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Abstract

Objective. Early-stage glottic cancer (ESGC) is a malignancy of

the head and neck. Besides disease control, preservation

and improvement of voice quality are essential. To enable

expectation management and well-informed decision-making,

patients should be sufficiently counseled with individualized

information on expected voice quality. This study aims

to develop an individualized dynamic prediction model for

patient-reported voice quality. This model should be able to

provide individualized predictions at every time point from

intake to the end of follow-up.

Study Design. Longitudinal cohort study.

Setting. Tertiary cancer center.

Methods. Patients treated for ESGC were included in this

study (N = 294). The Voice Handicap Index was obtained

prospectively. The framework of mixed and joint models

was used. The prognostic factors used are treatment, age,

gender, comorbidity, performance score, smoking, T-stage,

and involvement of the anterior commissure. The overall

performance of these models was assessed during an internal

cross-validation procedure and presentation of absolute

errors using box plots.

Results. The mean age in this cohort was 67 years and 81.3%

are male. Patients were treated with transoral CO2 laser

microsurgery (57.8%), single vocal cord irradiation up to

(24.5), or local radiotherapy (17.5%). The mean follow-up

was 43.4 months (SD 21.5). Including more measurements

during prediction improves predictive performance. Including

more clinical and demographic variables did not provide

better predictions. Little differences in predictive perfor-

mance between models were found.

Conclusion. We developed a dynamic individualized prediction

model for patient-reported voice quality. This model has the

potential to empower patients and professionals in making

well-informed decisions and enables tailor-made counseling.

Keywords

larynx, patient-centered care, prediction, prognostic model,

quality of life measures, voice assessment

Received November 11, 2022; accepted July 19, 2023.

Early‐stage glottic cancer (ESGC) is a common
malignancy of the head and neck area with a
good overall clinical outcome in terms of survival

and recurrent disease. However, the tumor and its
treatment have a significant impact on patient‐reported
quality of voice.1‐11 Voice and speech are crucial aspects of
social communication and interaction and therefore can
impact a patient's psychosocial well‐being as well. Therefore,
providing patients with individualized information on
expected voice quality after treatments is important and
enable optimal decision‐making. Prognostic modeling can be
supportive in this process. For survival, prediction models
have been developed and used in clinical practice. However,
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prediction modeling for patient‐reported outcomes is new
and more difficult as structurally collected longitudinal data
is scarce, and specific statistical techniques for repeated
measurement data are required.12 Within our institute, a few
models for patient‐reported outcomes have been developed
in urology13,14 and neurology.15,16

Most prediction models in medicine provide static
predictions as they have been developed with classic
linear, logistic, or Cox regression models.17‐19 During
follow‐up, however, additional information will become
available that might change prognostic estimations of
clinical and patient‐reported outcomes. Conventional
static prediction models are not able to use this updated
information to provide new and more adequate predic-
tions. Developing prediction models that are able to
combine all available (changing) variables over time
requires an extension of the available prediction statistical
methods. This could be done by methodological innova-
tions based upon mixed‐effects models and joint models
for longitudinal and time‐to‐event data, which have
enjoyed a renaissance in recent years in the statistics
and biostatistics literature.12,20,21 Mixed‐effect models
enable longitudinal analysis by using all available data
and account for unbalanced data and correlation between
measurements from the same patients.22 Joint models
combine mixed‐effect modeling with a time‐to‐event Cox
regression model.

Within our institute, structural collection of patient‐
reported outcome measurements (PROMs) is embedded
in our routine care since 2013 with the Healthcare
Monitor.23 Alongside the use of these PROMs during
patient‐doctor consultations for improving patient‐
centered care, this data is used on an aggregated
level for obtaining longitudinal insights and developing
individualized prediction models.

