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ORIGINAL ARTICLE
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Abstract
Purpose Sleep disturbance and cancer-related fatigue (CRF) are among the most commonly reported symptoms associated with
breast cancer and its treatment. This study identified symptom cluster groups of breast cancer patients based on multidimensional
assessment of sleep disturbance and CRF prior to and during chemotherapy.
Methods Participants were 152 women with stage I–IIIA breast cancer. Data were collected before chemotherapy (T1) and
during the final week of the fourth chemotherapy cycle (T2). Latent profile analysis was used to derive groups of patients at each
timepoint who scored similarly on percent of the day/night asleep per actigraphy, the Pittsburgh Sleep Quality Index global score,
and the five subscales of theMultidimensional Fatigue Symptom Inventory-Short Form. Bivariate logistic regression evaluated if
sociodemographic/medical characteristics at T1 were associated with group membership at each timepoint.
Results Three groups (Fatigued with sleep complaints, Average, Minimal symptoms) were identified at T1, and five groups
(Severely fatigued with poor sleep, Emotionally fatigued with average sleep, Physically fatigued with average sleep, Average,
Minimal symptoms) at T2. The majority of individuals in a group characterized by more severe symptoms at T1 were also in a
more severe symptom group at T2. Sociodemographic/medical variables at T1 were significantly associated with group mem-
bership at T1 and T2.
Conclusions This study identified groups of breast cancer patients with differentially severe sleep disturbance and CRF symptom
profiles prior to and during chemotherapy. Identifying groups with different symptom management needs and distinguishing
groups by baseline sociodemographic/medical variables can identify patients at risk for greater symptom burden.

Keywords Cancer . Cancer-related fatigue . Latent profile analysis . Sleep disturbance . Symptom cluster . Oncology

Introduction

Sleep disturbance and fatigue are commonly reported in breast
cancer. Up to 80% of breast cancer patients report sleep distur-
bance (e.g., difficulty initiating or maintaining sleep, waking up
earlier than desired and being unable to fall back to sleep, and
excessive daytime sleepiness) [1], and up to 99% report cancer-
related fatigue (CRF) [2]. Unlike fatigue typically experienced by
individuals without cancer, CRF is relatively more severe, dis-
abling, and challenging to relieve [2–4]. In fact, CRF has been
described as more closely approximating chronic fatigue syn-
drome than it does non-disease-related fatigue [5]. Specifically,
CRF involves persistent and distressing physical, emotional, and/
or cognitive weakness, tiredness, and lack of energy associated
with cancer and its treatment that does not subside with adequate
sleep and rest, and is disproportionate to exertion [3]. Sleep
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disturbance and CRF are highly comorbid [6], and are associated
with increased symptom burden and poorer health-related quality
of life in cancer [7, 8]. Moreover, studies have linked poor sleep
to cancer progression and mortality [9].

To better understand co-occurring symptoms such as sleep
disturbance and CRF, research has recently focused on symp-
tom clusters. Symptom clusters are sets of interrelated symp-
toms that occur simultaneously, might share a common etiol-
ogy or variance, and might contribute to outcomes different
than those that would result from isolated symptoms [10].
Symptom cluster research has previously identified profiles/
subtypes of cancer patients that include sleep disturbance and
CRF among other variables [11–16]. However, most studies
have measured sleep disturbance using only subjective assess-
ments and have assessed CRF as a unidimensional construct.
Subjective and objective assessments of sleep disturbance are
often incongruous [17], and CRF may be better conceptual-
ized as multidimensional [18]. Considering multidimensional
assessments of both sleep disturbance and CRF in a symptom
cluster could help inform more precise interventions. For ex-
ample, patients who experience notable physical fatigue com-
bined with poor objectively measured sleep disturbance might
benefit from a physical activity intervention. Alternatively,
patients who experience elevated emotional fatigue combined
with increased subjectively reported distress related to sleep
might be better served by a psychosocial intervention.
Recognizing the potential benefits of personalized treatments,
three known studies identified typologies of cancer survivors
based on multiple dimensions of CRF [18–20], and one based
on subjectively measured sleep disturbance [21], but no stud-
ies were found with concurrent assessments of just sleep dis-
turbance and CRF. Given the known interrelationship between
sleep disturbance and CRF [6], evaluating a symptom cluster
informed by more nuanced assessment of these two highly
prevalent symptoms can enhance patient care.

