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Abstract

Background: Skeletal muscle and BMI are essential prognostic factors for survival in colorectal cancer (CRC). However, there
isalack of understanding due to scarce studies on the continuous aspects of these variables.

Objective: Thisstudy aimed to evaluate the prognostic impact of theinitia status and trajectories of muscle and BMI on overall
survival (OS) and assess whether these 4 profiles within 1 year can represent the profiles 6 years later.

Methods: We analyzed 4056 newly diagnosed patients with CRC between 2010 to 2020. The volume of the muscle with 5-mm
thickness at the third lumbar spine level was measured using a pretrained deep learning algorithm. The skeletal muscle volume
index (SMVI) was defined as the muscle volume divided by the square of the height. The correlation between BMI status at the
first, third, and sixth years of diagnosis was analyzed and assessed similarly for muscle profiles. Prognostic significances of
baseline BMI and SMVI and their 1-year trajectories for OS were evaluated by restricted cubic spline analysis and survival
analysis. Patients were categorized based on these 4 dimensions, and prognostic risks were predicted and demonstrated using
heat maps.

Results. Tragjectories of SMVI were categorized as decreased (812/4056, 20%), steady (2014/4056, 49.7%), or increased
(1230/4056, 30.3%). Similarly, BMI trajectories were categorized as decreased (792/4056, 19.5%), steady (2253/4056, 55.5%),
or increased (1011/4056, 24.9%). BMI and SMV | valuesin thefirst year after diagnosis showed astatistically significant correlation
with thosein the third and sixth years (P<.001). Restricted cubic spline analysis showed anonlinear relationship between baseline
BMI and SMVI changeratio and OS; BMI, in particular, showed a U-shaped correlation. According to survival analysis, increased
BMI (hazard ratio [HR] 0.83; P=.02), high baseline SMV1 (HR 0.82; P=.04), and obesity stage 1 (HR 0.80; P=.02) showed a
favorableimpact, whereas decreased SMV | trgjectory (HR 1.31; P=.001), decreased BMI (HR 1.23; P=.02), and initial underweight
(HR 1.38; P=.02) or obesity stages 2-3 (HR 1.79; P=.01) were negative prognostic factors for OS. Considered simultaneously,

BMI >30 kg/m? with alow SMVI at the time of diagnosis resulted in the highest mortality risk. We observed improved survival
in patients with increased muscle mass without BMI loss compared to those with steady muscle mass and BMI.

Conclusions: Profileswithin 1 year of both BMI and muscle were surrogate indicatorsfor predicting thelater profiles. Continuous
trajectories of body and muscle mass are independent prognostic factors of patients with CRC. An automatic algorithm provides

https://publichealth.jmir.org/2023/1/e43409 JMIR Public Health Surveill 2023 | vol. 9 | 43409 | p. 1
(page number not for citation purposes)


mailto:yurangpark@yuhs.ac
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR PUBLIC HEALTH AND SURVEILLANCE

Seo et a

a unique opportunity to conduct longitudinal evaluations of body compositions. Further studies to understand the complicated
natural courses of muscularity and adiposity are necessary for clinical application.

(JMIR Public Health Surveill 2023;9:43409) doi: 10.2196/43409
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Introduction

Colorectal cancer (CRC) is the third most common cancer,
accounting for approximately 10% of newly diagnosed cancers
and cancer-related mortality worldwide [1]. Epidemiologic
studies indicate that increasing age and resource-rich countries
are associated with CRC development [2]. Modifiable lifestyle
factors such as smoking, alcohol intake, physical activity, and
obesity possibly impact CRC development [3,4].

Given the rapid global increase in obesity in recent years,
understanding the effects of obesity on cancer outcomes is
important [5,6]. Previous studies suggest that increased BMI is
associated with poor prognosis and resistance to anticancer
treatment [7-9]. Patients with stage Il or |11 disease with high
BMI at the time of diagnosis had decreased overall survival
(OS) and disease-free survival [10]. Moreover, studies have
described a relationship between muscle and CRC prognosis,
suggesting that low muscle mass (ie, sarcopenia) isaprognostic
factor for poor survival, increased postoperative complications,
and decreased treatment response [11,12]. Despite the
well-established prognostic impact of baseline profiles of obesity
and muscle mass, personalized risk assessments or intervention
decisions regarding these body compositions are limited in
clinical practice.