To our knowledge, no prediction models for long-
itudinal PROMs and recurrent disease in head and neck
cancer are available. With this study, we continue our
previous research describing longitudinal trajectories
and associated risk factors of patient‐reported voice
quality in ESGC.24 In this study, we showed that
patient‐reported voice quality is heterogeneous and
nonlinear, and improved most in the first year of
follow‐up. Associated risk factors were older age,
increased tumor stage, and severe comorbidity. Hence,
the goal of our study is to develop a web‐based and
clinically useful individualized dynamic prediction
model for patient‐reported voice quality. This model
will be dynamic, which means that it can provide new
predictions during follow‐up at every new consultation,
as soon as new information becomes available. By doing
this, we will empower patients and professionals to
make well‐informed decisions and enable tailor‐made
counseling and customized solutions prior to treatment
and during the long period of follow‐up.

Methods

Setting and Participants
All patients treated for ESGC (Tcis—T1b, N0M0) with
transoral laser microsurgery, local radiotherapy, and
single vocal cord irradiation at the Erasmus Medical
Center between 2013 and 2018 and participating in the
Healthcare Monitor were included in this longitudinal
outcome study. The Healthcare Monitor has 95% patient
compliance at intake and over 80% during follow‐ups up
to 5 years. All patients complete questionnaires before
every outpatient clinic visit at home or with a tablet at the
clinic. In the first year, questionnaires are filled in every 2
months, the second year every 3 months, the third year
every 4 months, and every 6 months in year 4. Patients
were excluded from this study when they had low‐grade
dysplasia and were appointed to strict follow‐up, had
synchronic tumors, a prior head and neck malignancy,
had no PROM data available due to insufficient knowl-
edge of the Dutch language or suffering disorders
affecting cognitive abilities, or did not provide informed
consent on using data for research purposes.

Ethical Considerations
This project was approved by the institutional review
board and ethics committee (MEC‐2020‐0314) from
the Erasmus MC. Our study follows the principles of
the Declaration of Helsinki. All participating patients
provided electronic written informed consent.

Main Outcomes and Measures
In this study, we used the prospectively obtained Dutch
version of the Voice Handicap Index (VHI) at previously
mentioned time points.25,26 This is a validated, 30‐item,
questionnaire that measures the perceived psychosocial
voice impairment in daily life.27 Each item is scored on a
5‐point Likert scale (0 = never, 5 = always). The total
score is the sum of all scores and ranges from 0 to 120. A
higher outcome indicates higher voice impairment.

Treatment modalities in this study are transoral laser
microsurgery and radiotherapy.28‐31 The latter can be
divided in local radiotherapy with irradiation of the
larynx in a total dose of 60 to 66Gy in 25 to 33 fractions,
and single vocal cord irradiation with a mild hypofrac-
tioned scheme up to 58.08 Gy in 16 fractions. This
resulted in a significant reduction of the radiation dose to
the adjacent organs.29‐31 For ESGC, it showed noninfer-
iority compared to local radiotherapy.30,32,33 Tumor‐
specific and patient‐specific data were retrospectively
obtained from Erasmus Medical Center patient records.
These variables included: treatment, age (years), gender,
ACE‐27 comorbidity (0‐3), World Health Organization
(WHO) performance score (0‐4), smoking (yes, no or
former), T‐stage (Tcis, T1a or T1b), involvement of the
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anterior commissure (yes or no). WHO performance score
comprises a score for a patient's physical capability of
functioning in daily life. Comorbidity was scored at the
time of diagnosis by the ACE‐27 which is developed
specifically for Head and Neck Cancer.34,35 Time to
recurrence was the calculated time from initial treatment
up to the occurrence of recurrent disease.

