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Abstract
Purpose—Treatment-related symptom burden varies significantly among patients undergoing
radiotherapy or chemoradiotherapy, yet such variation is typically not reflected in the results from
single-group studies. We applied group-based trajectory modeling (GBTM) to describe the
heterogeneity of symptom burden among patients with head and neck cancer and to identify
subgroups with distinct symptom development trajectories.

Methods—Patients (n = 130) were recruited pretherapy, and rated multiple symptoms weekly for
10 weeks via the M. D. Anderson Symptom Inventory. With the mean of five most-severe
symptoms over time as an outcome measure, GBTM was used to identify patient subgroups with
distinct symptom trajectories. Linear mixed-effects modeling (LMM) was applied to compare with
GBTM’s ability to describe the longitudinal symptom data.

Results—The five most-severe symptoms were: problems with taste, difficulty swallowing or
chewing, problems with mucus, fatigue, and dry mouth. A two-group GBTM model identified
68% of patients as having high symptom burden, associated with older age, worse baseline
performance status, and chemoradiotherapy treatment. A four-group GBTM model generated one
stable group (4% of patients) and three groups varying in symptom severity with both linear and
quadratic functions over time. LMM revealed symptom-change patterns similar to that produced
by GBTM but was inferior in identifying risk factors for high symptom burden.

Conclusions—For cancer patients undergoing aggressive therapy, GBTM is capable of
identifying various symptom-burden trajectories and provides severity groupings that will aid
research and may be of clinical utility. These results may be generalizable to other cancer types
and treatments.
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Introduction
Management of locoregional advanced head and neck cancer (HNC) has increasingly relied
on radiotherapy, with or without concurrent chemotherapy [1]. In clinical observation,
patients with HNC have substantial individual differences in the severity of their treatment-
related symptoms, even when disease severity and treatment modality are comparable. For
example, in a cross-sectional study, Rosenthal et al. [2] reported that HNC patients could be
grouped as those with either high or low symptom severity at the end of chemoradiotherapy
or radiotherapy. Understanding this heterogeneity is a necessary step in characterizing high
symptom burden that may result in treatment termination or interruption and for identifying
factors that may contribute to high symptom burden.

Cluster analysis is the method most often used for cross-sectional studies of the
heterogeneity of symptom burden [2–4]. We used a two-step cluster method to categorize a
sample of patients with cancer into high-symptom and low-symptom groups one year after
cancer diagnosis [5]. Using group (i.e., high symptom, low symptom) membership as an
outcome variable, we found that poor socioeconomic status, age younger than 55 years, and
the presence of more comorbid conditions were risk factors for higher symptom burden.
Latent class analysis, a model-based cluster-analysis method, has also been applied to
identify subgroups of patients [6]. Dodd et al. [7] divided cancer patients into four
subgroups according to their ratings of pain, fatigue, sleep disturbance, and depression
reported on the day of first dose of biotherapy. Further analysis showed that the subgroup
with the most-severe symptoms had significantly lower functional status and poorer quality
of life. These reports demonstrate the utility of these cluster-analysis methods for describing
the heterogeneity of symptom burden among cancer patients, for identifying predictors for
subgroups with high symptom burden, and for associating symptoms with other outcomes.

However, cluster analysis is designed for cross-sectional data, and latent class analysis is
seldom used to describe longitudinal data collected at more than two time points due to its
complexity in application. Because symptoms change over the course of cancer treatment,
patient groupings may vary across time points. For example, Dodd et al. [7] identified four
subgroups at the start of biotherapy but only three subgroups in the same patient population
one month later. This inconsistent group membership across time may hinder further
analysis on predictor identification and make it difficult to profile the developmental
trajectories of patients’ symptom burden.

Several longitudinal models, such as the linear mixed-effect model (LMM) [8] and the
hierarchical linear model [9], have been applied to describe the average developmental
tendencies of cancer-related symptoms over time. An assumption underlying these methods
is that patients have similar responses to accumulated treatment dose, resulting in a similar
symptom experience over time. With these methods, variations typically are described in
terms of covariates of interest. For instance, in a study of women with breast cancer, fatigue
trajectories were described by different levels of age, body mass index, and disturbed sleep
[10]. However, an external categorization criterion used to construct subgroups of
developmental trajectories must be based on an assumed prior, usually patients’
demographic information or clinical characteristics. In most cases, currently identified
predictors can explain only a small part of the variability. Klepstad et al. [11] reported that
even variations in morphine dose could explain less than half of the variability of blood
levels of morphine metabolites in patients with cancer. Thus, using an external criterion may
increase uncertainty about an individual’s group membership, and this uncertainty cannot be
quantified in the form of probabilities.
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The group-based trajectory model (GBTM) is a statistical approach designed to group
longitudinal observations into interrelated subgroups. Like cross-sectional methods, GBTM
takes into consideration measures at a given time point, but unlike other methods, GBTM
considers the change patterns of those measures across multiple time points. It is able to
identify distinctive developmental trajectories and to provide, for model evaluation, the
probability of population members’ following each such trajectory [12]. GBTM outputs are
easily understood graphs and tables of longitudinal measurements, which may be more
accessible for both clinicians and researchers.