Previously, skeletal muscle was manually measured using
computed tomography (CT) images at the level of the third
lumbar spine vertebra (L3), which includes an intense
localization procedure and inevitable operator errors in the
manual identification of the L3 vertebrae[13,14]. Recently, the
medical application of artificial intelligence (Al) using machine
and deep learning agorithms has increased, enabling the
resolution of medical problems with ease of use, robustness,
and precision [15]. Moreover, studies have demonstrated that
automated CT imaging eval uations using deep learning models
are feasible for extracting complicated body composition
parameters, and the prognostic effects of these measurements
on mortality in CRC have been confirmed [16-18]. Although
previous automated body profile evaluations have partially
fulfilled the gap for clinical application, the evaluation of
adiposity and muscularity islimited to onetime point, and thus,
not considered alternatively during various treatment or
interventions.

https://publichealth.jmir.org/2023/1/e43409

To comprehend the natural course of adiposity and muscularity
of patients with CRC, we continuously tracked skeletal muscle
and BMI profiles over 1 year and evaluated their
representativeness for longer prospective profiles. Moreover,
we evaluated the prognostic effects of thetrgjectories of changes
in skeletal muscleand BMI toidentify their longitudinal effects
on CRC prognosis and demonstrated predicted mortality risks
for each body composition trajectory, specified by initial status
and changesin BMI and muscularity. Our study highlights the
continuous characteristics of muscle and BMI in OS and
supports  the clinical  applicability of  artificial
intelligence—powered automated evaluation for CRC risk
modification and management.

Methods

Study Population and Data Callection

A total of 4056 patients with newly diagnosed CRC were
enrolled in the Yonsei Cancer Registry Database between
January 1, 2010, and September 30, 2020. Patients with
abdominal CT images and BMI information up to 1 year after
diagnosis were eligible. CT images within 1 year of diagnosis
were obtained from the medical database of Severance Hospital.
BMI was measured asthe patient’sweight in kilograms divided

by the square of the patient’s height in meters (kg/m?). Skeletal
muscle volumeindex (SMVI) outliersand SMV 1 change ratios
were detected using median absolute deviation and were
excluded. Demographic factors, such asage, sex, weight, height,
variables related to diagnosis, progression, the treatment of
CRC, and the date of death or follow-up loss, were collected.

Automated CT-Derived Skeletal Muscle M ass
M easur ement

Using the UNet architecture—based automated skeletal muscle
measurement algorithm proposed by Islam et al [19], skeletal
muscle was analyzed with a series of axial CT images. The
overall process of muscle assessment is summarized in Figure
1A. Automated CT-derived skeletal muscle mass measurement
involved three steps: (1) axial CT imageswithin 2.5 mm superior
and inferior to L3 level were detected, (2) areas of the muscle
werecalculated, and (3) L 3-level muscle volume was calcul ated.
SMV1 was defined as L3-level muscle volume divided by the

square of the patient’s height in meters (cm®m?).
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Figurel. Study design. (A) The process of skeletal muscle segmentation and patient classification according to SMVI patterns. Axia CT image series
were inputted (left). The blue area indicates the segmented muscle area and the volume of the muscle with 5-mm thickness was calculated (middie).
Patients were classified into SMV| decreased, steady, and increased groups with the SMV I change ratio (right). (B) The process of patient classification
according to 1-year BMI patterns. Lines indicate the 1-year BMI pattern of individual patients. The centers of 3 clusters by k-means clustering are
presented. The 1-year BMI trajectories of the patients are demonstrated within each BMI pattern. CT: computed tomography; DICOM: Digital Imaging
and Communicationsin Medicine; L3: third lumbar spine vertebra; SMVI: skeletal muscle volume index.
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trajectory of the 12 monthly mean BMI values within 1 year
after diagnosis. Missing monthly mean BMI was imputed
assuming alinear change of monthly BMI. Using the k-means
clustering method, patients were divided into 3 BMI pattern
groups: decreased, steady, and increased (Figure 1B).

Statistical Analysis

Patient characteristics were compared between BMI pattern
groups. The normality of variables was determined using the
guantile-quantile plot. Parametric and nonparametric continuous
variables were compared using ANOVA and Kruskal-Wallis
tests, respectively. Categorical variables were compared using
the chi-squaretest. The effect sizesfor ANOVA, Kruskal-Wallis
test, and chi-square test were individually calculated using
partial eta squared [20], eta squared [21], and Cramer V [22],
respectively. The baseline BMI group was classified according
to Asian cutoffs determined by the World Health Organization

(WHO; BMI <18.5 kg/m?, underweight; 18.5-23 kg/m?, normal
range; 23-25 kg/m?, preobese; 25-30 kg/m?, obese stage 1; and
>30 kg/m?, obese stages 2-3) [23]. The SMV| was categorized
into tertiles according to SMVI values (SMVI <18.68 cm®/m?
[lower third], low SMVI; 18.68-22.33 cm®/m? [middle third],
normal SMVI; and >22.33 cm*m? [upper third], high SMVI).

The correlation between the BMI of the first, third, and sixth
years after diagnosis was evaluated with Pearson correlation,
among patients with available BMI datafor a sufficient period.
Identical correlation analysiswas conducted with SMVI among
300 random patients with available CT images for a sufficient
period. The association of 6-year overall mortality with baseline
and change ratio of both SMVI and BMI was analyzed using
restricted cubic spline analysis. The nonlinearity was assessed
by Wald statistics. Patients’ 6-year OSwas analyzed for survival
analysis, and survival curves were plotted using the
Kaplan-Meier method and compared between SMVI pattern
groups using the log-rank test. Cox proportional hazard
regression was conducted to predict 6-year OS. Similar surviva
analyses were performed for each BMI pattern group. All
statistical analyses were conducted using JupyterLab (version
1.2.6; Project Jupyter) [24], Python (version 3.6.8; Python
Software Foundation) [25], and R (version 4.1.3; R Foundation
for Statistical Computing) [26]. Two-sided P values of <.05
were considered statistically significant.