The present study had two aims. The first was to identify
groups of breast cancer patients by simultaneously evaluating
multiple assessments of sleep disturbance and CRF prior to
chemotherapy and again during treatment. Group stability
over timewas also explored. The second aimwas to determine
the association between pre-treatment sociodemographic and
medical variables and group membership to identify patients
who may benefit from intervention to prevent or reduce these
symptoms. Given the exploratory nature of this study, no spe-
cific hypotheses were made a priori.

Methods

Participants and procedures

Participants (N = 152) were newly diagnosed stage I–IIIA
breast cancer patients scheduled to receive at least four cycles

of anthracycline-based chemotherapy. Recruitment took place
through two separate prospective studies of breast cancer pa-
tients (study 1, 83 participants [collected 2000–2005] [22];
study 2, 69 participants [collected 2005–2010] [23]) with
identical recruitment procedures and inclusion criteria.
Women were ineligible if they had metastatic or stage IIIB
(including inflammatory) breast cancer, undergone bone mar-
row transplant, received radiotherapy, any physical or psycho-
logical diagnoses/impairments that could confound study re-
sults (e.g., anemia), or were pregnant. Men were ineligible.

Data used in the present analysis were collected prior to the
first cycle of chemotherapy (T1) and during the last week of the
fourth cycle of chemotherapy (T2). At each timepoint, partici-
pants wore an actigraph for 72 h and completed questionnaires.
Institutional Review Board approval was obtained prior to en-
rollment. All participants provided written informed consent.

Measures

Sociodemographic and medical variables Age, ethnicity, ed-
ucation, and marital status were self-reported. Body mass in-
dex (BMI), cancer stage at diagnosis, first treatment received
(i.e., lumpectomy, mastectomy, double mastectomy, or neoad-
juvant chemotherapy), chemotherapy formulation, current
medications, and medical comorbidities were extracted from
medical records. Breast cancer staging was performed by the
referring medical oncologist according to the American Joint
Committee on Cancer Staging Manual 5th Edition.

Objective sleep disturbance Sleep disturbance was objectively
assessed with wrist actigraphy [24]. Actigraphs are small,
wearable devices that measure sleep/wake patterns and circa-
dian rhythms over multiple days. All study 1 participants and
14 study 2 participants wore an Actillume-II (Ambulatory
Monitoring Inc., Ardsley, NY); the remaining study 2 partici-
pants wore an Actiwatch-Light (Philips Respironics Mini
Mitter, Bend, OR). To establish equivalency across devices,
eight volunteers concurrently wore both on the same wrist
for 72 h. Activity-count data and software-scored sleep/wake
data from both devices were highly correlated (rs > 0.85),
supporting equivalency.

A 1-min epoch setting was utilized. Data were manually
edited based on sleep logs wherein participants recorded bed-
time, wake time, and naps while wearing the actigraph, as rec-
ommended by the Society of Behavioral Sleep Medicine [25].
For the present analysis, the percentage of the night spent asleep
(from sleep onset to final awakening according to scored
actigraphic records) and percentage of the day spent asleep
(from final up time to bedtime according to sleep logs) were
calculated. Higher percentage of the night spent asleep indicat-
ed better sleep efficiency, reflecting less sleep disturbance. This
variable was used in place of sleep efficiency as it only
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considers the percent of time spent asleep after sleep onset and
does not consider sleep onset latency, which has been shown to
be less reliable whenmeasured by wrist actigraphy [26]. Higher
percentage of the day spent asleep indicated increased daytime
napping, reflecting increased sleepiness, circadian dysregula-
tion, and more sleep disturbance.

