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ABSTRACT
Background: Interindividual variability in oncology patients' symptom experiences poses significant challenges in prioritizing 
symptoms for targeted intervention(s). In this study, computational approaches were used to unbiasedly characterize the hetero-
geneity of the symptom experience of oncology patients to elucidate symptom patterns and drivers of symptom burden.
Methods: Severity ratings for 32 symptoms on the Memorial Symptom Assessment Scale from 3088 oncology patients were 
analyzed. Gaussian Graphical Model symptom networks were constructed for the entire cohort and patient subgroups identified 
through unsupervised clustering of symptom co-severity patterns. Network characteristics were analyzed and compared using 
permutation-based statistical tests. Differences in demographic and clinical characteristics between subgroups were assessed 
using multinomial logistic regression.
Results: Network analysis of the entire cohort revealed three symptom clusters: constitutional, gastrointestinal-epithelial, and 
psychological. Lack of energy was identified as central to the network which suggests that it plays a pivotal role in patients' overall 
symptom experience. Unsupervised clustering of patients based on shared symptom co-severity patterns identified six patient 
subgroups with distinct symptom patterns and demographic and clinical characteristics. The centrality of individual symptoms 
across the subgroup networks differed which suggests that different symptoms need to be prioritized for treatment within each 
subgroup. Age, treatment status, and performance status were the strongest determinants of subgroup membership.
Conclusions: Computational approaches that combine unbiased stratification of patients and in-depth modeling of symptom 
relationships can capture the heterogeneity in patients' symptom experiences. When validated, the core symptoms for each of the 
subgroups and the associated clinical determinants may inform precision-based symptom management.
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1   |   Introduction

Cancer patients experience an average of 10 (range 0–38) con-
current symptoms during treatment [1, 2] and survivors report 
an average of 5 (range 0–13) concurrent symptoms [3]. The 
number of symptoms reported in various studies is dependent 
on the total number of symptoms included on the assessment 
instrument. Equally important, this large amount of interindi-
vidual variability in symptom burden has a significant impact 
on patients' functional status [4–6] and quality of life [6–8]. 
However, the large number of symptoms; the complexity of 
how symptoms interact with and may synergize with one an-
other; and the large amount of interindividual variability in 
patients' symptom experiences pose significant clinical chal-
lenges to the identification of core symptoms to prioritize for 
treatment [9]. Traditional methods that analyze the occur-
rence, severity and/or distress of individual symptoms do not 
capture the complexity and heterogeneity of cancer patients' 
symptom experiences.

Network analysis (NA) has emerged as a computational para-
digm to model and understand the interconnectedness among 
symptoms [10]. Rather than considering symptoms as isolated 
indicators, this graph-theory-based approach hypothesizes 
that causal relationships exist between symptoms. NA ascribes 
roles to the symptoms based on their position in the network 
model; the strength of their connections to other symptoms; 
and the overall degree of connectivity of the network model 
[11]. These roles determine how impactful external stressors 
are in activating the collection of symptoms and how persistent 
the activation is when external stressors are removed. While 
this approach was originally developed in the context of psy-
chopathology and has been extensively used to understand the 
relationships between symptoms in psychiatric disorders [11], 
it is more recently being used to evaluate symptoms associated 
with cancer and its treatments. For example, NA determined 
that the relationships between co-occurring symptoms in can-
cer patients depended on time point in the chemotherapy cycle 
and type of cancer [12]. In addition, NA identified fatigue's 
pivotal role in driving overall symptom burden across multiple 
cancer types [13]; depression's centrality in the experience of 
patients with head and neck cancer undergoing radiotherapy 
[14]; and four core dimensions of the symptom experience of pa-
tients with primary brain tumors [15]. In a recent study [16], NA 
was used to identify core symptoms in older adults with can-
cer. Vomiting, fatigue, and sadness were the important symp-
toms in the network. In addition, the networks differed among 
patients with different comorbidities. These types of NA have 
the potential to address interindividual variability in patients' 
symptom experiences and provide more personalized and pre-
cise symptom management interventions.

A major limitation of NA, that is not well described, is that it is 
not intended to capture heterogeneity within a patient cohort. 
NA was pioneered in the field of psychopathology, based on 
the assumption that mental disorders can be conceptualized 
as causal systems of mutually reinforcing symptoms [11]. In 
other words, the collection of symptoms is the condition and 
NA aims to uncover its underlying mechanism(s). This as-
sumption does not necessarily hold when applied to an evalua-
tion of cancer symptoms because the type of cancer, treatment 

status, multimorbidity, social determinants of health, and 
other factors impact symptom dynamics and impose heteroge-
neity that a single symptom network cannot capture.