Risk Assessment and Heat Map Generation

Three hazard ratio (HR) heat maps were designed with HRs of
the survival analysis, with the seaborn package (v.0.11.2) [27].
One heat map demonstrated the HRs of 15 baseline conditions,
defined by 5 baseline BMI and 3 baseline SMVI groups. The
other heat map demonstrated the HRs of 9 body composition
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change patterns, defined by 3 BMI patternsand 3 SMV1 pattern
groups. Another heat map demonstrated the HRs of each
baseline condition specified by the body composition change
groups.

Ethics Approval

The study design was approved by theingtitutional review board
of Severance Hospital, Seoul, South Korea (IRB 4-2020-1304).
The need for informed consent was waived by the ethics
committee, as this study used routinely collected log data
managed anonymously at al stages, including data cleaning
and dtatistical analyses. The study protocol was performed
following the guidelines of the International Conference on
Harmonization of Good Clinical Practice, the Declaration of
Helsinki, and relevant legislation for observationa studies.

Results

Study Population

The median follow-up timewas45.5 (range 12.0-129.5) months.
The median age was 61.0 (IQR 52.0-69.0) years, and 56.7%
(2299/4056) of patients were men. At thetime of diagnosis, the

average baseline BMI was 23.2 (SD 3.0) kg/m? Of the 4056
patients, 4.7% (n=192) were classified as underweight, 43.9%
(n=1780) asnormal weight, 25.1% (n=1019) as preobese, 23.9%
(n=969) as obese stage 1, and 2.4% (n=96) as obese stages 2-3.
The mean SMV| at diagnosis was 20.7 (SD 4.1) cm*/m?.

Automated CT-Derived Skeletal M uscle M ass
M easurement and Patient Classification Based on
Longitudinal BMI and SMVI Changes

Patients were classified by SMVI patterns into 3 groups:
decreased (812/4056, 20%), steady (2014/4056, 49.7%), and
increased (1230/4056, 30.3%) groups. Using the k-means
clustering method, clustering BMI patterns into 3
groups—decreased (792/4056, 19.5%), steady (2253/4056,
55.5%), and increased (1011/4056, 24.9%) groups—was the
most optimized clustering option (Figure 1B and Multimedia
Appendix 1) [28].

The basdline characteristics of each group according to BMI
patternsare summarized in Table 1. The median age at diagnosis
was61.0 (IQR 52.0-69.0), 61.0 (IQR 53.0-69.0), and 60.0 (IQR
52.0-67.5) years in the decreased, steady, and increased BMI
groups, respectively (Table 1). Baseline BMI was 24.4 (SD

3.1), 23.2 (SD 3.0), and 22.5 (SD 2.9) kg/m? in the decreased,
steady, and increased BM1 groups, respectively. Baseline SMVI
was 21.4 (SD 4.1), 20.8 (SD 4.1), and 20.0 (SD 3.8) cm*m?in
the decreased, steady, and increased BMI groups, respectively.
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Table 1. Patient characteristics according to 1-year BMI trajectory group: decreased, steady, and increased.

1-year BMI trajectory pattern group P value® Effect size?
Decreased (n=792) Steady (n=2253) Increased (n=1011)
Age (years), median (IQR) 61.0 (52.0-69.0) 61.0 (53.0-69.0) 60.0 (52.0-67.5) .01 .002
Sex, n (%) .02 044
Male 474 (59.8) 1285 (57) 540 (53.4)
Female 318(40.2) 968 (43) 471 (46.6)
Baseline, mean (SD)
BMI (kg/m?) 24.4(3.1) 23.2(3.0) 225(2.9) <.001 043
SMVIC (cm¥m?) 21.4(4.1) 20.8(4.1) 20 (3.8) <.001 013
BMI group, n (%) <.001 141
Underweight 12 (1.5) 107 (4.7) 73(7.2)
Normal 262 (33.1) 979 (43.5) 539 (53.3)
Preobese 206 (26) 604 (26.8) 209 (20.7)
Obesity stage 1 277 (35) 515 (22.9) 177 (17.5)
Obesity stages 2-3 35 (4.4) 48 (2.1) 13(1.3)
1-year SMVI trajectory pattern group, n (%) <.001 213
Decreased 311 (39.3) 398 (17.7) 103 (10.2)
Steady 356 (44.9) 1219 (54.1) 439 (43.4)
Increased 125 (15.8) 636 (28.2) 469 (46.4)
Changeratio (%), mean (SD)
BMI (kg/m?) -9.1(4.1) 0.4(2.8) 11.0 (5.4) <.001 752
SMVI (cm¥m?) -2.8(9.1) 14(7.8) 49(8.7) <.001 .088
Cancer stage, n (%) <.001 116
[ 83 (10.5) 273 (12.1) 26 (2.6)
I 118 (14.9) 462 (20.5) 172 (17)
m 320 (40.4) 924 (41) 447 (44.2)
WY, 271 (34.2) 594 (26.4) 366 (36.2)
Recurrence or metastasis, n (%) 374 (47.2) 851 (37.8) 507 (50.1) <.001 113
Death, n (%) 228 (28.8) 538 (23.9) 261 (25.8) 02 043
Follow-up duration (years), mean (SD)¢ 37 (3.3) 4.0(4.2) 3.8(3.6) <.001 .008
Treatment, n (%)
Surgery 737 (93.1) 2071 (91.9) 902 (89.2) .008 .049
CTx® 686 (86.6) 1822 (80.9) 961 (95.1) <.001 168
RTx 377 (47.6) 613 (27.2) 256 (25.3) <.001 181