Subjective sleep quality: Pittsburgh Sleep Quality Index The
Pittsburgh Sleep Quality Index (PSQI) [27] is a 19-item self-
report measure of sleep quality over the prior month. Each
item is weighted on a 0–3 interval scale. Items contribute to
seven component scores, which are in turn summed to yield a
global score ranging from 0 to 21; higher scores indicate
worse subjective sleep quality. A global score above 5 indi-
cates poor sleep [27].

Cancer-related fatigue: Multidimensional Fatigue Symptom
Inventory–Short Form The Multidimensional Fatigue
Symptom Inventory–Short Form (MFSI-SF) [28, 29] is a
30-item self-report assessment composed of five-, six-item
subscales (General fatigue, Physical fatigue, Emotional fa-
tigue, Mental fatigue, Vigor). Subscale scores, ranging from
0 to 24, were computed by summing items. For the four fa-
tigue subscales, higher scores indicate more cancer-related
fatigue; for the vigor subscale, higher scores indicate less
cancer-related fatigue. There are no published clinical cutoffs
for the MFSI-SF.

Data analytic plan

Exploratory Latent Profile Analysis (LPA) was used to derive
categorical latent variables representing groups of individuals
who scored similarly, relative to the rest of the sample, on two
measures of objective sleep disturbance (percentage of night
spent asleep, percentage of day spent asleep), one measure of
subjective sleep quality (PSQI global score), and five dimen-
sions of CRF (MFSI-SF subscales). Two separate cross-
sectional LPAs were conducted (T1 and T2).

In LPA, the probability that an individual is properly clas-
sified is estimated simultaneously within the overall model
[30]. Models are estimated with classes added iteratively to
determine which model best fits the data. For this study, LPA
was conducted using the maximum likelihood robust (MLR)
estimation procedure, to account for missing data, in MPlus
7.2 [31, 32]. To determine the optimal number of groups,
models were evaluated using the Akaike information criterion
(AIC) [33], sample size-adjusted Bayesian information crite-
rion (sBIC) [34], Bootstrapped Likelihood Ratio Test (BLRT)
[35, 36], and entropy [37]. The AIC and sBIC are descriptive
fit indices wherein smaller values indicate better model fit.
The BLRT compares the fit of a target model (e.g., a two-
profile model) to a comparison model that specifies one less

profile (e.g., a one-profile model). The p values generated for
the BLRT indicate whether the solution with more profiles
(p < 0.05) or fewer profiles (p > 0.05) is a superior fit to the
data. Entropy is a measure of how well profiles can be distin-
guished, with higher values indicating that more individuals in
the sample have been correctly classified in the specified mod-
el. Eachmodel was also evaluated on interpretability and sam-
ple size, with profiles containing less than 5% of the sample
considered spurious [38].

After best-fitting models were determined, descriptive
statistics were examined at each timepoint to evaluate
group stability over time. Sample size limitations and in-
sufficient data collection timepoints precluded longitudinal
modeling. A series of logistic regression models were used
to determine whether T1 sociodemographic/medical char-
acteristics predicted profile membership at each timepoint.
The relationship between chemotherapy formulation and
group membership was only evaluated for groups identi-
fied at T2, as there was no theoretical rationale for evalu-
ating this relationship prior to chemotherapy.

Results

Participants

The sample (T1,N = 152; T2, n = 128) is described in Table 1.
There were no significant differences between participants
who had complete data at both timepoints and those who were
only included at T1.

Sleep disturbance and cancer-related fatigue groups

Groups at T1 See Table 2 for model fit information for all
tested solutions. The two-profile solution fit better than the
one-profile solution across all indicators. The AIC, sBIC,
and BLRT indicated the three-profile solution fit better than
the two-profile solution. Although model fit was similarly
good for the four-profile solution, one profile represented only
2% of the sample (n = 3) and was considered spurious. Thus,
the three-profile solution was considered the best fit.

