ HRQOL. In our study, up to 7% of the theoretical treatment efficacy was 
lost when AP was not adjusted through joint modeling.
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INTRODUCTION

In cancer clinical trials, traditional outcome measures are overall survival (OS) 
and progression-free survival (PFS). In addition, information such as health-re-
lated quality of life (HRQOL) is also regularly collected longitudinally while 
awaiting the event of interest (e.g., death in OS or progression in PFS). To deter-
mine the net clinical benefit of a new treatment strategy, one should incorporate 
both quantity and quality of life. Both treatment itself and HRQOL1-3 may affect 
survival, and to better investigate the effect of a new treatment, it is of interest 
to evaluate how changes in patients’ HRQOL may vary over time and how the-
sechange are associated with survival.4

Currently, survival and HRQOL outcomes are often analyzed separately using 
mixed-effects repeated-measures model for longitudinal HRQOL scores and a 
survival model for the time-to-event outcome. However, separate analyses of 
longitudinal data and survival data may lead to inefficient or biased results.5 
When survival is the outcome of interest, we can account for treatment as well 
as the effect of the longitudinal HRQOL outcome on survival by including HRQOL 
as a time-dependent covariate in the survival analysis. However, this model may 
not be valid because HRQOL data may be missing at specific points in time, 
which may be correlated with survival, or subject to substantial measurement 
error. To solve difficulties in Cox proportional hazards model with time-depen-
dent covariates, joint models have been proposed.6-25 Joint models of longitudi-
nal and survival processes can recover information from these potentially infor-
mative censorings26-28 and also allow the assessment of the effects of factors 
of interest on the survival and longitudinal HRQOL endpoints simultaneously.6 
Moreover, when longitudinally measured HRQOL scores are the outcome of 
interest, the occurrence of events (death or progression) may cause dropout, 
resulting in missing follow-up data. When this dropout is nonrandom (i.e., when 
the probability of dropout depends on unobserved longitudinal responses), bias 
may arise from an analysis that ignores the dropout process.29, Ch. 15 To avoid 
these problems and to obtain valid estimates of survival, the longitudinally mea-
sured HRQOL scores and dropout process must be jointly modeled.

The collection of HRQOL data in cancer clinical trials has become increas-
ingly common, particularly when the survival benefit of a treatment is anticipated 
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to be small or modest. In fact, one might argue that for a patient, improvement in 
HRQOL is often more important than a very modest survival benefit, which may 
influence future treatment decisions. Therefore, it is of great interest in these 
studies to characterize the association between time-to-event and longitudi-
nal assessment of HRQOL through joint modeling and to understand the trade-
offs between HRQOL and OS. In particular, for an individual patient at a specific 
time point during follow-up, we can utilize all available information we have at 
hand (including both baseline information and accumulated HRQOL scores) to 
produce dynamic predictions of this patient’s future survival probabilities (indi-
vidualized treatment).7 Access to this information will enable clinicians to gain 
a better understanding of the disease dynamics and ultimately make the most 
optimal decision at that specific time point for an individual patient.

In the long-term follow-up of the EORTC 26951 study,30 treatment with radi-
ation therapy (RT) plus procarbazine, lomustine, and vincristine (PCV) chemo-
therapy resulted in a significantly longer OS and PFS when compared to patients 
treated with RT alone. In the current study, we investigated the true relationship 
of patients’ HRQOL and OS as they co-evolve over time. Moreover, we will gen-
erate individualized patient-level predictions of survival probability based on the 
individual’s available HRQOL information.
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PATIENTS AND METHODS

Treatment
In this international, multicenter study [European Organisation for Research and 
Treatment of Cancer (EORTC) trial 26951], adult patients (aged 16–70 years) 
with newly diagnosed and histologically proven anaplastic oligodendroglioma 
or oligoastrocytoma were randomly assigned to treatment with RT only or RT 
followed by six cycles of PCV chemotherapy. Patients were stratified for insti-
tution, performance status (WHO performance status 0 or 1 vs. 2), age ([40 or 
B40), the extent of the resection at surgery (biopsy only vs. debulking surgery/
resection), and whether or not they had received prior surgery for a low-grade 
oligodendroglioma (yes or no). The details of trial conduct and clinical outcome 
have been reported elsewhere.30