8Categorical variables were compared using the chi-square test. Continuous variables were compared using ANOVA and Kruskal-Wallis tests.

PCramer V effect size: 0.1=small, 0.3=medium, and 0.5=large (for 2 subvariable comparisons) and 0.07=small, 0.21=medium, and 0.35=large (for more
than 3 subvariable comparisons). Partial eta-squared effect size: 0.01=small, 0.06=medium, and 0.14=large. Eta-squared effect size: 0.01=small,
0.06=medium, and 0.14=large.

CSMVI: skeletal muscle volume index.

%The follow-up duration of patients with afollow-up period longer than 6 years was considered as 6 years.
€CTx: chemotherapy.

'RTX: radi otherapy.
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Correlations Between First-Year and Subsequent
Profiles of Obesity and Muscle

Among the 4056 patients, BMI data were available for 3217
patients 3 years after diagnosis and for 1318 patients 6 years
after diagnosis. Among these patients, BMI in thefirst and third
years showed a statistically significant positive correlation
(P<.001), whereasthetrgjectory groupswere evenly distributed
(Figure 2A). BMI in the first year was also significantly

Seo et a

correlated with that in the sixth year with a nonspecific
distribution pattern of trajectory groups (P<.001; Figure 2B).
Among the randomly selected 300 patients for correlation
analysis between first- versus third-year SMV1, data from 278
patientswere availablefor CT analysis, and the correl ation was
found to be positive (P<.001; Figure 2C). Among the randomly
selected 300 patients for correlation analysis between first-
versus sixth-year SMVI, 269 patients were analyzed, and the
correlation was positive (P<.001; Figure 2D).

Figure2. Correlation between BMI or SMVI profiles at the first year and 3 and 6 years after diagnosis. Scatter plots of patients BMI or SMV|1 profiles
are presented, and results of trend line formula, R-square, and P value of Pearson correlation are described at the lower right in each graph. Magenta
square, cyan cross, and yellow dot indicate decreased, steady, and increased groups, respectively, for the 1-year trgjectory of BMI or SMVI. Black
dashed lines represent the trend line of each scatter plots. SMVI: skeletal muscle volume index.
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Relationship of the Baseline and Change Ratio of
Obesity and Muscle Mass With Mortality

According to restricted cubic splineanalysis, baseline BMI and
mortality risk exhibited a U-shaped relationship (P<.001; Figure
3A). The lowest mortality risk was observed among patients
with a normal BMI. Baseline SMVI exhibited an inverse
relationship with the risk of death, with an L-shaped pattern,
whereby patients with the lowest muscle mass had the highest
risk (P<.001; Figure 3B).
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Changeratios of BM| demonstrated an inverse correlation with
overall mortality (P<.001; Figure 3C), with the lowest risk
observed for an increased BMI of >20%. Patients with BMI
loss >20% had a 65% increased risk of death. Similarly, an
increasein SMVI over time was associated with improved OS
(P<.001; Figure 3D). A decrease in SMVI by 20% increased
the mortality risk by 78%, suggesting that the restoration of
body mass and muscleis critical for improving OS.

JMIR Public Health Surveill 2023 | vol. 9 | e43409 | p. 6
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR PUBLIC HEALTH AND SURVEILLANCE

Seo et a

Figure3. Therelationship of the baseline and trajectories of obesity and muscle mass with mortality using restricted cubic spline analysis. Relationship
between overall mortality and (A) baseline BMI, (B) baseline SMVI, (C) BMI change ratio, and (D) SMVI change ratio. P values of nonlinearity and
significance of the relationship are described on top of each graph. Red lines represent restricted cubic spline curves, and black dashed lines represent
95% Cls. The reference is the median of each variable. Adjusted variables were age at diagnosis (above or below 65 years); sex; stage; primary cancer
location (colon or rectum); histology (adenocarcinomaor others); recurrence or metastasis; the administration of surgery, chemotherapy, or radiotherapy;
baseline BMI (underweight, normal, preobese, obesity stage 1, or obesity stages 2-3); baseline SMVI (low, normal, or high); and patterns of BMI and
SMVI (decreased, steady, or increased). Baseline BMI, baseline SMV |1, BMI pattern, and SMV | pattern were excluded from an adjustment in the analysis
against baseline BMI, baseline SMV1, BMI change ratio, and SMVI change ratio, respectively. SMVI: skeletal muscle volume index.
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BMI and SMVI as Prognostic Factorsfor Patient
Outcomesin Multivariate Analysis