Because GBTM was originally developed to describe the course of behavioral outcomes
related to age [13], it has primarily been used to establish developmental trajectories in
psychology or criminology in populations of children or adolescents. Researchers have used
GBTM to analyze outcomes such as physical aggression [14], depression and anxiety
symptoms [15], and adherence to treatment [16]. GBTM’s applicability in cancer symptom
research is not well established. In a study of symptoms in lung cancer patients undergoing
chemotherapy [17], we used GBTM to identify two subgroups, a high-symptom group and a
low-symptom group. In that study, the two-group model was determined a priori for
simplicity and clinical usefulness. How this two-group model is different from a model
selected by a statistical-fit index, such as the Bayesian information criterion (BIC), has not
been addressed. Moreover, GBTM’s ability to detect predictors for higher symptom burden
should be compared with that of the commonly used LMM.

On the basis of previous cross-sectional research [2], for this longitudinal study we
hypothesized that symptom burden would be heterogeneous in patients with HNC
undergoing radiotherapy or chemoradiotherapy, and that GBTM would identify a subgroup
of patients with high symptom burden. In addition, we compared the capabilities of a
predetermined two-group GBTM model, a statistical best-fit GBTM model, and an LMM
model for identifying predictors of high symptom burden.

Methods
Patients

Patients with HNC who were qualified to receive radiotherapy or chemoradiotherapy were
recruited from the Head and Neck Planning and Development Clinic [18] at The University
of Texas MD Anderson Cancer Center between February 2006 and August 2007. All
patients were 18 year of age or older. The study was approved by the MD Anderson
Institutional Review Board, and all patients gave written informed consent to participate
prior to the baseline evaluation. We analyzed data from non-Hispanic white patients only,
because very few other ethnic groups were represented in this cohort.

Symptom measurements
The M. D. Anderson Symptom Inventory (MDASI) is a psychometrically validated and
widely used instrument for cancer symptom measurement [19]; the MDASI Head and Neck
module (MDASI-HN) has been validated for use in this patient population [20]. The 28-item
MDASI-HN comprises three subscales: 13 core MDASI items that rate the severity of
general symptoms associated with cancer, six interference items that assess how severely
symptoms interfere with daily activities, and nine HNC-specific items that rate the severity
of symptoms particularly associated with HNC. The core and HNC-specific symptoms are
rated on a 0–10 scale to indicate the presence and severity of the symptom, with 0 indicating
“not present” and 10 indicating “as bad as you can imagine.” Patients are asked to rate each
item according to its worst severity during the previous 24 hours.
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Patients completed MDASI-HN assessments once a week for 10 weeks beginning at the start
of radiotherapy or chemoradiotherapy.

Statistical analysis
An average score of the top five symptoms, determined as the five most severe symptoms at
the end of treatment (week 7), was calculated. With this average score as the dependent
variable, GBTM was used to identify patient subgroups with distinct symptom-development
trajectories over the course of therapy. SAS macro PROC TRAJ [21] was used to estimate
the trajectories, on the basis of data collected at 11 time points (from before treatment to
week 10). First, we generated a two-group model with the prior of simplicity and clinical
interpretability, representing either high or low symptom burden over time of the 10-week
study. Next, a second model with the optimal number of groups as determined by the lowest
BIC was generated. Mplus was used to conduct bootstrap likelihood ratio tests (BLRT) [6]
and Lo-Mendell-Rubin adjusted likelihood ratio tests (LMR LRT) [22] as additional tests to
confirm the optimal number of groups.

We then used three diagnostics to evaluate the adequacy of the selected models [12]: (a) the
average of the posterior probabilities of group membership for individuals assigned to each
group exceeded 0.7, (b) the odds of correct classification exceeded 5, and (c) the estimated
probability of group membership differed by less than 50% from the proportion assigned to
that group on the basis of the posterior probability of group membership. Descriptive
statistics, including means, standard deviations (SD), percentages, odds ratios (OR), and
95% confidence intervals (95% CI), are used to report patient demographic and clinical
characteristics by group for the two models.