Procedures
The primary endpoints of the original EORTC 26951 study were OS and PFS, 
with HRQOL being a secondary endpoint. Two HRQOL measures were selected: 
the EORTC Quality of Life Questionnaire C30 (EORTC QLQ-C30, version 2)31 and 
the EORTC QLQ-Brain Cancer Module (QLQ-BN20).32 Both tools have robust 
psychometric properties resulting from rigorous testing and development, have 
been used in several international cancer clinical trials, and were available in the 
language of all participating patients.33, 34

Briefly, the EORTC QLQ-C30 measure is a generic HRQOL questionnaire, 
consisting of 30 items covering several domains. The EORTC QLQ-BN20 is a 
disease specific HRQOL questionnaire consisting of 20 items measuring symp-
toms and problems relevant for brain cancer patients. Scores on items/scales 
of both questionnaires range from 0 to 100, with higher scores indicating better 
HRQOL for the functional scales and the global health status/QoL scale, but 
worse HRQOL for the symptoms scales/items.

After surgery, but before the start of RT, patients were randomly assigned to 
either RT alone or to RT plus PCV chemotherapy. RT started within 4–6 weeks 
after surgery. Valid HRQOL assessments were performed at baseline, at the end 
of RT, then every 3 months for the first year after RT, and then at 6-month inter-
vals until recurrence of the disease. The minimum clinically meaningful differ-
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ence in a HRQOL variable was classified as a difference of at least 10 points [35] 
on each scale, categorizing patients as improved, stable, or worsened on the 
EORTC QLQ-C30 and QLQ-BN20 scales and items.

Statistical analysis
The analyses were split into two parts. Firstly, we compare results from three 
model strategies to demonstrate how bias can arise when the survival and lon-
gitudinal HRQOL outcomes are analyzed separately. In Model 1 (M1), we applied 
the standard Cox model with the treatment covariate (Eq. 1 in the Appendix). 
Model 2 (M2) used the Cox model with treatment and time-dependent HRQOL 
score (Eq. 2 in the Appendix), and Model 3 (M3) was the joint model (Eqs. 3a–3c 
in the Appendix).7 The joint modeling consists mainly of three steps with two 
basic components: the longitudinal (HRQOL) component and the time-to-event 
(survival) component.

In step 1, a standard relative risk model was used for the survival data. 
Let’s assume that we know mi(t), i.e., the true and unobserved value of the true 
HRQOL score at time t. We can then fit a standard relative risk model (Eq. 3a in 
the Appendix). In step 2, from the observed longitudinal HRQOL response yi(t) 
reconstruct the covariate history for each patient. A flexible linear mixed-effects 
submodel that expands the time effect into a B-splines basis matrix36 was used 
for the longitudinal HRQOL data (Eq. 3b in the Appendix). Finally, in step 3, the 
two models of step 1 and 2 are linked (joined) through a random effect,6 where 
at each time point we want to associate the true level of the HRQOL score with 
the risk for an event (OS). Joint models for such distribution are of the form (Eq. 
3c in the Appendix).26

More specifically, the joint model fitted has exactly the same structure for 
the longitudinal and survival submodels in step 1 and 2, with the addition that 
in the survival submodel the effect of the estimated ‘true’ longitudinal HRQOL 
mi(t) is included in the linear predictor (i.e., time-dependent parameterization).

And secondly, the dynamic predictions of patients’ survival probability were 
predicted using joint models. That is, survival probabilities for a new patient i 
that has provided measurements of HRQOL scores up to time t (Eqs. 4a, 4b in 
the Appendix).
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One key scale for our primary analysis (appetite loss, AP) was preselected 
based on past clinical experience. The AP scale was selected because it was 
found to be the only scale that increases (worsen) statistically and clinically 
significantly in the RT plus PCV arm as compared with the RT alone arm during 
and after chemotherapy and during the long-term follow-up.37 The level of sta-
tistical significance was set at P = 0.05. The AP scale was used as the main 
HRQOL outcome for the flexible linear mixed-effects submodel. The best fitting 
linear mixed-effects (B-splines basis matrix) model was selected based on the 
Bayesian information criterion (BIC) value, resulting from comparing different 
postulated random linear mixed-effects submodels (smallest BIC value).38