The trgjectory of the decreased SMVI group was associated
with shorter OS (6-year OS rate: 63.4% in decreased SMV|1 vs
72.4% in steady SMV1 vs 69.6% in increased SMVI; P<.001).
Multivariate analysis indicated that obesity stage 1 (HR 0.80,
95% CI 0.66-0.97; P=.02), high baseline SMV1 (HR 0.82, 95%
Cl 0.68-0.99; P=.04), and increased BMI (HR 0.83, 95% ClI
0.71-0.97; P=.02) were favorable prognostic factors for OS.
Negative prognostic factors included being underweight (HR
1.38, 95% CI 1.06-1.80; P=.02), obesity stages 2-3 (HR 1.79,
95% Cl 1.16-2.76; P=.008), decreased BMI (HR 1.23, 95% ClI
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1.04-1.45; P=.02), and decreased SMVI (HR 1.31, 95% CI
1.11-1.54; P=.001), consistent with the restricted cubic spline
analysis (Figure 4A and Multimedia Appendix 2).

Based on the trgjectories of BMI changes affecting OS, we
performed a subgroup analysis according to 3 BMI trajectories
(Figure 4B-D). The trgjectory of SMVI changes impacted OS
in the 3 BMI change groups (log-rank test: decreased BMI,
P=.002; steady BMI, P=.02; and increased BMI, P=.03; Figure
4B-D). Of note, in patientswith adecreasein BMI, theanalysis
revealed that obesity stages 2-3 at diagnosis (HR 2.06, 95% ClI
1.07-3.97; P=.03) and decreased SMVI (HR 1.75, 95% CI
1.30-2.37; P<.001) had a negative prognostic impact on OS,
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suggesting that increased body fat at diagnosis or musclewasting
was associated with unfavorable outcomesin CRC (Figure 4B
and Multimedia Appendix 3). In the steady BMI group, being
underweight at the time of CRC diagnosis (HR 1.85, 95% ClI
1.29-2.67; P=.001) had an adverse prognostic impact on OS
(Figure 4C and Multimedia Appendix 4). In the increased BMI

Seo et a

group, an increasein SMV | was associated with better OS (HR
0.73, 95% CI 0.55-0.97; P=.03), suggesting that increased body
mass, predominantly due to skeletal muscle mass, positively
impacted cancer survival (Figure4D and Multimedia Appendix
5).

Figure 4. Kaplan-Meier curve and Cox proportional hazard regression analysis. Results for (A) total patients, (B) decreased BMI group, (C) steady
BMI group, and (D) increased BMI group are presented. Kaplan-Meier curve results are shown on the left. Cyan, magenta, and yellow lines indicate
decreased, steady, and increased SMV | groups, respectively. The hazard ratio and 95% Cl s are shown on the right. Red and blue marked variables are
statistically significant (P<.05) with hazard ratios of >1 and <1, respectively. Variables denoted with stars showed statistically significant P values
(<.05). Adjusted variables were age at diagnosis (above or below 65 years); sex; stage; primary cancer location (colon or rectum); histology
(adenocarcinomaor others); recurrence or metastasis; the administration of surgery, chemotherapy, or radiotherapy; baseline BMI (underweight, normal,
preobese, obesity stage 1, or obesity stages 2-3); baseline SMV 1 (Ilow, normal, or high); and patterns of BMI and SMV | (decreased, steady, or increased).

SMVI: skeletal muscle volume index.

All patients (n=4056)
A 1007 N Underweight £
90 \ Preobese
= Obesity stage 1 3
g 80 Obesity stages 2-3 5
2 Low SMVI (baseline)
z2 70 High SMVI (baseline)
g
T 60/ BMI decreased 3
g Log-rank P<.001 BMI increased
[e] | SMVI d d (n=812) *
50 Swvi bf:;i‘:s[i:zgm SMVI decreased
40 SMVI increased (n=1230) SMVI increased
0 1 2 3 4 5 0 1 2 3 4
B Time (years) Hazard Ratio (95% CI)
BMI decreased group (n=792)
100 ho Underweight
—~ 90 \\.\_‘ Preobese
= .
= " Obesity stage 1
T 80 o .
g xkf‘q_% N Obesity stages 2-3
E 70 Low SMVI (baseline)
£ 80 High SMVI (baseline)
> Log-rank P=.002 .
o 50 SMVI decreased (n=311) SMVI decreased
SMVI steady (n=356)
40 SMVI increased (n=125) SMVI increased.
0 1 2 3 4 5 0 1 2 3 4
c Time (years) Hazard Ratio (95% CI)
BMI steady group (n=2253)
1007 '\ Underweight 3
— 90 = Preobese
S e
= Obesity stage 1
s 80 S v
§ T~  Obesity stages 2-3
a 70 Low SMVI (baseline)
T 80 High SMVI (baseline
g Log-rank P=.02 s ( )
O 50 SMVI decreased (n=398) SMVI decreased
SMVI sleady (n=1218)
40 SMVI increased (n=636) SMVI increased
0 1 2 3 4 5 0 1 2 3 4
D Time (years) Hazard Ratio (95% CI)
BMI increased group (n=1011)
100 Underweight
3 a0 Preobese
=~ Obesity stage 1
[ 80 \
s — Obesity stages 2-3
R | Low SMVI (baseline)
g 60 | High SMVI (baseline)
> Log-rank P=.03
o 50 SMVI decreased (n=103) SMVI decreased
SMVI steady {n=439)
40 SMVI increased (n=469) SVMI increased