Although some studies have stratified patient cohorts based on 
cancer type, treatment status, or survivorship status [12–14, 17–
21] and conducted NA separately, a large amount of heterogeneity 
remains within various subgroups that NA alone cannot capture. 
To address this limitation, we combine NA with a generalization 
of the second-order unsupervised clustering method proposed by 
Henry and colleagues [22]. While traditional first-order clustering 
methods, such as hierarchical clustering and latent class analy-
sis [23], cluster patients based on direct symptom measurements, 
second-order clustering groups patients based on their symptom 
co-severity or co-occurrence network dynamics. As a result, 
while traditional analyses group patients largely based on low 
and high symptom burden [24], second-order clustering groups 
patients based on their unique symptom patterns [15].

Recently, we applied this combination of NA and second-order 
unsupervised clustering to analyze the symptom experience 
of 1128 primary brain tumor patients. Of note, patient sub-
groups with distinct symptom patterns and clinical charac-
teristics were identified [15]. Here, we expand the application 
of this novel method to symptom severity data obtained from 
3088 cancer patients with heterogeneous types of cancer, to 
unbiasedly characterize the heterogeneity of their symptom 
experience and elucidate their symptom patterns and drivers 
of symptom burden.

2   |   Materials and Methods

2.1   |   Patients and Settings

This secondary analysis used cross-sectional data from 3088 
cancer patients who participated in one of three studies 
(i.e., Chemotherapy-Induced Peripheral Neuropathy (CIPN) 
study [25], Symptom Clusters Study [26, 27], COVID-19 study 
[28, 29]), whose details were described previously and are sum-
marized below.

2.1.1   |   CIPN Study

Patients (n = 615) were recruited from throughout the San 
Francisco Bay area. Patients completed questionnaires in their 
homes prior to an in-person study visit. During the study visit, 
a research nurse obtained written informed consent, reviewed 
the study questionnaires for completeness, and performed the 
objective measures of CIPN and balance. This study was ap-
proved by the Committee on Human Research at the University 
of California, San Francisco (UCSF).

2.1.2   |   Symptom Clusters Study

This longitudinal study was designed to evaluate the symptom 
experience of oncology patients (n = 1329) over 2 cycles of che-
motherapy. Patients were approached in the infusion unit prior 
to the first or second cycle of chemotherapy. Patients who were 
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willing to participate provided written informed consent. Data 
from the enrollment assessment (i.e., the week prior to the sec-
ond or third cycle of chemotherapy) were used in the current 
analysis. This study was approved by the Committee on Human 
Research at UCSF and by the Institutional Review Board (IRB) 
at each of the study sites.

2.1.3   |   COVID-19 Pandemic Study

Over the course of the COVID-19 pandemic lockdowns, oncology 
patients (n = 1142) were recruited from a registry of individuals 
who participated in previous symptom management studies; 
from electronic health record searches; and from the Dr. Susan 
Love Foundation for Breast Cancer Research. Patients received 
an email with a brief explanation of the study and a link that di-
rected them to the study's enrollment page. This study was ex-
empt from requiring written informed consent by the Committee 
on Human Research at UCSF and IRB at each of the other sites.

2.2   |   Materials

Patients completed a demographic questionnaire, the Karnofsky 
Performance Status (KPS) scale [30], and the Self-Administered 
Comorbidity Questionnaire [31]. For the CIPN and Symptom 
Clusters studies, medical records were reviewed for disease and 
treatment information. For the COVID-19 study, patients re-
ported their clinical information (Table 1).

Patients completed the Memorial Symptom Assessment Scale 
(MSAS) [32] that evaluated the occurrence, frequency, sever-
ity, and distress of 32 symptoms experienced in the past week. 
Severity scores that ranged from 0 to 4 (i.e., 0 = did not report 
the symptom, 1 = slight, 2 = moderate, 3 = severe, 4 = very se-
vere) were used in the current analyses. The MSAS has well-
established validity and reliability [33, 34].

In addition, they completed the Multidimensional Quality of 
Life Scale-Patient Version (MQOLS-PV) that assesses four do-
mains of QOL (i.e., physical, psychological, social, and spir-
itual well-being) and overall QOL. Subscale and total scores 
range from 0 to 10 with higher scores indicating better QOL 
[35]. The MQOLS-PV has well-established validity and reli-
ability [36–39].

2.3   |   Network Analysis

MSAS symptom severity data were used to construct Gaussian 
Graphical Model (GGM) networks. In a GGM symptom net-
work, the nodes of the network (circles) represent symptoms; 
the edges (lines) represent the existence of conditionally depen-
dent relationships between the severity of the symptoms; and 
the weights of the edges (line thickness) represent their degree of 
association after controlling for the contribution of the remain-
ing symptoms [40, 41].