Table 3 and Fig. 1 describe conditional response means and
relative scores on measures of sleep disturbance and CRF.
Profile groups were labeled the following: (1) Fatigued with
sleep complaints, (2) Average, and (3) Minimal symptoms.
The Fatigued with sleep complaints (n = 29) group was char-
acterized by higher CRF and average sleep disturbance rela-
tive to the rest of the sample. The Average (n = 77) group had
relatively average symptoms across all domains. The Minimal
symptoms (n = 46) group demonstrated less symptomatology
across all domains.

Support Care Cancer (2020) 28:845–855 847



Groups at T2 See Table 2 for model fit information for all
tested solutions. Across all indicators, the two-profile solution
fit better than the one-profile solution, and the three-profile
solution fit better than the two-profile solution. The AIC,
sBIC, and BLRT indicated that the four-profile solution fit
better than the three-profile solution, and the five-profile so-
lution fit better than the four-profile solution. A six-profile
solution was attempted; however, the model failed to con-
verge. Therefore, the five-profile solution was considered the
best fit to the data.

Table 3 and Fig. 2 describe conditional response means and
relative scores on measures of sleep disturbance and CRF.
Profile groups were labeled (1) Severely fatigued with poor
sleep (SFPS), (2) Emotionally fatigued with average sleep
(EFAS), (3) Physically fatigued with average sleep (PFAS),
(4) Average, and (5) Minimal symptoms. The SFPS (n = 11)
group was characterized by relatively poorer symptomatology
overall. The EFAS (n = 15) group demonstrated somewhat
worse sleep quality, more severe ratings on General,
Emotional, and Mental fatigue and Vigor but not Physical
fatigue, less nighttime sleep disturbance, and more daytime
sleepiness. The PFAS (n = 17) group demonstrated relatively
poorer sleep quality, more severe ratings on General and
Physical fatigue but not on Emotional and Mental fatigue or
Vigor, the most severe nighttime sleep disturbance, and slight-
ly elevated daytime sleepiness. The Average (n = 31) group
demonstrated relatively average symptoms across all do-
mains. The Minimal symptoms (n = 54) group demonstrated
less symptomatology across all domains.

Stability of group membership from T1 to T2 Among 23 par-
ticipants in the Fatigued with sleep complaints group at T1, 14
(60.9%) remained in one of the two groups characterized by the
most severe symptoms (SFPS or EFAS) at T2, while the remain-
der (39.1%) were in a group indicating less severe symptoms at
T2. Among 65 participants in the Average group at T1, 30
(46.1%) remained in one of the two groups characterized by
more moderate symptoms (PFAS or Average), 10 (15.4%) were
in a group indicating more severe symptoms (i.e., SFPS or
EFAS), and 25 (38.5%) were in a group indicating less severe
symptoms (i.e., Minimal symptoms) at T2. Finally, of the 40
participants in the Minimal symptoms group at T1, 29 (72.5%)
remained in the Minimal symptoms group, while the rest
(27.5%) were in a group indicatingmore severe symptoms at T2.

Associations of sleep disturbance and cancer-related
fatigue groups with T1 levels of sociodemographic
variables

Results of logistic regression analyses comparing symptom
burden groups on sociodemographic and medical variables

Table 1 Participant characteristics

Variable T1 (N = 152) T2 (n = 128)

Sociodemographic variables
Whitea 122 (80.3) 100 (78.1)
Educationa

< College graduate 74 (48.7) 64 (50.0)
≥College graduate 78 (51.3) 64 (50.0)

Marrieda 105 (69.1) 89 (69.5)
Ageb 50.84 (9.39) 50.74 (9.19)

Medical variables
Cancer stage at diagnosisa

I 42 (27.6) 31 (24.2)
II 66 (43.4) 57 (44.5)
III 35 (23.0) 32 (25.0)