0 1 2 3 4

0

1

2

3

4

Time (years)

HR Heatmap Representing Associations Between BM I,
SMVI, and OS

In consideration of baseline BMI and SMVI at the time of
diagnosis, the highest mortality risk was observed in patients
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with high body mass (BMI >30 kg/m?) and low SMVI (HR
2.09; Figure 5A), although high muscle mass at thetime of CRC
diagnosis had a positive impact on OS (HR range 0.66-0.82;

BMI 185-30 kg/m?). Correlation analysis between the
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trajectories of BMI and SMVI revealed that increased body
mass and muscle mass were associated with the lowest mortality
risk (HR 0.68; P=.001; Figure 5B), whereas decreased body
mass and muscle wasting were associated with the highest
mortality risk (HR 1.73; P<.001; Figure 5B and Multimedia
Appendices 6 and 7).

Seo et a

Finally, we generated an HR heat map depicting the baseline
and trgjectories of both BMI and SMVI (Figure 5C). High

baseline BMI (>30 kg/m? was associated with increased
mortality risk regardless of baseline muscle mass or muscle
changes (Figure 5C). High baseline SMV | was associated with
improved survival in patients with a BMI range from normal
to obesity stage 1. There was a trend toward improved OS in
patients with increased muscle without BMI loss.

Figure5. Predicted mortality risk heat map representing associations between BMI, skeletal muscle volume index (SMVI), and overall survival (OS).
Patient groups of each heat map were classified by (A) baseline status classified by 5 baseline BMI and 3 baseline SMVI groups, (B) pattern groups
classified by 3 BMI and 3 SMVI pattern groups, and (C) all 4 dimensions. baseline BMI and SMV| profiles and trajectories of BMI and SMVI. The
predicted mortality risk of each specific patient group is described in each corresponding sguare, and colors represent the natural logarithm of the

predicted mortality risk.
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Discussion

Principal Findings

This study evaluated the characteristics of baseline BMI and
SMVI and their 1-year trgjectories along with the prognostic
impacts of these 4 parameterson OSin patientswith CRC. The
BMI and SMVI profiles of the first year after diagnosis were
highly correlated with the third- and sixth-year profiles, implying
that these are surrogate indicators for representing subsequent
body composition profiles. Moreover, our survival anaysis
resultsindicated that high muscularity positively impacted OS,
whereas both depletion and excess adiposity adversely impacted
survival. Alterationsin adiposity and muscle mass significantly
affected 6-year overall mortality. Reciprocal compensation of
these 2 factors indicated that changes in BMI had a superior
prognostic impact than changes in muscle.

Comparison With Prior Work

Accordingto our restricted cubic splineanalysis, baseline SMVI
did not exhibit anonlinear relationship with mortality, whereas
baseline BMI demonstrated a U-shaped relationship with
mortality. In addition, high muscle mass at baseline exhibited
a protective effect against survival, and extreme BMI
(underweight or severe obesity) predicted lower survival. These
findings suggest that muscularity at the time of diagnosis may
have protective effects, whereas both adiposity depletion and
excess may have disadvantages for survival. The results of the
survival analysis of our study also support the independent
prognostic effects of body composition profiles at the time of
diagnosis. The mechanisms underscoring the impact of body
composition on CRC mortality at the time of diagnosis have
yet to be elucidated because completely eliminating
methodological biasesis challenging [8,9]. A widely accepted
explanation is that an adegquate amount of adiposity acts as a
metabolic reservoir and allows patients to tolerate cachectic
Situations during cancer progression and treatment [29].
However, excess body fat is correlated with higher mortality
viavarious pathways. Dysregulated adipose tissue can increase
inflammatory adipokines, leading to systemic inflammation and
atumor-friendly microenvironment [30], thereby exacerbating
catabolic pathways[31]. Patientswith low muscularity and high
adiposity were associated with higher inflammatory-related
serum proteins and cytokines[17]. In addition, the specification
of adipose tissue into subcutaneous, viscera, and intra- or
intermuscul ar adipose tissue revealed distinct rel ationshipswith
CRC mortality: subcutaneous fat exhibits a U-shaped
association, whereas visceral and intermuscular fats exhibit a
positive relationship, implying context-dependent roles of fat

9.