All models were controlled for the major established prognostic socio-de-
mographic and clinical factors—age (≤40 vs. >40 years), surgery (biopsy vs. 
resection), WHO performance status (0, 1 vs. 2), and previous surgery for low-
grade glioma (yes vs. no)—as well as for the treatment arm. Model assumptions 
were assessed graphically.39

Sensitivity analysis was performed by: calculating the relative index of 
local sensitivity to nonignorability (rISNI) which measures the local sensitivity 
of parameter estimates to depart from the MAR assumption, i.e., to investigate 
how much the parameter estimates for the longitudinal process are influenced 
by the hypothesis about ignoring the dropout mechanism40 (absolute rISNI value 
>1 indicates some increased in sensitivity in the corresponding parameter). All 
data analyses were performed using R software, version 3.0.141 and SAS, version 
9.3.42
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RESULTS

Between August 1996 and March 2002, 368 patients from 40 institutions in 10 
countries were randomly assigned to receive either RT alone (n = 183) or RT 
plus PCV chemotherapy (n = 185). Of these patients, 288 had baseline HRQOL 
measures completed (150 in RT only arm and 138 in RT plus PCV chemotherapy 
arm). The clinical characteristics of patients in the two groups were well bal-
anced [30].

Clinical results
The clinical results have been reported previously [30]. In brief, with a median 
follow-up of 140 months, OS was significantly longer in the RT plus PCV che-
motherapy arm (median OS, 42.3 vs. 30.6 months after RT alone, HR, 0.75; 95% 
CI 0.60–0.95). Similarly, PFS was significantly longer after RT plus PCV [median 
PFS, 24.3 months after RT plus PCV vs. 13.2 months with RT alone; hazard ratio 
(HR) 0.66; 95% CI 0.52–0.83]. In a risk-adjusted analysis, entering age (≤40 vs. 
>40 years), surgery (biopsy vs. resection), WHO performance status (0, 1 vs. 
2), and previous surgery for low-grade glioma (yes vs. no) treatment remained 
independently associated with OS (HR 0.76; 95% CI 0.60–0.97).

HRQOL results
The HRQOL results have been reported previously [37]. Briefly, although the lon-
gitudinal analysis showed a significant increase in nausea/vomiting in the RT 
plus PCV chemotherapy arm during and shortly after chemotherapy, this differ-
ence between treatment arms was not clinically meaningful (i.e., <10 points). On 
the other hand, appetite loss and drowsiness also increased statistically during 
and after treatment with RT plus PCV chemotherapy, but this worsening was 
clinically meaningful. Moreover, the long term results showed a statistically and 
clinically relevant difference between arms only for appetite loss.

Comparison of different models
Table 1 presents the resulting estimates of the main parameters of interest, their 
standard errors, HR, and 95% CI for OS, separately for the three different model-
ing strategies (M1– M3). In all models, treatment with RT plus PCV chemother-
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apy resulted in a decreased risk of death when compared to RT alone. The over-
all treatment effect was estimated as -0.27 (HR 0.76) for M1, -0.33 (HR 0.72) for 
M2, and -0.37 (HR 0.69) for M3. This corresponds to a lower risk of death of 24% 
in M1, 28% in M2, and 31% in M3 for patients treated with RT plus PCV chemo-
therapy compared to those treated with RT only. In other words, the risk of death 
is 4 and 7% higher in M1 when compared to M2 and M3, respectively. Appetite 
loss resulted in increased risk of death, with estimated HR of 1.06 for M2 and 
1.13 for M3. This translates into a 13% increased risk of death in M3 as com-
pared to a 6% increased risk of death in M2 for every 10-point increase of AP.

Table 1. Parameter estimate, standard errors (se) and hazard ratios (HR) from 
different modeling strategies

Estimate (se) HR (95% CI)

M1
RT/PCV -0·27 (0·14) 0·76 (0·58–1·00)
Appetite loss -- --

M2
RT/PCV -0·33 (0·14) 0·72 (0·55–0·96)
Appetite loss 0·006 (0·003) 1·06 (1·01–1·12)

M3
RT/PCV -0·37 (0·15) 0·69 (0·52–0.92)
Appetite loss 0·013 (0·005) 1·13(1·03–1·23)

 
RT/PCV radiation therapy plus procarbazine, lomustine, and vincristine chemotherapy 
M1: Cox model with treatment only, M2: Cox model with treatment and time-dependent appetite 
loss scale, M3: Joint model 
Models were adjusted for age, type of surgery, WHO performance status and previous surgery.