Type of chemotherapy receiveda

AC 35 (23.0) 31 (24.2)
AC + Taxotere 30 (19.7) 23 (18.0)
AC + Taxol 45 (29.6) 41 (32.0)
Other 32 (21.1) 25 (19.5)

First treatment receiveda

Lumpectomy 62 (40.8) 53 (41.4)
Mastectomy 63 (41.4) 52 (40.6)
Other 19 (12.5) 16 (12.5)
Double mastectomy 7 (4.6) 7 (5.5)
Neoadjuvant chemotherapy 12 (7.9) 9 (7.0)

Medications takena

Analgesic 102 (67.1) 45 (35.2)
Antidepressant 29 (19.1) 21 (16.4)
Minor tranquilizers 36 (23.7) 32 (25.0)

Medical comorbiditiesa

Arthritis 27 (17.8) 20 (15.6)
Asthma 16 (10.5) 14 (10.9)
Other diseases 21 (13.8) 24 (18.8)

BMIb 28.19 (7.11) 28.11 (7.08)

a n (%); bM (SD); BMI, body mass index

Table 2 Indicators of model fit across all LPA models

No. of profiles Time 1 Time 2

AIC sBIC BLRT p value Entropy AIC sBIC BLRT p value Entropy

1 4727.18 4724.92 – – 4299.32 4294.36 – –

2 4447.28 4443.75 < 0.001 0.95 4045.47 4037.71 < 0.01 0.89

3 4379.65 4374.85 < 0.001 0.85 3949.54 3938.99 < 0.01 0.92

4 4322.86 4316.80 < 0.001 0.88 3920.24 3906.89 <0.01 0.92

5 – – – – 3905.39 3889.24 0.01 0.87
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are presented in Table 4. At T1, participants in the Fatigued
with sleep complaints (M = 49.69, SD = 9.49) and Average
groups (M = 49.06, SD = 8.33) were younger than those in
the Minimal symptoms group (M = 54.52, SD = 10.13).
Additionally, there were more married participants in the
Average group (76.6%) as opposed to the Fatigued with sleep
complaints group (51.7%). Race and education were not as-
sociated with group membership at T1 (see Table 4).

At T2, there were more married participants in the Average
group (83.9%) than the SFPS (45.5%) or the EFAS (53.3%)
groups. Age, education, and race were not associated with
group membership at T2 (see Table 4).

Associations of sleep disturbance and cancer-related
fatigue groups with T1 levels of medical variables

At T1, participants in the Average group were more likely to
have stage II (vs. III) cancer at diagnosis (49.4%) than those
the Minimal symptoms group (32.6%). Those in the Average
group were also more likely to have received a lumpectomy
(42.9%) or single mastectomy (45.5%) followed by chemo-
therapy (vs. a double mastectomy followed by chemotherapy
or neoadjuvant chemotherapy) compared to those in the
Minimal symptoms group (lumpectomy, 37.0%; single

mastectomy, 37.0%). Finally, participants in the Minimal
symptoms group were less likely to be diagnosed with asthma
(4.3%) or a disease not specifically queried at T1 (6.5%), or
using analgesics according to standard medication classes
(58.7%) than those in the Fatigued with sleep complaints
group (asthma, 20.7%; other diseases, 24.1%; analgesics,
82.8%; see Table 4).

For groups identified at T2, participants in the SFPS group
had higher BMI (M = 31.49, SD = 7.04) than those in the PFAS
group (M = 25.09, SD = 4.40). Those in the EFAS group were
more likely to be using antidepressants (40.0%) andminor tran-
quilizers according to standard medication classes (53.3%) than
those in the Minimal symptoms group (antidepressants, 13.0%;
minor tranquilizers, 11.1%), and more likely to be using minor
tranquilizers than those in the Average group (16.1%).
Participants in the SFPS (27.3%) and PFAS groups (29.4%)
were more likely to be diagnosed with a disease not specifically
queried than participants in the Average group (3.2%). Those in
the SFPS (27.3%), EFAS (26.7%), and PFAS groups (17.6%)
were all more likely to be diagnosed with asthma than those in
the Minimal symptoms group (1.9%). Finally, participants in
the PFAS group (35.3%) were more likely to be diagnosed with
arthritis than participants in the Average (9.7%) or the Minimal
symptoms groups (13.0%; see Table 4).
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Discussion