Statistical Analysis
Statistical analyses were performed using R version 4.1.0
(28). Packages that were used are JMbayes2: version
0.3.0 (to apply the joint models)36; splines: version 4.2.1
(to assume nonlinear time structure)37; lattice: version
0.20.45 (to visualize the data and results)38. Descriptive
statistics were used to summarize patient, tumor, and
treatment characteristics. Means (SD) and medians
(Q1‐Q3) were used for continuous variables and n (%)
for categorical variables. The framework of joint models
of longitudinal and time‐to‐event data was used to obtain
dynamic predictions for patient‐reported voice quality
and recurrent disease. A joint longitudinal model consists
of a mixed‐effects and a time‐to‐event submodel. These
models can be used when focusing either on the long-
itudinal outcome (patient‐reported outcomes), and we
want to correct for nonrandom dropout (due to
recurrence), or on the time‐to‐event outcome (time‐to‐
recurrence) when we want to account for the effect of an
endogenous time‐dependent covariate (patient‐reported
outcomes)12. An advantage of these models is that the
predictions can be updated as more information becomes
available.

For the longitudinal submodel, we assumed similar
model structures as previously presented. In particular,
in previous research, the associations between the
outcome and several demographic and clinical variables
were investigated.24 We assumed natural cubic splines
(with different degrees of freedom) to capture the
nonlinear profiles of the outcome and previously
mentioned demographic and clinical variables. By
assuming different nonlinear time structures and varia-
tions in demographic and clinical variables, we can test
whether more included variables also provide better
predictions. For the time‐to‐event submodel, we assume
a relative risk submodel with P‐splines approximation
for the baseline hazard and treatment and age as
covariates. The optimal model was selected by means
of comparing the predictive performance of the different
models. This was done by comparing the predicted and
the observed VHI measurement of the testing data set.
The overall performance of the longitudinal submodel
was assessed by calculating the absolute difference
between the predicted and the observed VHI measure-
ment (absolute error). Also, root mean square error
(RMSE) per model was calculated. Overfitting‐corrected
estimates of the predictive performance measures de-
scribed above were obtained using a cross‐validation

procedure (internal validation). For long‐term clinical
relevance, the cross‐validation procedure was focused on
predictions between 22 and 26 months. The data set was
split into 5 subsets, of which 4 were used to fit the model
and 1 for obtaining predictions. In smaller data sets, the
heterogeneity between these different subsets can be
considerable. Hence, to stabilize the results, we have
repeated the splitting of the original data set into
5 subsets 100 times. Due to the small number of events,
it was not possible to evaluate the risk predictions for the
time‐to‐recurrence event. However, incorporation of the
time‐to‐event model does correct for nonrandom
dropout due to recurrent disease. This means that
patients with recurrent disease were included; however,
it was corrected in the longitudinal prediction analysis.
The distribution of the absolute errors is presented using
box plots (Figure 1). Finally, we illustrate the dynamic
longitudinal predictions and the 95% prediction interval
for a randomly selected patient.

Results
This prospectively obtained data set consisted of 294
patients treated for ESGC, of which 81.3% of patients are
male. Patients endured Tcis (35.0%), T1a (52.7%), and
T1b (12.2%) malignancies. Thirty‐seven patients (12.6%)
had recurrent disease with a mean time to recurrence of 26
months (SD 18.8). The mean follow‐up was 43.4 months
(SD 21.5) and a total of 2266 measurements were
retrieved, with a mean of 8 per patient. The amount of
patients during follow‐up were: intake (n = 294, 100%), 12
(n = 273, 92.9%), 24 (n = 244, 83.0%), 36 (n = 189, 64.3%),
48 (n = 131, 44.6%), and 60 months (n = 82, 27.9%). For
all baseline characteristics, see Table 1.

Joint Model Development
Figure 2 depicts all the VHI trajectories and highlights
individual patients with varying trajectories. During
model development, we used natural cubic splines with
4, 5, and 6 degrees of freedom and variations of the
following demographic and clinical variables. These
models can be found in Table 2. Consequently, the
prediction overall performance of these models was
validated.