The optimal number of symptoms to include in networks was 
determined using unique variable analysis (UVA), which as-
sesses the topological overlap of variables to identify potentially 

redundant pairs. Then, these redundant pairs were consolidated 
into a single underlying variable using the maximum likelihood 
with robust standard errors estimator [42].

Following redundant variable consolidation, GGMs were con-
structed [43, 44]. All variables were assumed to be continuous 
and were determined to be non-normally distributed using the 
Shapiro–Wilk normality test (Figure  S1B). As recommended, 
nonparanormal transformation was applied prior to GGM con-
struction [41, 45]. GGMs were regularized using the Graphical 
Least Absolute Shrinkage and Selection Operator based on 
Extended Bayesian Information Criterion. This step removes 
potentially spurious edges from network models and leads to 
more accurate network architectures [40, 41, 46].

Symptom clusters in each GGM were identified using the 
walk trap algorithm [47]. Symptom importance in each GGM 
was assessed by calculating network centrality measures 
(i.e., strength, betweenness, closeness). Strength is a measure 
of how well a node (symptom) is directly connected to other 
nodes (symptoms). Betweenness measures how important 
a node is in connecting other nodes (i.e., how often a symp-
tom serves as the common factor between other symptoms). 
Closeness measures how well a node (symptom) is indirectly 
connected to other nodes (symptoms) [40]. These centrality 
measures suggest which symptoms play a key role in activat-
ing or exacerbating other symptoms and contribute the most 
to overall symptom burden. In addition, bridge centrality 
measures were calculated [48]. Bridge centrality measures are 
calculated between nodes in different clusters. They provide 
insights into which symptoms are responsible for the connec-
tions between different symptom clusters [49]. Network ac-
curacy and stability were assessed using permutation-based 
statistical tests [40, 50].

2.4   |   Unsupervised Patient Clustering

Patients were divided into subgroups using unsupervised clus-
tering on co-severity of symptoms. This type of clustering 
generalizes the concordance network clustering approach de-
scribed by Henry and colleagues [22]. It uses continuous symp-
tom co-severity data to identify communities of patients based 
on shared co-severity patterns. Briefly, for each patient with 
reported symptom severity vector X, it calculates a concor-
dance matrix XXT/100 that represents the co-severity of symp-
toms for that patient. For each pair of patients, the similarity 
between their concordance matrices is then calculated using 
the Adjusted Rand Index (ARI) [51] between the two matrices. 
This generates a similarity matrix which is then passed into the 
walktrap community detection algorithm from the R-package 
igraph  [52] (using default parameters) to identify patient com-
munities. Additional details on the NA steps and unsupervised 
clustering were described previously [15].

2.5   |   Demographic and Clinical Characteristic 
Comparisons

Multinomial logistic regression was used to assess demographic 
and clinical characteristics of subgroup membership. Patient 
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community 1 (PC1) was used as the reference group because it 
was the most demographically similar to the entire patient co-
hort (Table 1) Models were constructed with cancer diagnosis, 
age, sex, current treatment status, ethnicity, income, and KPS 
scores as covariates. Odds-ratios and p values with Bonferroni 
correction were calculated to assess the individual covariates' 
impact on subgroup membership. The R package nnet was used 
for these analyses [53].

3   |   Results

3.1   |   Patient Sample

Of the 3088 cancer patients (Table 1), most were female (80.8%), 
non-Hispanic White (76.9%), and currently on treatment (64.9%). 
Breast cancer was the most common diagnosis (53.4%), followed 
by gastrointestinal (14.6%), gynecological (8.3%), and lung (5.3%) 
cancer. The mean and median ages of patients across all studies 
were 59.7 and 60.9 years, respectively. Mean and median KPS 
scores were 85.3 and 90, respectively.

3.2   |   Symptom Prevalence and Severity 
and QOL Scores

A total of 3019 patients (97.8%) reported having at least one 
symptom and 1687 patients (54.6%) reported having at least one 
symptom that was severe or very severe (severity ≥ 3). In the 
sample, 23.3% reported between 1 and 5 concurrent symptoms, 
34.1% reported between 6 and 10, 41.9% reported between 10 and 

20, and 6.5% reported over 20 concurrent symptoms. Across all 
of the patients, lack of energy was the most severe symptom, fol-
lowed by difficulty sleeping, pain, numbness/tingling in hands 
and feet, worrying, feeling drowsy, difficulty concentrating, and 
problems with sexual interest or activity (Figure 1). Potential re-
dundancy between the 32 symptoms was assessed (i.e., whether 
any pair of symptoms likely measured the same underlying con-
struct) by evaluating their interdependence overlap, conceptual 
redundancy, and outlying occurrence frequency effects. The 
symptom pair of nausea and vomiting met the criteria for redun-
dancy (Figure S1A, and Figure 1) and was subsequently consoli-
dated into a single latent variable, whose severity was computed 
as a mixture of the severity of the two individual symptoms. 
Therefore, in the NA, 31 symptoms were analyzed (30 original 
and 1 consolidated pair).