Predictions of survival probabilities
Based on information on both the treatment strategy and longitudinally mea-
sured HRQOL of an individual patient, one can produce dynamic predictions of 
this patient’s survival probability. With every new HRQOL assessment during 
follow-up, survival probability of that patient will be updated.

For example, Figure 1 depicts the updated survival probabilities for an indi-
vidual patient, patient #198, after the baseline, fourth, seventh, and ninth HRQOL 
measurements, respectively. We observe that after the first measurement 
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showing worsening appetite loss, the rate of decrease of his survival probabil-
ities becomes steeper. To illustrate how changes in appetite loss profiles are 
reflected in changes in the dynamic updates of the survival probabilities, we 
compared the survival probabilities of patients #90 and #198. Figure 2 depicts 
the comparisons. In general, we observed that patient #90 has a lower risk of 
death compared to patient #198.

Sensitivity analysis: HRQOL missing data and dropout
Missing data is a common problem in HRQOL analyses. However, the mixed 
model is valid under the missing completely at random (MCAR) or missing at 
random (MAR) assumptions, while the joint model is valid under a missing not 
at random (MNAR) assumption. The missingness mechanism was investigated 
to check the impact of violation of the MAR assumption for the use of a mixed 
model. We investigated this assumption via rISNI. The rISNI values indicated an 
increased sensitivity in the parameter estimates (data not shown) under non-
random dropout, which implies that dropout due to death or progression is not 
MAR. We expected such results as one of the reasons to drop out from HRQOL 
assessment was progression. When assessing model assumption under joint 
models via plots, the model fits quite well (blue dashed line), Figure 3.
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Figure 1. Dynamic survival probabilities for patient #198 from the EORTC 26951 trial during follow-up. 
The vertical dotted lines represent the time point of the last HRQOL assessment. Left of this vertical 
line depicts the fitted longitudinal trajectory. Right of the vertical line, the solid line represents the 
median estimator, and the dashed lines the corresponding 95% pointwise confidence intervals.
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Figure 2. Comparison of dynamic probabilities for patient #90 and #198 from the EORTC 26951 trial. 
In each panel four estimates with associated 95% confidence intervals are depicted for times set to 
the time point of the most recent HRQOL data collected.

Figure 3. Observed standardized marginal residuals (black points), the grey points are the augmented 
multiply imputed residuals produced by 50 imputations. The superimposed solid lines represent 
a loess fit based only on the observed residuals (red line), and a weighted loess fit based on all 
residuals (blue dashed line).
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DISCUSSION

In this study, we conducted a joint analysis of time-to-event outcomes with lon-
gitudinal HRQOL data, acting as a biomarker, in a large set of anaplastic oligo-
dendroglioma patients. We chose OS as our time-to-event outcome and appetite 
loss (AP subscale) as our longitudinal biomarker in this example. Joint models 
are appropriate when interest lies in the association between a time-dependent 
covariate measured with error in a survival analysis or when accounting for 
event-dependent dropout in a longitudinal analysis. Even when the longitudinal 
data are not associated with treatment, it has been shown that ignoring the lon-
gitudinal data will still lead to attenuated estimates of the treatment effect due 
to fitting an incorrect model.43, 44

We compared the results obtained from joint modeling with those from sim-
pler (and perhaps erroneous) models often reported in the literature. When com-
paring the different modeling strategies applied in this study (i.e., model M1, 
M2, and M3), we observed a change in the HR for death from 0.76 (M1) to 0.72 
(M2) and to 0.69 (M3). In all models, these results imply that the risk of death 
decreases for patients treated with RT plus PCV chemotherapy when compared 
to RT only. However, when HRQOL is included in the analysis, the risk of death 
is even lower for those patients (M2 and M3). The joint modeling approach (M3) 
gives less bias and larger estimates of the treatment effect when the appetite 
loss is associated with survival, underlining that using a time-dependent covari-
ate in a survival analysis is not recommended, because it may result in severe 
underestimation of the true association, due to regression dilution.45 Our results 
are consistent with the results of the simulation studies reported by several 
authors6, 45, 46 and may have important implications for both clinical and research 
practice. Our work suggests that joint models of longitudinal HRQOL data and 
time-to-event outcomes could help to determine the true survival benefit of a 
specific treatment strategy.