Cross-Validation of Prediction Performance
and Model Selection
For the 9 different prediction models, the absolute errors
per number of measurements used in the prediction
models are plotted in Figure 1. All corresponding
absolute errors with 25th and 75th percentiles (inter-
quartile range [IQR]) can be found in Appendix 1. As
shown in Figure 1, increasing the amount of long-
itudinal VHI measurements decreases the absolute error
and provides more trustworthy predictions. For ex-
ample, the median absolute error for model 1
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incorporating only 1 VHI measurement is 16.9 (IQR:
9.0‐24.1), compared to an error of 1.7 (IQR: 1.0‐2.5)
when 9 previous measurements are used. When com-
paring the overall performance of the different models
between 22 and 26 months, no clinically significant
differences were found in median absolute errors
between the models. Including more clinical and demo-
graphic variables within these models did not provide
better predictions. Furthermore, the time structure did
not seem to affect the predictive performance of the
models. In addition, the simpler nonlinear structure
(4 cubic splines and 3 degrees of freedom) performed
similarly to more complex structures. The RMSE
measures are 18.6 (1), 17.9 (2), 17.8 (3), 17.6 (4), 18.3
(5), 18.8 (6), 18.1 (7), 18.2 (8), and 17.6 (9).

Overall, the simpler model (model 9) with only
treatment can be selected for further analysis and
patient‐specific prediction visualization. Median absolute
errors for this model vary between 17.6 (IQR: 9.7‐24.0)
when incorporating 1 VHI measurement, and 3.3 (IQR:
2.0‐3.6) for 9 incorporated measurements.

Patient-Specific Prediction Visualization
Figure 3 shows an example of a patient‐specific long-
itudinal dynamic prediction trajectory for a randomly

chosen patient. This prediction model is able to update
predictions at every time point (eg, visit to the outpatient
clinic during follow‐up) when new information on
perceived voice quality becomes available. In this figure,
95% of prediction intervals are visualized in blue. They
become narrower and predictions become more accurate
when additional measurements are used.

Discussion
In this study, a unique individualized, dynamic prediction
model for patient‐reported voice quality was developed by
using the framework of joint modeling. To our knowl-
edge, this is the first model in head and neck oncology
that dynamically predicts longitudinal patient‐reported
voice quality, which means that individualized predictions
can be provided at every time point from intake to the end
of follow‐up. We propose a clinically applicable model
which provides new predictions during follow‐up as soon
as new information on the VHI becomes available. With
this study, we showed the feasibility of an individualized
longitudinal prediction model and corresponding gra-
phical outcomes.

Prognostication is considered an important aspect of
clinical decision‐making. The use of individualized prog-
nostic models in clinical practice enables expectation

Figure 1. For the 9 different prediction models, the absolute errors per number of measurements used to obtain the predictions.

Each panel represents a different model assuming different fixed effects structures

4 Otolaryngology–Head and Neck Surgery 00(00)
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Table 1. Baseline Characteristics

Variable Overall

Patients 294 (100%)

Mean age (SD)

Gender

Male 239 (81.3%)

Female 55 (18.7%)

T-stage

Cis 103 (35.4%)

1a 155 (54.1%)

1b 36 (12.2%)

Comorbidity (ACE-27)

0 78 (26.5%)

1 129 (43.9%)

2 60 (20.4%)

3 27 (9.2%)

WHO performance status

0 229 (77.9%)

1 48 (16.3%)

2 + 3 17 (5.8%)

Anterior commissure

Yes 108 (36.7%)

No 186 (63.3%)

Smoking

Yes 138 (46.9%)

No 16 (5.4%)

Former 140 (47.6%)

Mean pack years (SD) 34.4 (18.1)

Abbreviations: ACE, Adult Comorbidity Evaluation; WHO, World Health

Organization.