Across the entire cohort, the mean total QOL score was 6.0 (me-
dian = 6.1, range = 0.8–10). Mean subscale scores were as fol-
lows: physical well-being of 7.2 (median = 7.4, range = 0.3–10), 
psychological well-being of 5.6 (median = 5.7, range = 0.3–10), 
social well-being of 6.2 (median = 6.4, range = 0–10), and spiri-
tual well-being of 5.2 (median = 5.1, range = 0–10; Table 1).

3.3   |   Symptom Clusters

A regularized GGM network model was constructed using the 
31-symptom severity scores for the entire sample (Figure 2A). 
Permutation-based statistical tests verified the accuracy and sta-
bility of the network edge weights. The symptom organization 
in the network was assessed for the presence of physical and 

FIGURE 1    |    Severity of the 32 MSAS symptoms across all 3088 cancer patients and survivors: (A) Symptom severity distributions. (B) Percentage 
of patients reporting mild-very severe symptoms (severity ≥ 1) and (C) severe-very severe symptoms (severity ≥ 3).
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psychological clusters or dimensions that explained the symp-
tom experience. Three distinct symptom clusters were identified 
and labeled as constitutional, gastrointestinal-epithelial, and 
psychological (Figure 2A).

Permutation-based testing was used to evaluate the stability of 
the symptom clusters by repeating the symptom cluster discov-
ery procedure for random resampling of the original dataset and 
calculating how often each symptom occurred in the same clus-
ter. Exactly three clusters were identified in 74.1% of the 10,000 

randomly sampled permutations. The gastrointestinal-epithelial 
and psychological clusters were highly stable, as each individual 
symptom was found in the same cluster in over 85% of permu-
tations (Figure  2B). The entire gastrointestinal-epithelial and 
psychological clusters were replicated exactly in 87% and 86% 
of permutations, respectively. In contrast, the constitutional 
symptom cluster was not stable, as many individual symptoms 
in this cluster had low stability (Figure 2B) and the entire cluster 
was replicated exactly in only 8.6% of permutations. These re-
sults suggest that the constitutional symptom cluster serves as a 

FIGURE 2    |    In the network for all patients and survivors, symptoms cluster into three groups: (A) A regularized Gaussian Graphical Model 
(GGM) was generated from the symptom severity data from all of the patients. Nodes represent symptoms. Edges represent the partial correlation 
between the symptom severities. Edge thickness is proportional to the strength of the correlation. Lack of edges between symptoms indicates that the 
regularization procedure deemed their correlations too weak to represent. All correlations were positive. Three symptom clusters were identified: 
Constitutional (red), gastrointestinal-epithelial (green), and psychological (blue). (B) Symptom stability was assessed by reconstructing the network 
for random permutations of the dataset and calculating the proportion of times each symptom occurred in the symptom cluster shown in part A. 
(C) Z-scored strength, closeness, and betweenness centrality for all symptoms in the network, ordered from highest to lowest according to strength 
centrality. (D) Z-scored bridge strength, closeness, and betweenness for each symptom in the network, ordered from highest to lowest according to 
bridge strength centrality.
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“catch-all” for generalized symptoms of cancer that do not group 
into the more well-defined gastrointestinal-epithelial or psycho-
logical symptom clusters.

3.4   |   Symptom Centralities

The high degree of connectivity in the network (i.e., 465 total 
connections with nonzero weights and 115 of these connec-
tions were deemed significant by permutation-based testing 
at 95% confidence) suggests that activation of the symptom 
experience can be rapid and sustainable. To determine which 
symptoms are core to this activation and may have the most 
impact on deactivation of overall symptom burden when 
targeted, we calculated the symptom centrality measures of 
strength, closeness, and betweenness for each symptom and 
verified their stability using permutation-based statistical 
tests. Of note, lack of energy had the highest strength, close-
ness, and betweenness centrality scores of all symptoms in the 
network (Figure 2C). This finding suggests that lack of energy 
substantially contributes to the severity of other symptoms 
and may drive many of the co-severity relationships in the 
network. Other symptoms that had high values across all cen-
trality measures (z-score > 0 in all three measures) included: 
change in the way food tastes, nausea/vomiting, lack of ap-
petite, difficulty concentrating, feeling that “I don't look like 
myself,” and hair loss (Figure 2C).