To identify predictors of high symptom burden, we included potential predictors in the
TRAJ models. Risk variables included age (≥60 years vs. <60 years), sex (male vs. female),
Eastern Cooperative Oncology Group performance status (ECOG PS) score (≥1 vs. 0),
treatment (chemoradiotherapy vs. radiotherapy), cancer stage (III/IV vs. other), cancer
diagnosis (pharynx vs. other), and total radiation dose (>60 Gy vs. ≤60 Gy). To control the
possible association between early dropout from the study and symptom severity, we added
a variable indicating early dropout status (dropout before week 10 vs. completing the
investigation) in all models.

We then compared ability to describe longitudinal symptom burden between GBTM and
LMM, the most commonly used approach. Considering the component score for the top five
symptoms as a continuous variable, we used LMM to estimate the associations between
overall symptom development and factors involved in the previous logistic regression
model.

SAS 9.3 and Mplus 6.11 were used to conduct all analyses. All statistical tests were two-
sided; P values < 0.05 were considered statistically significant.

Results
Demographic and clinical characteristics

One hundred thirty patients were enrolled in this study. At the end of investigation (week
10), 82 patients (63%) remained in the cohort. Patient characteristics are shown in Table 1.
No significant differences in demographic and clinical factors were found between those
who dropped out before week 10 and those who did not (Table 1). The top five symptoms at
week 7 were problems with tasting food (mean 6.28, SD 3.72), difficulty chewing or
swallowing (mean 5.23, SD 3.65), mucus (mean 5.77, SD 3.50), fatigue (mean 5.27, SD
2.79), and dry mouth (mean 5.67, SD 3.51).
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GBTM selection and evaluation
GBTM results indicated that a four-group solution had the smallest BIC; BLRT showed that
a four-group model was superior to one-, two-, and three-group models, whereas LMR LRT
showed that a two-group model was optimal (Table 2). Accordingly, we generated both two-
group and four-group models. Both models met the criteria for adequate model fit (Table 3).
We defined the two-group symptom trajectories as low (32% of patients) and high (68%),
and the four-group symptom trajectories as low (28% of patients), medium (44%), high
(24%), and stable (4%).

The profiles of these two models are shown in Table 4. Estimated means (dashed lines) and
observed means (solid lines) at each time point for all subgroups are plotted in Figure 1. In
the two-group model, both groups demonstrated significant linear and quadratic terms, with
a mild symptom peak (mean 2.96, SD 1.58) for the low group and a moderate symptom peak
(mean 6.98, SD 1.90) for the high group (Figure 1a). In the four-group model, the low,
medium, and high trajectories demonstrated significant linear and quadratic terms, starting
with low symptom burden, increasing to a peak at the end of treatment (week 7), and then
decreasing. The peak levels of symptoms were mild for the low group (mean 2.80, SD 1.59),
moderate for the medium group (mean 6.56, SD 1.97), and severe for the high group (mean
8.65, SD 0.91). The stable group started with a moderate symptom burden (mean 6.04, SD
2.93) that remained level throughout the investigation (Figure 1b).

Patient characteristics by group
Tables 5 and 6 demonstrate the distribution of patient demographic and clinical
characteristics by group. Significantly higher proportions of patients who were receiving
chemoradiotherapy, were 60 years of age or older, had stage III/IV cancer, and had ECOG
PS ≥ 1 were found in the high-symptom subgroup of the two-group model and in the
medium-symptom subgroup of the four-group model than were found in the low-symptom
subgroups of either model. No comparison was done with the stable group because of its
small sample size (n = 5).

Predictors of high symptom burden
Because of the small sample size of patients with tongue cancer in some subgroups, we did
not include tongue cancer in the multivariate logistic models. For two-group model, the
predictors of being assigned to the high-symptom group included having an ECOG PS ≥ 1
(est = 2.97; P =0.002) and receiving chemoradiotherapy (est=1.23; P = 0.046). For the four-
group model, predictors for being assigned to the medium group included being female (est
= 2.06; P = 0.022), being at least 60 years old (est = 1.27; P = .048), and receiving
chemoradiotherapy (est = 1.64; P = 0.027); the predictor for being assigned to the high
group was having an ECOG PS ≥ 1 (est = 2.73; P = 0.003); and the predictor of being
assigned to the stable group was having an ECOG PS ≥ 1 (est = 3.89; P = 0.007) (Table 7).