Figure 2. VHI profiles for all 294 patients and highlighting 5 individual patients. This figure shows the variability between patients in

longitudinal outcomes. LRT, local radiotherapy; SVCI, single vocal cord irradiation; VHI, Voice Handicap Index

Table 2. Created Joint Models Assuming Different Nonlinear Time

Structures and Variations of Demographic and Clinical Variables

Mixed-effects submodel 1: interaction between time (natural cubic
splines with 6 degrees of freedom) and treatment; main effects of
time, treatment, age, sex, ACE-27 comorbidity, WHO performance
score, smoking, T stage and involvement of anterior commissure.

Mixed-effects submodel 2: interaction between time (natural cubic
splines with 6 degrees of freedom) and treatment; main effects of
time, treatment, age, sex, ACE-27 comorbidity, smoking, and T-stage.

Mixed-effects submodel 3: interaction between time (natural cubic
splines with 6 degrees of freedom) and treatment.

Mixed-effects submodel 4: interaction between time (natural cubic
splines with 5 degrees of freedom) and treatment; main effects of
time, treatment, age, sex, ACE-27 comorbidity, WHO performance
score, smoking, T-stage, and involvement of anterior commissure.

Mixed-effects submodel 5: interaction between time (natural
cubic splines with 5 degrees of freedom) and treatment; main
effects of time, treatment, age, sex, ACE-27 comorbidity, smoking,
and T-stage.

Mixed-effects submodel 6: interaction between time (natural cubic
splines with 5 degrees of freedom) and treatment.

Mixed-effects submodel 7: interaction between time (natural cubic
splines with 4 degrees of freedom) and treatment; main effects of
time, treatment, age, sex, ACE-27 comorbidity, WHO performance
score, smoking, T-stage, and involvement of anterior commissure.

Mixed-effects submodel 8: interaction between time (natural
cubic splines with 4 degrees of freedom) and treatment; main
effects of time, treatment, age, sex, ACE-27 comorbidity, smoking,
and T-stage.

Mixed-effects submodel 9: interaction between time (natural cubic
splines with 4 degrees of freedom) and treatment.

Time-to-event submodel: main effects of treatment and age.

Every mixed-effects submodel (1-9) was combined with the time-to-event

submodel to create a joint model.

Abbreviations: ACE, Adult Comorbidity Evaluation; WHO, World Health

Organization.
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management and, therefore, more personalized coun-
seling and care. Within head and neck oncology, most
prediction models focus on clinical binomial outcomes
like survival and recurrent disease and use classic linear,
logistic, or Cox regression analysis. In contrast to these
conventional models, the prediction of longitudinal
PROMs requires a different approach. The collection
and use of PROMs on an individual level in clinical
practice is expanding in all specialties.39‐42 Therefore, we
believe that this study is a major step forward within the
field of prognostic research and an excellent showcase for
the use of PROMs within individualized prediction models.

Both mixed and joint modeling has enjoyed a renaissance
in recent years in the statistics and biostatistics literature,
which improved the current status quo in prognostic
research as it provides more opportunities for longitudinal
data than the aforementioned conventional methods.12,43

These models have shown similar and interesting results and
clinically useful models in urology13,14 and neurology.15,16

Unfortunately, we were not able to combine our
longitudinal dynamic predictions with the prediction of
time‐to‐event data (recurrent disease) predictions. This
was due to the small number of recurrent events, which
caused the inability to investigate the predictive perfor-
mance using a cross‐validation procedure. Using a larger,
maybe multicenter data set would be beneficial to
optimize our prediction model.

During cross‐validation, we found that a model with
only treatment and nonlinear time assuming no more

than 4 degrees of freedom performed just as good as
models including more clinical and demographic vari-
ables. This is in line with the results of our previous study,
in which we identified longitudinal trajectories for patient‐
reported voice quality for transoral laser microsurgery,
local radiotherapy, and single vocal cord irradiation.24 In
that study, we showed that there were few predictive
factors for longitudinal patient‐reported voice quality,
each with a small or negligible effect.