Next, we assessed which symptoms may provide activation links 
between the three symptom clusters and may precede or exac-
erbate the severity of multiple symptoms, by calculating bridge 
centralities and verifying their stability with permutation-based 
statistical tests. Lack of energy, feeling that “I don't look like 
myself,” and difficulty concentrating had the highest bridge 
strength, bridge closeness, and bridge betweenness (Figure 2D).

Analyzing the network connections of these three symptoms, 
the symptoms in the network most strongly connected to (and 
likely activated by) lack of energy include the constitutional 
symptoms of feeling drowsy, pain, and difficulty sleeping; the 
gastrointestinal-epithelial symptoms of nausea/vomiting and 
lack of appetite; and the psychological symptom of difficulty 
concentrating. The symptoms most strongly connected to feel-
ing that “I don't look like myself” include the constitutional 
symptoms of feeling bloated and swelling of arms/legs; the 
gastrointestinal-epithelial symptoms of changes in skin and 
hair loss; and the psychological symptoms of feeling sad, worry-
ing, and decreased sexual interest. The symptoms most strongly 
connected to difficulty concentrating include the constitutional 
symptoms of lack of energy, difficulty sleeping, sweats, and feel-
ing drowsy; and the psychological symptoms of feeling sad, feel-
ing nervous, and feeling irritable (Figure 2A).

3.5   |   Patient Subgroups

The all-patient sample analysis provides important insights 
into symptom clusters and dominant interaction patterns that 
occur across the entire sample of patients with heterogeneous 
types of cancer and who are at various points in their cancer 
trajectory. However, this type of analysis is likely to overshadow 

more nuanced symptom experiences of specific subgroups of 
patients. To assess and capture potential heterogeneity in pa-
tients' symptom experiences, we assessed the (dis)similarity of 
the symptom experience and sought to unbiasedly cluster pa-
tients based on shared symptom co-severity patterns using ran-
dom walk-based unsupervised clustering. This assessment led 
to the identification of six patient subgroups or communities, 
referred to as PC1 (n = 851), PC2 (n = 639), PC3 (n = 198), PC4 
(n = 232), PC5 (n = 995), and PC6 (n = 171) (Figure  3A). These 
clusters remained consistent across 11 separate runs of unsu-
pervised clustering using different random walk starting posi-
tions. GGMs and network centrality measures were calculated 
for each subgroup (Figures S2 and S3), except for PC6. Because 
this subgroup had a minimal symptom burden (Figure 3A,G), 
the network was sparse and unstable. In addition, we compared 
the demographic and clinical characteristics of the subgroups 
(Table 1) and performed multinomial logistic regression to de-
termine the characteristics that most strongly predicted sub-
group membership (Table 2).

Because PC1 was demographically and clinically most represen-
tative of the entire cohort (Table 1), it was used as the reference 
group in multinomial logistic regression (Table 2). However, un-
like in the network for the entire cohort, only a handful of symp-
toms (i.e., lack of energy, pain, numbness and tingling, difficulty 
sleeping, and drowsiness) were disproportionally represented in 
PC1 (Figure 3B). This subgroup appears to represent a cohort of 
cancer patients who are most affected by common constitutional 
symptoms of cancer but do not experience the gastrointestinal-
epithelial and psychological symptom clusters, or the more 
unique symptom patterns of some of the other subgroups. The 
symptoms with the highest centrality in PC1 (i.e., the most im-
portant to target in this subgroup) include lack of energy, pain, 
numbness and tingling, and lack of appetite (Figure S3A).

Multinomial logistic regression revealed that age, treatment 
status, and KPS score were the strongest determinants of PC2 
membership (Table 2). PC2 was the youngest of the subgroups, 
had the most patients currently on treatment (92%), and had the 
lowest KPS scores. In addition, these patients had the lowest 
total, physical, psychological, and social QOL scores (Table 1). 
Patients in this subgroup had a very high symptom burden 
across all symptoms (Figure  3A,B) and their symptoms clus-
tered into three groups: (1) constitutional, (2) psychological/
changes in daily function, and (3) epithelial/changes in appear-
ance (Figure  S2B). Analyzing the centrality measurements, 
particularly important symptoms included: pain, lack of en-
ergy, multiple psychological symptoms (i.e., feeling worried, 
feeling irritable, difficulty concentrating), and lack of appetite 
(Figure S3B).