A key issue in clinical practice is to evaluate individual patient prognosis 
according to socio-demographic and clinical characteristics, to aid in treatment 
decision making of whether and how to treat patients. The benefits and toxic-
ity of a specific treatment strategy must be weighed, and continuation of treat-
ment must be decided on a cycle-by-cycle basis. During treatment, physicians 
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often perform a variety of tests and measure several biomarkers to help them 
optimize medical care. These measurements are often performed on a regular 
basis in order to closely monitor the disease and the effects of the treatment in an 
individual patient. In this setting, it is of interest to optimally utilize the recorded 
information and provide medically relevant summary measures, such as survival 
probabilities, that will aid in the accuracy of clinical decision making during further 
treatment.47

With respect to monitoring of treatment, the joint modeling approach may 
be useful because it can produce dynamic predictions of an individual patient’s 
survival probabilities based on the longitudinal measurement of their HRQOL. As 
shown in Fig. 1, predicted survival probabilities of a patient may change during 
follow-up, in response to appetite loss data, which has a negative effect on sur-
vival. Whether such an approach is feasible in patient management should be 
investigated in prospective studies in glioma patients.

Our study is a secondary analysis with several limitations. The timing of 
completion of the HRQOL questionnaires during and after PCV treatment is 
likely to have influenced the HRQOL scores48 At the end of RT, patients in the 
RT plus PCV arm had to complete the questionnaire after the completion of 
two, four, and six PCV cycles. The HRQOL questionnaire, however, refers only to 
the preceding week and not to the complete 6-week cycle duration. In the PCV 
schedule, procarbazine is administered on days 8 through 21, and the patients 
are seen in the outpatient clinic approximately 3 weeks later. Procarbazine use 
especially gives rise to severe subjective toxicity, which will have subsided after 
2–3 weeks. The rather liberal time windows set in this study for HRQOL ques-
tionnaires to be acceptable for analysis may have diluted the negative impact of 
PCV treatment on HRQOL. Also, follow-up was stopped after the recurrence of 
disease; thus, we were not able to observe any further changes in HRQOL data.

In future studies of patients with brain tumors, it is important to maximize 
compliance, critically select HRQOL scales, and apply a strict time window for 
the completion of HRQOL questionnaires, in order to obtain more reliable HRQOL 
scores. Also, future research of HRQOL in brain tumor patients will focus on the 
mediation structure in other to provide direct, indirect, and total effects of treat-
ment on AP score.
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In conclusion, our findings lend further support to the growing body of the 
literature that suggests that joint models provide less biased estimates of the 
overall treatment effect on survival. Moreover, our findings suggest that part of 
the survival benefit of a new treatment can be masked by the negative effect 
that treatment has on HRQOL. In our study, up to 7% of the theoretical treat-
ment efficacy was lost when AP score was not adjusted through joint modeling. 
Our analysis also supports the association between HRQOL and survival. Also, 
longitudinal information on HRQOL can be used for updating patient’s prog-
nosis of survival. More attention to effective supportive care during treatment 
could potentially correct negative HRQOL effects and unmask survival ben-
efits. Therefore, it is recommended that joint modeling should be included in 
the statistical analysis of all new clinical trials comparing different treatment 
strategies.
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APPENDIX

Formula for model 1

where hi(t) denotes the hazard for an event for a patient i at time t,h0(t) denotes 
the baseline hazard, and ωi1,…,ωip is a set of covariates.

Formula for model 2

where Ni (t) is the counting process which counts the number of events for 
patient i by time t, h0 (t) denotes the intensity process for Ni (t), Ri (t) denotes 
the risk process (‘1’ if patient i still at risk at t), and yi (t) denotes the value of the 
time-dependent covariate at t.

Formula for model 3
Survival submodel

where Mi (t) = {mi (s), 0 ≤ s <t} denotes the history of the true unobserved lon-
gitudinal HRQOL score up to time t, h0 (.) denotes the baseline risk function, 
α quantifies the effect of HRQOL score on the hazard for death, ωi baseline 
covariates.