In this study, an increase in muscle mass or BMI demonstrated
higher OS, highlighting the beneficial effects of increasing
muscle and body mass. Survival analysis within subgroups of
each BMI trajectory group showed a combined prognostic
influence of muscularity and adiposity. HR results of the
survival analysis conducted within steady and increased BMI
groups described that survival improved in the order of
increased, steady, and decreased SMVI. However, within the
decreased BMI group, anincreasein SMV 1 was associated with

https://publichealth.jmir.org/2023/1/e43409
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poor survival compared with steady SMV1, which contradicts
genera findings. Although several findings were statistically
insignificant, this implies that the protective role of increased
muscle differs regarding the characteristics of BMI changes,
since the prognostic effects of changesin muscle and adiposity
may reciprocally compensate. In addition, according to the
survival analysis considering al 9 patterns of BMI and SMVI
change, patients in the increased SMVI with decreased BMI
group had statistically significant increased mortality risk. The
superior decrease of adiposity that leads to decreased BMI
despite the improvement of muscularity may override the
protective effects of increased muscle mass.

Although BMI is known to have limitations in the direct
representation of adiposity [9], BMI profileswithin 1 year could
be an efficient parameter for predicting the prognosis of patients
with CRC in most primary care settings. First, continuously
repeated measurements of BMI can be performed, which enables
longitudinal evaluation with ease. Second, al-year BMI profile
highly correlateswith future BMI profiles. Third, thetragjectory
of BMI isacritical independent prognostic factor, where it is
a parameter containing longitudinal information of multiple
compositions. Adiposity-related [17] and muscle-rel ated indexes
such as SMVI, muscle-to-bone ratio, or skeletal muscle
radiodensity [16,18] are also essential prognostic factors, yet
frequent assessments are limited since these parameters are
products of occasional CT imaging studiesthat depend on cancer
trestment progress, patient’s medical condition, health insurance,
etc. Thus, synergizing CT-driven information and BMI data
will promote the future clinical application.

Previous studies support the association between physical
activity and cancer prognosis. A prospective cohort study
revealed that sedentary behavior is associated with cancer
mortality risk and replacing sedentary time with physical
activities may improve OS [32]. According to a meta-analysis
of nonrandomized trials, higher-intensity physical activity was
significantly associated with lower mortality risk [33]. In
addition, resistance training in patients with cancer resulted in
improvement in muscle strength, body composition, and benefits
for cancer survival [34,35]. Exercise is safe and feasible for
patients with CRC and results in improvements in various
health-related outcomes [36]. Collectively, appropriate
interventions through physical activities could improve the
outcomes of patientswith CRC by improving body composition
profiles. Studies evaluating the role of an exercise intervention
toimprove OS arerare; however, aphase-2 randomized clinical
trial proved that high-intensity interval training delayed prostate
cancer progression [37]. Thus, further studies eval uating whether
exercise intervention improves long-term outcomes should be
conducted.

Strengths

Our study hasthe following strengths. We analyzed alarge size
of patients and assessed various natural courses of patientswith
CRC who did not receive additional interventions besides
clinical practices. To comprehend the role of adiposity and
muscularity in CRC progression, understanding its alternating
nature is necessary for evaluating time-dependent prognostic
impacts. Therefore, longitudinal patterns of BMI and muscle
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were analyzed simultaneously. Given that adiposity and muscle
commonly change during cancer treatments [9], we
longitudinally analyzed BMI and muscle for up to 1 year, and
our study shows that the 1-year profile of 2 variables can aptly
represent the course over 6 years. As these are proven to be
independent prognostic factors, analyzing the 1-year course of
adiposity and muscularity will be an efficient and effective
method to determine the mortality risk. Asapart of continuous
body composition analysis, the deep | earning—based assessment
was implemented to minimize manual processes and enable
rapid and accurate analysis of a large number of CT images.
The application of automated analysis processes in clinical
practice will highly promote the improvement of personalized
care and risk management.

Limitations

Our study has several limitations. We evaluated the 6-year OS
as a survival outcome using 1-year trajectories of BMI and
muscle mass. However, according to the correlation analysis,
trajectory analysis up to 1 year was sufficient for representing
the courses beyond a year. Since physical examinations and
imaging studies are frequent during the first year as a part of
the diagnosis or treatment process, we assumed that 1 year was
sufficient for classifying body composition profiles. Prolonged
longitudinal trajectorial analysis may provide additional insight
into the longer-term effects of adiposity or muscle in cancer
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survival, thereby facilitating personalized risk assessment and
management.