High KPS score was the strongest determinant of PC3 mem-
bership (Table 2). In addition, this group tended to be further 
out from their initial cancer diagnosis and less likely to be cur-
rently on treatment (42%) (Table 1). On average, these patients 
had low symptom severity scores except for numbness and pain 
(Figure 3D). The low symptom severity scores for this subgroup 
led to a sparse network (Figure S2C) which suggests that activa-
tion of individual symptoms is unlikely to lead to activation or 
exacerbation of other symptoms and that targeting of any severe 
individual symptoms is similarly effective. PC3 may represent 
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A

B C D

E F G PC6

PC1 PC2 PC3

PC4 PC5

FIGURE 3    |    Second-order unsupervised clustering identifies six patient subgroups with unique symptom severity patterns: (A) Heatmap of symptom 
severities for each patient subgroup. Symptoms are ordered based on the symptom clusters identified in Figure 2. (B–G) Average severity of each 
symptom in each patient subgroup (blue = average symptom severity for subgroup, red = average symptom severity for all patients). 95% confidence 
intervals are shown for each symptom.



11 of 15

T
A

B
L

E
 2

    
|    

M
ul

tin
om

ia
l 

lo
gi

st
ic

 r
eg

re
ss

io
n 

id
en

tif
ie

s 
ag

e,
 t

re
at

m
en

t 
st

at
us

, a
nd

 K
ar

no
fs

ky
 P

er
fo

rm
an

ce
 S

ta
tu

s 
(K

PS
) 

sc
or

e 
as

 t
he

 m
os

t 
si

gn
ifi

ca
nt

 d
et

er
m

in
an

ts
 o

f 
pa

tie
nt

 s
ub

gr
ou

p 
m

em
be

rs
hi

p:
 

M
ul

tin
om

ia
l l

og
is

tic
 re

gr
es

si
on

 w
as

 p
er

fo
rm

ed
 u

si
ng

 c
om

m
un

ity
 1

 a
s t

he
 re

fe
re

nc
e 

gr
ou

p 
an

d 
co

m
pa

ri
ng

 th
e 

va
ri

ab
le

s o
f d

ia
gn

os
is

, a
ge

, s
ex

, t
re

at
m

en
t s

ta
tu

s,
 e

th
ni

ci
ty

, i
nc

om
e,

 a
nd

 K
PS

 sc
or

e.

C
ha

ra
ct

er
is

ti
cs

P
C

1 
(n

 =
 85

1)
P

C
2 

(n
 =

 63
9)

P
C

3 
(n

 =
 19

8)
P

C
4 

(n
 =

 23
2)

P
C

5 
(n

 =
 99

5)
P

C
6 

(n
 =

 17
1)

O
R

p
O

R
p

O
R

p
O

R
p

O
R

p
O

R
p

D
ia

gn
os

is

Br
ea

st
1

—
1

—
1

—
1

—
1

—
1

—

G
I

1
—

1.
93

0.
06

7
1.

26
1.

0
2.

32
0.

12
7

0.
75

1.
0

2.
79

0.
12

6

G
yn

1
—

1.
56

1.
0

0.
77

1.
0

1.
62

1.
0

0.
80

1.
0

0.
97

1.
0

Lu
ng

1
—

1.
51

1.
0

0.
57

1.
0

2.
34

0.
58

9
1.

04
1.

0
0.

74
1.

0

O
th

er
/m

ul
tip

le
1

—
0.

52
0.

80
4

1.
67

1.
0

0.
63

1.
0

0.
95

1.
0

1.
34

1.
0

A
ge

1
—

0.
98

0.
00

1
1.

02
1.

0
1.

0
1.

0
0.

96
<

0.
00

1
1.

01
1.

0

Se
x Fe

m
al

e
1

—
1

—
1

—
1

—
1

—
1

—
1

M
al

e
1

—
0.

72
1.

0
1.

22
1.

0
1.

28
1.

0
0.

72
1.

0
1.

01
1.

0
1

C
ur

re
nt

ly
 o

n 
tr

ea
tm

en
t

N
o

1
—

1
—

1
—

1
—

1
—

1
—

1

Ye
s

1
—

4.
18

<
 0.

00
1

0.
64

1.
0

3.
33

<
 0.

00
1

0.
64

0.
01

4
0.

81
1.

0
1

Et
hn

ic
ity

W
hi

te
1

—
1

—
1

—
1

—
1

—
1

—
1

A
si

an
 o

r 
Pa

ci
fic

 
Is

la
nd

er

1
—

1.
17

1.
0

1.
15

1.
0

2.
93

0.
00

2
0.

48
0.

09
7

1.
48

1.
0

1

Bl
ac

k
1

—
1.

51
1.

0
2.

68
0.

69
3

2.
44

0.
78

3
0.

99
8

1.
0

3.
71

0.
08

1

H
is

pa
ni

c,
 

m
ix

ed
, o

r 
ot

he
r

1
—

1.
54

1.
0

1.
12

1.
0

1.
66

1.
0

0.
82

1.
0

2.
07

1.
0

1

In
co

m
e

>
 $1

00
,0

00
1

—
1

—
1

—
1

—
1

—
1

—
1

<
 $1

00
,0

00
1

—
1.