With the component score for the top five symptoms from before treatment to week 10 as a
continuous dependent variable, the LMM generated significant linear (est = 1.33; P < .0001)
and quadratic (est = −0.09; P < .0001) terms over time. The model identified ECOG PS ≥ 1
(est = 1.37; P < .0001) and age 60 years or older (est = 0.61; P = .045) as predictors of
higher symptom burden (Table 7).

Discussion
Our results confirmed the hypothesis that GBTM can identify subgroups of patients with
HNC who experience high symptom burden during chemoradiotherapy or radiotherapy. The
model fit of the two-group GBTM was as good as that of the four-group GBTM selected
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according to BIC. In our sample, 67% of patients in the two-group GBTM had high
symptom burden over time, represented by the five most-severe symptoms. The four-group
model identified a subgroup of patients (4%) who started with moderate to high symptom
burden that remained stable over the course of therapy, whereas the two-group model did
not differentiate those patients from those in the high symptom burden group. All three
models (the two-group GBTM, four-group GBTM, and LMM) exhibited significant linear
and quadratic functions for symptom change over the course of chemoradiotherapy or
radiotherapy. Using the GBTM group membership, we identified age 60 years or older, poor
baseline performance status (ECOG PS ≥ 1), and receiving chemoradiotherapy (vs. radiation
alone) as predictors of higher symptom burden. The LMM identified two predictors: ECOG
PS ≥ 1 and age 60 years or older.

The consistency in symptom development across models suggests that most patients’
symptom development patterns were homogeneous, increasing to the end of therapy and
then dropping, regardless of symptom severity. However, the increasing trend estimated by
LMM was lower than that in the medium and high subgroups obtained from GBTM.
Because LMM is based on the assumption that all patients’ patterns of change are
homogeneous, it may underestimate the symptom change for some patients and may
overestimate the change for others. In contrast, the GBTM tested heterogeneity in symptom
change and identified patient subgroups characterized by varied symptom severity levels.

The two-group GBTM demonstrated that, although all patients started with low symptom
burden, two-thirds reported significantly more-severe symptoms during treatment. This
result is consistent with results from a cluster analysis conducted at the end of treatment in a
patient set partly overlapping with our population [2]; in that analysis, 59% of patients were
in the high-symptom group at week 6.

The four-group model generated a similar proportion of patients belonging to subgroups
with moderate or high symptom burden. Notably, the four-group model also identified a
stable subgroup (4%) who started with moderate to high symptoms and retained that level of
symptom burden throughout the course of investigation, without the initial rising and
subsequent falling pattern found in other subgroups. A subgroup of patients (30%) with
stably high symptoms driven by cancer stage was found in our previous study of patients
undergoing chemotherapy for advanced lung cancer [17]. Although the small size of the
stable group (only five patients) in the current study hindered further analysis, these results
suggests that the four-group GBTM may be more sensitive than the other two models in
describing interindividual heterogeneity.

Poor performance status (ECOG PS) at baseline was identified by both GBTM and LMM
models as a predictor for high symptom burden. As the most-used measurement of
performance status, ECOG PS is highly correlated with symptom scores and has been used
for symptom-instrument validation as the gold standard for assessing patients’ general
condition [19]. The consistent results suggest that the GBTM trajectories were as capable as
LMM of identifying symptom variations related to varied performance status. However, the
interpretation of the results is different, both clinically and statistically. The LMM described
patients with ECOG PS ≥ 1 as being more likely to report greater symptom burden over
time, whereas GBTM described those patients as being more likely to follow the patterns
demonstrated in medium and high symptom subgroups.

It is widely accepted that the toxicities of aggressive cancer therapy can result in moderate to
severe symptom levels during the course of treatment [8, 23]. Although concurrent
chemoradiotherapy has been reported to yield a significant survival benefit [24], Rosenthal
et al. [23] reported that chemoradiotherapy led to more-severe and longer-lasting mucositis
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compared with radiotherapy alone. In our sample, treatment with chemoradiotherapy was
associated with a higher probability of developing moderate or high symptom burden
compared with radiotherapy alone. However, the LMM did not reveal an association
between symptom severity and treatment methods; possibly, the mixing of patients
experiencing low symptom burden with those experiencing moderate and high symptom
burden may have weakened the association between treatment and symptoms, considering
that patients who maintain mild symptom levels over time may not be responsive to the
toxicities of either chemoradiotherapy or radiotherapy. In such situations, GBTM is more
efficient for capturing individual difference of response to therapy, thus providing a better
method for identifying patients at higher risk for developing severe symptoms.