Sleep disturbance and cancer-related fatigue
symptom cluster groups

This study’s first aim was to identify sleep disturbance and
CRF groups of breast cancer patients prior to chemotherapy
and at the last week of the fourth cycle of chemotherapy. This
is the first known study to identify groups of breast cancer
patients based on multidimensional, objective, and subjective
indicators of sleep disturbance and CRF. Groups were named
based on symptom dimensions that were heightened relative
to the rest of the sample. Three groups were identified at T1
(i.e., prior to chemotherapy). At T1 the full sample reported
greater emotional fatigue, but lesser fatigue in the other do-
mains, as compared to Stein and colleagues’MFSI-SF devel-
opment sample [28]. Evaluating each group separately, the
Fatigued with sleep complaints group reported greater CRF
across all dimensions, while the Average group reported more
emotional fatigue, similar mental fatigue, and less general
fatigue, mental fatigue, and vigor than Stein and colleagues’
[28] development sample. Conversely, the Minimal symp-
toms group reported less CRF across all five MFSI-SF sub-
scales as compared to not only the 275 breast cancer patients,
but also the 70 non-cancer comparison participants described
by Stein and colleagues [28]. Additionally, only the Minimal
symptoms group demonstrated PSQI global scores below the
clinical cutoff of five, while the Fatigued with sleep com-
plaints and Average groups, as well as the full sample, dem-
onstrated PSQI global scores above this cutoff. Despite these
variations, each individual group and the full sample demon-
strated less than 85% of the night spent asleep, which is the
commonly accepted cutoff for Bnormal^ sleep in the greater
insomnia literature [39].

Five groups were identified at T2 (i.e., during the last week
of the fourth cycle of chemotherapy). The two groups charac-
terized by the most severe symptoms (i.e., SFPS and EFAS),
and the full sample considered in aggregate, demonstrated
notably more severe sleep disturbance and CRF across all
dimensions as compared to prior samples of cancer patients
[28, 40, 41]. For the two groups with more moderate symp-
toms (i.e., PFAS and Average), CRF was slightly more severe
than Stein and colleagues’ [28] validation sample. Conversely,
the Minimal symptoms group demonstrated similar or lower
CRF across all dimensions compared to both the cancer pa-
tient validation sample and the non-cancer comparison partic-
ipants. Additionally, though all five groups and the full sample
demonstrated PSQI global scores greater than 5, the Minimal
symptoms group mean was lower than what has been ob-
served among other cancer samples [40]. Finally, average per-
centage of the night spent asleep remained below the 85%
cutoff for all groups and when the sample was considered in
aggregate. Results suggest that the Minimal symptoms groups

identified at both time points reflected cancer patients who
were less fatigued than individuals with no history of cancer,
and at T2, these participants also reported better subjective
sleep quality than prior samples of cancer patients, despite
experiencing objectively measured sleep disturbance.

Most participants in the two groups characterized by
more (Fatigued with sleep complaints) and less (Minimal
symptoms) severe symptoms at T1 were also in a group
characterized by more or less severe symptoms at T2.
Dodd and colleagues [11] identified a similar result in their
analysis of a symptom cluster informed by unidimensional
assessments of subjective sleep disturbance, fatigue, depres-
sion, and pain in cancer. Three-quarters (73%) of partici-
pants who were in the group with the least severe symptoms
at the beginning of biotherapy remained in such a group one
month later. The present study’s results further support the
relative stability of group membership among patients
reporting low symptom severity, and extend this by suggest-
ing relative stability among individuals reporting more se-
vere symptoms as well. In the present analysis, the Average
group was less stable than the other two T1 groups. Future
evaluation of this sleep disturbance and CRF symptom clus-
ter, informed by more assessment timepoints, is needed with
larger samples to enable statistical comparison of change
trajectories over time. Such work will enable better identifi-
cation of those who are likely to improve without interven-
tion, as well as those at greater risk for increases in symptom
burden. The relative stability of the Fatigued with sleep
complaints group also raises the question of whether patients
in this group would benefit from personalized interventions
initiated prior to or at the start of their chemotherapy.