The use of the prediction model that we have
developed is able to provide insight into the outcome
VHI, which can be used to better inform patients and
health care experts on the expectation for a specific
patient. However, the used data is not based on a
randomized controlled trial and is therefore prone to
confounding by indication.44,45 The current model
broadens our possibilities; however, it should not be
used as a decision tool. When treatment options are
equivalent in ESGC, insights from this model can also be
used prior to treatment during shared decision‐making in
addition to oncological and practical considerations.46,47

Clinical Application and Future Perspectives
The dynamic model with treatment and nonlinear time
will be integrated into our current PROM‐based clinical
support system, Healthcare Monitor.23 By doing this,
health care professionals can obtain real‐time individua-
lized graphical predictions for patient‐reported voice

Figure 3. An example of the graphical output of a dynamic prediction model for 1 specific patient. VHI is plotted on the Y-axis, and time on

the X-axis. Every frame is a following point in time. This prediction model is able to update predictions at every time point (eg, visit to the

outpatient clinic during follow-up). VHI, Voice Handicap Index

6 Otolaryngology–Head and Neck Surgery 00(00)
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quality at any given moment during follow‐up. At our
department, a prognostic model for overall survival
(OncologIQ) is already integrated into our electronic
health record via Healthcare Monitor.19,48 By combining
quantitative with qualitative prognostic information, we
hope to empower patients and professionals to make well‐
informed and shared decisions and enable tailor‐made
counseling and customized solutions during follow‐up.
Based on the methodology of this study, we will continue
developing individualized prediction models for other
PROMs. For example, we can use domains from other
validated and internally used QoL questionnaires
(EORTC‐QLQ‐C30, EORTC‐QLQ‐HN35, Hospital
Anxiety Depression Scale, and Eating Assessment Tool‐
10). We will also focus on investigating appropriate
predictive performance measures using bootstrapping in
joint models while assuming different scenarios for the
longitudinal and the survival outcomes.43 Furthermore,
we will focus on dashboard development and evaluation
together with health care professionals and patients.

Strengths and Limitations
A major strength of our study is the use of relatively new,
but appropriate statistical techniques for the prediction of
repeated measurements and time‐to‐event data. We would
argue that dynamic prediction modeling should be
standard in this field of research as it provides a solution
to the need for updated and more precise predictions
during follow‐up due to changing medical and patient‐
reported outcomes. Another strength is the amount of
included measurements which can be attributed to our
institutional routine with the Healthcare Monitor.23

However, we acknowledge the subjectivity of the VHI
and therefore a need for as much data as possible as this
would improve the accuracy of predictions.

In this study, a limitation appeared to be the small
amount of recurrences for which it was not possible to
investigate the predictive performance using a cross‐
validation procedure for the time‐to‐recurrence outcome.
However, we used the time‐to‐event model for non-
random dropout correction, which enables more fair
predictions. Another limitation of our study is the choice
of specific (sub)models including specific variables. We
have based our models on the results of our previous
study, however, the model selection remains arbitrary.
Including other variables, or different structures for
(non‐)linear time can provide other results. Due to
missing data, we were not able to include the depth of
cordectomy or smoke cessation behavior. Both showed to
be important factors for functional outcomes in
ESGC.49,50 In our cohort, 60% underwent TLM, which
could cause treatment bias.

Conclusion
In this study, we developed and cross‐validated
multiple individualized prediction models for longitudinal

patient‐reported voice quality for patients treated for
ESGC. The best‐performing joint model was a construct
of a mixed‐effect model (voice outcome as the function of
the interaction of time with treatment) and a time‐to‐event
model (including treatment and age). This dynamic model
is able to provide updated predictions during follow‐up. We
were not able to combine these qualitative predictions with
quantitative predictions for recurrent disease due to the
small number of events. This model will be integrated
into our electronic health record. It has the potential to
empower patients and professionals in making well‐
informed and shared decisions and enable tailor‐made
counseling and customized solutions during follow‐up.
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