Conclusions

In conclusion, our findings demonstrated the natural courses of
BMI and muscle and highlight the 1-year trgjectory as a
surrogate indicator for representing further progress, wherein
deep learning—based automated muscle assessment enabled
longitudinal analysis of muscle. Thus, this study can be ground
evidencefor further research regarding prognostic improvements
of patients with cancer by interventions that improve body
composition profiles. In addition, our results provided crucial
insightsinto the prognostic roles of adiposity and muscle mass
in CRC survival. Body composition profiles at the time of
diagnosis and alterations of these parameters are independent
prognostic factors of CRC survival. The combination of BMI,
which is frequently gathered but crude, with muscle-related
parameter, which is automatically analyzed but occasionally
obtained, could be a precise risk assessment tool. For further
clinical application, supporting studies evaluating the natural
course of patients with CRC will be necessary and more
personalized prognosis prediction methods are required. To
fully understand therole of adiposity and muscularity in cancer
progression, impacts on other clinical outcomes should also be
studied.
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Multimedia Appendix 1

The inertia result of the k-means clustering of patients' 1-year trgjectory according to cluster numbers from 1 to 10. The most
efficient clustering result was 3 clusters using the elbow method, and itsinertiais denoted by the red circle.
[PNG File, 56 KB-Multimedia Appendix 1]

Multimedia Appendix 2

Cox proportional hazard regression result within total patients. Adjusted variables were age at diagnosis (above or below 65
years); sex; stage; primary cancer location (colon or rectum); histology (adenocarcinoma or others); recurrence or metastasis; the
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administration of surgery, chemotherapy, or radiotherapy; baseline BMI (underweight, normal, preobese, obesity stage 1, or
obesity stages 2-3); baseline SMVI (low, normal, or high); and patterns of BMI and SMVI (decreased, steady, or increased).
SMVI: skeletal muscle volume index.

[DOCX File, 21 KB-Multimedia Appendix 2]

Multimedia Appendix 3

Cox proportional hazard regression result within the decreased BMI group. Adjusted variables were age at diagnosis (above or
below 65 years); sex; stage; primary cancer location (colon or rectum); histology (adenocarcinoma or others); recurrence or
metastasis; the administration of surgery, chemotherapy, or radiotherapy; baseline BMI (underweight, normal, preobese, obesity
stage 1, or obesity stages 2-3); baseline SMVI (low, normal, or high); and patterns of SMV|I (decreased, steady, or increased).
SMVI: skeletal muscle volume index.

[DOCX File, 21 KB-Multimedia Appendix 3]

Multimedia Appendix 4

Cox proportional hazard regression result within the steady BMI group. Adjusted variableswere age at diagnosis (above or below
65 years); sex; stage; primary cancer location (colon or rectum); histology (adenocarcinoma or others); recurrence or metastasis,
the administration of surgery, chemotherapy, or radiotherapy; baseline BMI (underweight, normal, preobese, obesity stage 1, or
obesity stages 2-3); baseline SMVI (low, normal, or high); and patterns of SMV | (decreased, steady, or increased). SMV1: skeletal
muscle volume index.

[DOCX File, 21 KB-Multimedia Appendix 4]

Multimedia Appendix 5

Cox proportional hazard regression result within the increased BMI group. Adjusted variables were age at diagnosis (above or
below 65 years); sex; stage; primary cancer location (colon or rectum); histology (adenocarcinoma or others); recurrence or
metastasis; the administration of surgery, chemotherapy, or radiotherapy; baseline BMI (underweight, normal, preobese, obesity
stage 1, or obesity stages 2-3); baseline SMVI (low, normal, or high); and patterns of SMV|I (decreased, steady, or increased).
SMVI: skeletal muscle volume index.

[DOCX File, 21 KB-Multimedia Appendix 5]

Multimedia Appendix 6

Cox proportional hazard regression result for hazard ratio heat map. Adjusted variables were age at diagnosis (above or below
65 years); sex; stage; primary cancer location (colon or rectum); histology (adenocarcinoma or others); recurrence or metastasis,
the administration of surgery, chemotherapy, or radiotherapy; baseline BMI (underweight, normal, preobese, obesity stage 1, or
obesity stages 2-3); basaline SMV I (low, normal, or high); and 9 patient groups divided by three 1-year BMI trajectories (decreased,
steady, or increased) and three 1-year SMV | trgjectories (decreased, steady, or increased). SMVI: skeletal muscle volume index.
[DOCX File, 22 KB-Multimedia Appendix 6]

Multimedia Appendix 7

Survival analysis results against total patients for hazard ratio heat map. (A) Kaplan-Meier curve and survival curve comparison
by log-rank test. Patient groups were classified with 1-year trajectories of BMI and SMV|I and are represented in different colors.
(B) Cox proportional hazard regression result for hazard ratio heat map. Adjusted variableswere age at diagnosis (above or below
65 years); sex; stage; primary cancer location (colon or rectum); histology (adenocarcinoma or others); recurrence or metastasis,
the administration of surgery, chemotherapy, or radiotherapy; baseline BMI (underweight, normal, preobese, obesity stage 1, or
obesity stages 2-3); baseline SMV I (low, normal, or high); and 9 patient groups divided by three 1-year BMI trajectories (decreased,
steady, or increased) and three 1-year SMV | trajectories (decreased, steady, or increased). SMV1: skeletal muscle volume index.
[PNG File, 152 KB-Multimedia Appendix 7]
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