Sociodemographic characteristics associated
with group membership

This study’s second aimwas to evaluate if T1 sociodemographic
and medical characteristics were significantly associated with
profile membership at T1 and T2. Group membership was as-
sociated with different sociodemographic variables at both
timepoints. Consistent with the literature [11, 21], younger par-
ticipants were more likely to be in the Fatigued with sleep com-
plaints or Average group as opposed to the Minimal symptoms
group prior to chemotherapy.

Consistent with the findings of Miaskowski et al. [42], the
present study found married participants were more likely to
be in a group characterized by less severe symptoms at both
T1 and T2. Married patients often have better cancer out-
comes, including lower mortality rates and less psychosocial
symptoms [43], possibly indicating increased social support.
Future research would benefit from directly examining the
ability of social support to distinguish sleep disturbance and
CRF symptom cluster groups among breast cancer patients.
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Medical characteristics associated with group
membership

As with sociodemographic variables, group membership was
associated with distinct medical variables at both timepoints.
Patients reporting more comorbidities, more use of medica-
tions, and other indicators of worse health (e.g., higher BMI)
were more likely to be in a group characterized by higher
symptom severity, consistent with the broader literature [2,
44–47]. In addition, the present findings provide valuable in-
formation regarding associations of cancer-specific details,
such as stage at diagnosis and first treatment received, with
symptom cluster group membership. Interestingly, partici-
pants with more advanced disease at diagnosis and who had
undergone double mastectomy prior to chemotherapy or were
receiving neoadjuvant chemotherapy, as opposed to lumpec-
tomy or single mastectomy prior to chemotherapy, were more
likely to be classified into the group reporting the least severe
symptoms at T1. Unfortunately, information about time from
diagnosis and/or surgery (for those women who received ad-
juvant treatment) to the start of chemotherapy was not avail-
able for all women, and, therefore, could not be considered in
this analysis. It is possible that women who reported more
severe symptoms were still recovering from psychological
adjustment to diagnosis and/or surgical intervention, and
therefore reported more severe sleep disturbance and CRF
symptoms. Future research would benefit from considering
these variables when evaluating medical correlates of symp-
tom cluster group membership.

Study limitations

This study has limitations. Longitudinal modeling techniques
could not be used to assess trajectories of group membership
over time due to sample size constraints and insufficient data
collection timepoints. Also due to sample size constraints, the
relationship between symptom cluster group membership and
eachmedical and sociodemographic variable was examined in
a separate logistic regression model, and precision was dimin-
ished leading to wide confidence intervals. Therefore, results
of logistic regression analyses must be interpreted cautiously.
Additionally, there were no measures of pain or sleep disor-
dered breathing, which may play an important role in sleep
disturbance and CRF.

Conclusions

This study extends the literature on oncology symptom
clusters. These findings can help clinicians better under-
stand the complex and interrelated symptoms of sleep dis-
turbance and CRF among women receiving chemotherapy
for early-stage breast cancer, identify subgroups of patients

at risk for sleep disturbance and elevated CRF, and identify
those who may be more likely to need intervention.
Understanding how these groups vary across the chemo-
therapy treatment trajectory can clarify ways in which
symptom experiences change over time for some patients,
but not others. These findings can help identify which pa-
tients may benefit from additional assessment and early
intervention to prevent or reduce sleep disturbances and
CRF during chemotherapy, and can inform targeted inter-
ventions to improve patients’ overall cancer experiences.
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