Our moderate sample size imposed limitations in GBTM application. One concern with a
small sample is GBTM’s difficulty in detecting subgroups that represent a very small
portion of the population. The small subgroup of patients who maintained moderate or high
symptom burden throughout therapy was not identified by the two-group model. In a larger
sample of more-symptomatic patients with lung cancer [17], we identified such a subgroup
using a similar two-group model. In addition, the small sample size of each subgroup in the
current study limited the further application of GBTM trajectories.

For any analytical method, a small sample may result in higher likelihood that the results
were based on chance variation. In our analysis of the four-group model, the wide 95% CI
ranges of ORs for predictors of high symptom burden bring uncertainty to the interpretation
of those associations. Although the two-group model failed to identify the stable subgroup, it
did identify the same predictor panel as the four-group model did, but with narrower 95% CI
ranges. Thus, when the GBTM is applied to a small or moderate-size sample, statistical
indices should not be the only criterion for model selection. The interpretability and clinical
usefulness of reporting distinctive developmental patterns in the data should also be
considered.

The other limitation of our study was that a substantial amount of data (37%) was missing
from the 10-week-long investigation. Because the GBTM uses all available data, data
missing due to symptom worsening may result in misclassification. In the current analysis,
we added the dropout status as a covariate in all models and found no differences between
those who dropped out and those who did not. Similarly, the LMM did not identify a
significant effect of early dropout on overall symptom development. The consistent results
indicate that early dropout in this population was not related to symptom severity and may
not affect the modeling based on all available symptom severity data.

Another limitation of the GBTM procedure itself is that it may simply be identifying extra
groups to accommodate non-normality in the data, rather than true latent subgroups [25, 26].
Residual diagnostics indicated that the two-group model, but not the three- or four-group
models, is free of extra groups due to non-normality. This suggests that the two-group model
reflects the heterogeneity of our symptom data, whereas there is a possibility that the three-
or four-group models were identifying a mixture distribution when in fact it was a
homogeneous non-normal density [27, 28]. Finally, we compared risk factor results using
the conventional one-group model, the LMM, and two- and four-group models. Being
treated with concurrent chemoradiation therapy was identified as predictor by multi-group
models, but not by the onegroup model. Meanwhile, in the four-group model, predictors
varied across groups: the medium group was associated with sex and treatment type, while
the other two groups (high and stable) were related to ECOG PS (Table 7). Those variations
suggest that compared with the one-group model, multi-group models make meaningful
distinctions among patients. In clinical practice, the presence of multiple groups will help to
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isolate the subgroup of patients who may need specific medical attention when they are
undergoing concurrent chemoradiation therapy.

In conclusion, GBTM can identify distinct developmental trajectories of symptoms in
patients with HNC and should be applicable for the examination of the symptom trajectories
of other treatments (both cancer and noncancer) known to increase symptoms. The
heterogeneities described by GBTM can be partly attributed to several patient
characteristics. The inconsistency between GBTM and LMM results highlights the
importance of selecting the appropriate method on the basis of research questions and the
nature of the target population. Because of the interindividual variation of response to
aggressive cancer therapy, GBTM is useful for describing the heterogeneity of symptom
development, for identifying groups to determine demographic or biological risk factors, and
potentially for informing clinicians about subgroups of patients who will need more
attention to symptom control.
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Fig. 1.
Trajectories for the five most-severe symptoms in patients with head and neck cancer
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Table 7

Predictors of high symptom burden

Parameter Estimate SE P

Two-group model (high vs. low)*

  ECOG PS ≥ 1 2.97 0.96 0.002

  Concurrent chemoradiotherapy 1.23 0.62 0.046

Four-group model (medium vs. low)*

  Sex (female) 2.06 0.89 .022

  Age ≥60 years 1.27 0.64 .048

  Concurrent chemoradiotherapy 1.64 0.74 .027

Four-group model (high vs. low)*

  ECOG PS ≥ 1 2.73 0.92 .003

Four-group model (stable vs. low)

  ECOG PS ≥ 1 3.89 1.43 0.007

Linear mixed-effect model*

  Week 1.33 0.06 <.0001

  Week*week −0.09 0.01 <.0001

  Age ≥ 60 years 0.61 0.30 0.045

  ECOG PS ≥ 1 1.37 0.33 <.0001

*
Variables included in models: Age, sex, cancer site, tumor stage, total radiation does radiotherapy, ECOG PS, treatment methods, and early drop-

out.
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