09
1.

0
0.

63
0.

63
1

1.
32

1.
0

0.
97

1.
0

1.
15

1.
0

1

K
PS

 sc
or

e
1

—
0.

96
<

 0.
00

1
1.

03
0.

02
6

1.
0

1.
0

1.
01

1.
0

1.
14

<
 0.

00
1

N
ot

e:
 B

on
fe

rr
on

i m
ul

tip
le

 c
om

pa
ri

so
n 

co
rr

ec
tio

n 
w

as
 p

er
fo

rm
ed

 a
nd

 p
os

tc
or

re
ct

io
n 

si
gn

if
ic

an
t o

dd
s r

at
io

s (
O

R)
 a

nd
 p

 v
al

ue
s (

p <
 0.

05
) a

re
 in

 b
ol

d.
 C

om
pa

re
d 

to
 a

 n
ul

l m
od

el
 (i

.e
., 

an
 in

te
rc

ep
t-o

nl
y 

m
od

el
 w

ith
 n

o 
pr

ed
ic

to
rs

), 
th

is
 

m
od

el
 h

ad
 a

 lo
w

er
 A

IC
 (7

16
8 

vs
. 8

06
5)

, a
 h

ig
he

r C
ra

gg
 &

 U
hl

er
's 

ps
eu

do
 R

-s
qu

ar
ed

 (0
.3

42
 v

s.
 0

), 
an

d 
a 

lo
g 

lik
el

ih
oo

d 
ra

tio
 te

st
 c

hi
-s

qu
ar

ed
 v

al
ue

 o
f 1

01
7 

(p
 <

 0.
00

00
1)

.



12 of 15 Cancer Medicine, 2024

patients who have a good prognosis or are recovered but con-
tinue to experience significant neuropathy.

Treatment status and ethnicity were the strongest determinants 
of PC4 membership (Table 2), as this group was more likely to 
be on treatment (90%) and was disproportionately Asian/Pacific 
Islander (18.1% compared to 8.0% across the entire cohort) 
(Table  1). This group had a high burden of treatment-related 
symptoms such as hair loss, dry mouth, constipation, change in 
the way food tastes, and lack of appetite. However, compared to 
the mean severity scores across the entire sample, these patients 
had a much lower severity of psychological symptoms, less pain, 
less difficulty sleeping, and less drowsiness (Figure 3E). Their 
total, physical, psychological, social, and spiritual QOL scores 
were higher than average, despite having lower than average 
KPS scores and being most likely to have metastatic sites among 
all the groups (Table 1). The symptoms with the highest central-
ities in PC4 included lack of energy, dizziness, lack of appetite, 
and change in the way food tastes (Figure S3D).

Younger age and treatment status were the strongest determi-
nants of PC5 membership (Table 2). This group was less likely 
to be currently on treatment (53%) and was mostly composed of 
female (87%) breast cancer patients (63%) (Table 1). Patients in 
PC5 experienced a disproportionately high burden of psycholog-
ical symptoms compared to the overall sample (Figure 3F). They 
had lower than average total, psychological, social, and spiritual 
QOL scores, but average physical QOL and higher than average 
KPS scores (Table 1). This group may represent younger patients 
who may respond well to treatment but for whom the psycholog-
ical burden of cancer is especially difficult. The symptoms with 
the highest centralities in PC5 included lack of energy, feeling 
sad, and feeling that “I don't look like myself” (Figure S3E).

The strongest determinant of PC6 membership was high KPS 
scores (Table 2), as patients in PC6 had the highest KPS scores 
out of all the subgroups (Table 1). This group experienced very 
low symptom burden across all symptoms (Figure  3G), was 
further out from diagnosis than average, was less likely to be 
currently on treatment (48%), was least likely to have metastatic 
sites, and had the highest QOL scores across all categories. A 
network could not be constructed for PC6 due to the sparsity of 
the co-severity relationships.

4   |   Discussion

Combining network analysis with unbiased stratification of pa-
tients' experiences can capture complex symptom relationships 
across large patient samples and characterize the heterogeneity 
within a patient population. Our study of the symptom experi-
ence of 3088 cancer patients identified three symptom clusters at 
the overall sample level, namely: constitutional, gastrointestinal-
epithelial, and psychological. These clusters are consistent with 
previous studies that used exploratory factor analysis (EFA) to 
identify symptom clusters in oncology patients [1, 54]. However, 
EFA groups symptoms into clusters without detailing the rela-
tionships between and among individual symptoms. In contrast, 
NA adds details on symptom relationships within and across 
clusters. The consistency of NA with EFA and the added infor-
mation provided by NA argue that NA may replace EFA as the 

standard analytic approach for symptom cluster research [10]. 
However, given that the findings from this study warrant repli-
cation, this suggestion requires empiric testing.