Linear mixed-effect submodel
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where {Bn (t,λk );k = 1,2,3} denotes a B-splines basis matrix for a natural cubic 
splines of time 3 knots placed at equally spaced percentiles of the follow-up 
times, TTRT is the dummy variable for treatment. Age, WHO, PRES, and COSUR 
are the baseline covariates. bi is the random-effects part, bi~N(0, D), εi (t) is the 
measurement error term which is assumed independent of bi with variance σ2.

Joint distribution

where bi is a vector of random effects that explains the interdependencies, p(.) is 
the density function, and S(.) is the survival function.

Dynamic predictions

Where u > t, θ* denotes the true parameter values and Dn denotes the sample the 
joint model was fitted.
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SAS and R code to fit Cox models and joint models
Description: The SAS codes illustrate basic extended Cox models. The R script 
illustrates the basic use of the R package JM for fitting joint models for longitu-
dinal and survival data.

The EORTC 26951 dataset
# AP score = longitudinal marker
# SS = Survival times
# TSS = Survival status
# TRTT = Randomized treatment
# QOLTIMES = AP score measurement times #Baseline covariates: Age (40 or 
≤40), WHO (WHO performance status 0 or 1 vs. 2), PRES (prior surgery for a 
low-grade oligodendroglioma; yes or no), and COSUR (surgery; biopsy only vs. 
debulking surgery/resection).

SAS codes
Basic Cox model (model 1)
PROC PHREG DATA = JM.dat_AP;

CLASS TRTT(ref=’1’) AGEF (ref=’1’) WHOC (ref=’1’) 

PRRES(ref=’NO’) CUSUR (ref=’BIOPSY’);

MODEL TSS*SS(0)=  TRTT AGEF WHOC PRRES CUSUR / RL;

RUN;

Time-dependent Cox model(model 2)
PROC PHREG DATA=JM.dat_APP;

CLASS TRTT(ref=’1’) AGEF (ref=’1’) WHOC (ref=’1’) 

PRRES(ref=’NO’) CUSUR (ref=’BIOPSY’);

MODEL TSS*SS(0)=  TRTT apf AGEF WHOC PRRES CUSUR/ RL;

HAZARDRATIO apf / unit=10;

ARRAY tt[*] t_0-t_8;

ARRAY ap[*] ap_0-ap_8;

DO i = 1 TO 8;

IF tt[i]< TSS AND tt[i] NE .

THEN apf = ap[i];
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FILE log ;

PUT ‘Patient = ‘ PATID; PUT ‘considered survival = ‘ TSS;

PUT ‘Number of measurement = ‘ i;

PUT ‘Time of QOL measurement = ‘ tt[i] ;

PUT ‘Value of QOL at this measure = ‘ ap[i] ;

PUT ‘Exposure value taken into account in the patient = 

‘ apf;

END;

RUN;
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R script
#load first package JM
library(JM)

# linear mixed effect model with B-splines
Bspline3.AP.OS <- lme(AP ~ ns(QOLTIMES, 3):TRTT + AGEF + WHOC + PRRES + 
CUSUR, data = TRT_AP_OS2, na.action=na.omit, random = list(PATID = pdDiag(-
form = ~ ns(QOLTIMES, 3))))
summary(Bspline3.AP.OS)

# Basic Cox  PH model
survobj_AP_OS2 <- with(surv.AP_OS2, Surv(TSS,SS==1))

fitSURV_AP_OS <- coxph(survobj_AP_OS2 ~ TRTT + AGEF + WHOC + PRRES + 
CUSUR, data = surv.AP_OS2, x = TRUE, model=TRUE)
summary(fitSURV_AP_OS)

The joint model: jointModel() takes the above fitted models as arguments and 
fits the joint model; below, we fit a joint model with a relative risk submodel for 
the event time outcome, in which the baseline risk function is assumed piece-
wise constant

fit.AP_OS_P3 <- jointModel(Bspline3.AP.OS, fitSURV_AP_OS, timeVar = 
“QOLTIMES”, method = “piecewise-PH-aGH”, verbose=TRUE)
summary(fit.AP_OS_P3)
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