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Abstract

Background: Previous studies evaluating the prognostic value of computed tomo-

graphy (CT)‐derived body composition data have included few patients. Thus, we

assessed the prevalence and prognostic value of sarcopenic obesity in a large po-

pulation of gastric cancer patients using preoperative CT, as nutritional status is a

predictor of long‐term survival after gastric cancer surgery.

Methods: Preoperative CT images were analyzed for 840 gastric cancer patients

who underwent gastrectomy between March 2009 and June 2018. Machine

learning algorithms were used to automatically detect the third lumbar (L3) vertebral

level and segment the body composition. Visceral fat area and skeletal muscle index

at L3 were determined and used to classify patients into obesity, sarcopenia, or

sarcopenic obesity groups.

Results: Out of 840 patients (mean age = 60.4 years; 526 [62.6%] men), 534 (63.5%)

had visceral obesity, 119 (14.2%) had sarcopenia, and 48 (5.7%) patients had sar-

copenic obesity. Patients with sarcopenic obesity had a poorer prognosis than those

without sarcopenia (hazard ratio [HR] = 3.325; 95% confidence interval

[CI] = 1.698–6.508). Multivariate analysis identified sarcopenic obesity as an in-

dependent risk factor for increased mortality (HR = 2.608; 95% CI = 1.313–5.179).

Other risk factors were greater extent of gastrectomy (HR = 1.928; 95%

CI = 1.260–2.950), lower prognostic nutritional index (HR = 0.934; 95%

CI = 0.901–0.969), higher neutrophil count (HR = 1.101; 95% CI = 1.031–1.176),

lymph node metastasis (HR = 6.291; 95% CI = 3.498–11.314), and R1/2 resection

(HR = 4.817; 95% CI = 1.518–9.179).

Conclusion: Body composition analysis automated by machine learning predicted

long‐term survival in patients with gastric cancer.
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1 | INTRODUCTION

The annual number of diagnoses and deaths due to gastric cancer

was 1.22 million and 865 000, respectively, in 2017 worldwide.1 The

prognosis of gastric cancer depends on the stage of the disease,2 but

not all patients with the same stage have the same survival.

Nutritional status has emerged as an alternative prognostic factor for

survival in patients with gastric cancer.3 Among traditional clinical

parameters, body mass index (BMI) is commonly used because of its

simplicity.4,5 Derived from body weight and height, BMI can be a

surrogate marker for nutritional status.6,7 However, patients with the

same BMI may have different body compositions, leading to different

clinical outcomes.8 Thus, direct measurements of muscle and fat

content may be a more useful marker for nutritional status.

Computed tomography (CT) is routinely included as part of the

preoperative diagnostic investigations that are conducted before

gastric cancer surgery. Cross‐sectional CT images provide informa-

tion regarding body composition, such as skeletal muscle, visceral fat,

and subcutaneous fat, which can be used to predict complications

and prognosis in surgical patients.9–13 However, manual retrieval of

body composition data is labor intensive and heavily dependent on

the examiner. Accordingly, previous studies evaluating the prognostic

value of CT‐derived body composition data included small numbers

of patients, and the use of these data on a routine basis in clinical

settings is limited.9,11,12,14

In the current study, machine learning algorithms were used to

automatically detect the level of the third lumbar vertebra (L3) among

CT images and to automatically quantify the body composition of

patients for the selected cross‐sectional image. We determined the

amount of skeletal muscle and visceral fat before gastric cancer

surgery and evaluated the ability of obesity, sarcopenia, and sarco-

penic obesity to predict survival after gastrectomy.

2 | METHODS

2.1 | Patients

Patients were selected from a data set of individuals with gastric

cancer who underwent gastrectomy between March 2009 and June

2018. A total of 1023 patients with available preoperative CT images

were eligible for the study. We excluded 183 patients who met one

or more of these criteria: limited surgery (not subtotal or total gas-

trectomy), treatment with neoadjuvant chemotherapy, history of

another cancer, unclear cancer stage, or operative mortality. Thus,

840 patients were included in the final analysis. The surgical proce-

dure, staging, follow‐up assessments, and adjuvant chemotherapy

were performed as previously described.15 The extent of surgery and

definitions of radical surgery were in accordance with relevant

guidelines.16,17 Tumor staging was based on the eighth American

Joint Committee on Cancer guidelines.2 Laboratory data, such as the

albumin level, lymphocyte count, and neutrophil count, were col-

lected. The prognostic nutritional index (PNI) was calculated as

previously defined18: (10 × serum albumin level [g/dl]] + [0.005 × total

lymphocyte count). The patients were followed for a median of

41 months after surgery. This study was approved by the Institutional

Review Board of Severance Hospital, Yonsei University Health

System (No. 4‐2019‐0359) and was exempted from the informed

consent requirement because of the study design.