Of particular clinical relevance is the ability of NA to prioritize 
symptoms for management based on how central to the experi-
ence they are predicted to be. Of all of the symptoms, lack of en-
ergy had the highest centrality measures. This finding suggests 
that it plays a crucial role in driving overall symptom burden 
across the entire sample and may be the most important symp-
tom to target clinically. This finding is consistent with other 
studies that found fatigue to be a central symptom in networks 
across various cancer types [13–15, 17, 55]. Bridge centrality 
analysis revealed that lack of energy is particularly important 
in bridging the constitutional symptoms of feeling drowsy, pain, 
and difficulty sleeping; the gastrointestinal-epithelial symptoms 
of nausea/vomiting and lack of appetite; and the psychological 
symptom of difficulty concentrating. Although causal relations 
cannot be inferred from this type of NA, these findings suggest 
that the management of lack of energy, using exercise or pharma-
cological interventions [56], may decrease its severity and con-
nections between other symptoms. Other symptoms identified 
as having high centrality or bridge centrality, and thus strong 
candidates for clinical prioritization, included change in the way 
food tastes, nausea/vomiting, lack of appetite, difficulty concen-
trating, feeling that “I don't look like myself,” and hair loss.

While these findings may assist with prioritization of overall 
symptom management interventions, variability existed among 
patients in their symptom experiences. While most studies that 
use NA fail to capture patient heterogeneity, our method of com-
bining NA with unsupervised clustering based on shared symp-
tom experiences identified six patient subgroups with unique 
symptom patterns. PC1 represented a baseline cohort of cancer 
patients who are most affected by common constitutional symp-
toms of cancer and/or its treatments. PC2 represented patients 
with severe symptom burden across the board. PC3 represented 
patients primarily experiencing neuropathy. PC4 represented 
patients with advanced disease and treatment-related symptoms 
but with a relatively high QOL. PC5 represented younger patients 
for whom the psychological burden of disease was especially 
pronounced. PC6 represented patients with minimal symptom 
burden. Age, treatment status, and KPS score were the strongest 
determinants of subgroup membership but their interplay (in one 
case even with ethnicity) reaffirms the complex multi-factorial 
nature of patients' symptom experiences. For each patient sub-
group, symptoms with the highest network centralities, that 
should be prioritized for management, were identified.

Several limitations warrant consideration. First, the patient 
sample was highly heterogeneous with respect to diagnosis 
and timing of assessments across the cancer care continuum 
which limits an evaluation of the impact of these characteris-
tics on symptom patterns. Second, the lack of information on 
medications did not allow for an examination of their poten-
tial effects on the symptom networks. Third, given that 80% 
of the sample was female, additional research is warranted on 
male patients with cancer. Fourth, the cross-sectional design 
of the study precluded analysis of changes in symptom net-
works over time and whether these changes can be predicted 
or prevented.
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Future directions for the use of our analytic approach include 
analyzing data from the same patients at different times over 
the course of their disease to understand if and how patients 
move between subgroups and which demographic and clini-
cal characteristics predict this transition. Understanding why 
a patient who was doing well symptomatically deteriorated 
over time (such as moving from PC4 to PC2) may help iden-
tify targeted interventions to prevent this transition and vice 
versa. Moreover, the mechanisms that underlie subgroup mem-
bership warrant further investigation. Potential future studies 
include pairing symptom network analysis techniques with 
detailed data about patient biomarkers, tumor molecular sub-
types, genetic sequencing, or co-morbid conditions. Finally, 
our methods have the potential to be adapted for clinical use. 
For example, patient-reported outcomes measures and demo-
graphic and clinical information could be used to automatically 
classify new patients into one of the six subgroups described in 
this paper. This categorization could assist clinicians to antic-
ipate the need for and implement tailored symptom manage-
ment interventions.

5   |   Conclusion

Using a combination of NA and second-order unsupervised clus-
tering on 3088 cancer patients, we found that cancer symptoms 
were grouped into three main symptom clusters (i.e., constitu-
tional, gastrointestinal-epithelial, psychological). In addition, 
lack of energy had the highest centrality of all of the symptoms. 
Moreover, we identified six patient subgroups with distinct 
symptom patterns, demographic characteristics, and symptom 
centralities, that suggest that different symptoms should be pri-
oritized for treatment in each subgroup. These analyses demon-
strate a framework for capturing patient heterogeneity while 
characterizing symptom network relationships in-depth and 
overcoming limitations with current NA applications.
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