2.2 | Imaging analysis by machine learning

The latest preoperative CT images were used for the analysis

(Figure 1). An image slice corresponding to the center of L3 was se-

lected, and from the image, a portion corresponding to fat and muscle

was classified according to Hounsfield units (HU): −29 to +150 HU for

skeletal muscle8,19 and −190 to −30 HU for adipose tissue.20,21

2.2.1 | L3 annotation

To distinguish the image slice corresponding to the center of L3 in

the three‐dimensional (3D) CT volume image, this 3D image was

converted to a two‐dimensional (2D) image using the maximum

intensity projection method as follows22: for each x, y coordinate,

only the pixel with the highest HU value along the z‐axis was re-

presented such that in a single 2D image, all dense structures in a

given volume were observed. The resultant 2D image showed the

shape of bones, including the spine and pelvic bones (Figure 1A).

The part corresponding to L3 was masked on the 2D image by an

experienced doctor. Based on the original 2D image and the cor-

responding masked image, we implemented a machine learning

algorithm that automatically masked the area corresponding to L3

on the 2D image. The image slice corresponding to the center of

the area specified by the machine learning algorithm was con-

sidered the L3 center slice.

2.2.2 | Fat/muscle segmentation

After specifying the image slice corresponding to the center of L3, the

experienced doctor identified pixels corresponding to skeletal muscle,

subcutaneous fat, and visceral fat in the selected image slice. Another

machine learning algorithm was then implemented to quantify the

composition of the selected image. Cross‐sectional skeletal muscle

area (SMA), subcutaneous fat area (SFA), and visceral fat area (VFA)

were determined. To correct for body height, we subsequently divided

these areas by height squared to obtain the skeletal muscle index

(SMI), subcutaneous fat index (SFI), and visceral fat index (VFI).

2.2.3 | Machine learning algorithms

Two hundred different 3D CT images were used for machine

learning. The transfer learning technique based on a pre‐trained
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convolutional neural network called ResNet‐18 was used for both

the L3 annotation and fat/muscle segmentation machine learning

algorithms.23 A semantic segmentation network based on Dee-

pLab V3+ was established.24 The network structure of the ma-

chine learning algorithms was the same for both L3 annotation

and fat/muscle segmentation (Figure 1B). The number of layers

for each machine learning algorithm was 100. The batch size,

initial learning rate, and L2 regularization were 8, 0.001,

and 0.005, respectively. The size of the input image and the

number of classification classes differed between the algorithms.

For the L3 algorithm, the input image size was 512 × 250,

whereas for the fat/muscle algorithm, the input image size was

512 × 512. Two classification classes were used for the L3 algo-

rithm: whether they did or did not correspond to L3. Four clas-

sification classes were used for the fat/muscle segmentation

algorithm: air, visceral fat, subcutaneous fat, and skeletal muscle.

Since contrast enhancers such as contrast agents and implants

interfere with accurate classification, the HU value of each pixel

was converted to background values when the value did not

correspond to fat or muscle. In randomly selected 30 patients,

manual measurements were performed by an independent ex-

pert. Using commercially available workstation (Aquarius 3D

workstation, TeraRecon), the acquired values were compared

with those retrieved by machine learning. Intraclass correlation

coefficient (95% confidence interval [CI]) for SMA, VFA, SFA

were 0.604 (0.168–0.811), 0.850 (0.686–0.929), and 0.701

(0.373–0.858), respectively (Figure S1).

2.3 | Definitions and patient groups

We defined obesity as a VFA > 100 cm2, as previously reported.25

Sarcopenia was defined as an SMI ≤ 49 cm2/m2 for men and

≤31 cm2/m2 for women.26 According to these criteria, patients

were classified into four groups: (1) control (control), no sarco-

penia or obesity; (2) sarcopenic (S), sarcopenia but no obesity; (3)

obese (O), obesity but no sarcopenia; and (4) sarcopenic obesity

(SO), sarcopenia and obesity (Figure 2). Patients who did not

satisfy the criteria for the S, O, or SO group were used as the

counter group (i.e., non‐sarcopenic [non‐S], nonobese [non‐O],

and non‐sarcopenic obese [non‐SO] groups, respectively) in sta-

tistical analyses.

2.4 | Statistical analysis

Categorical data were compared using the chi‐square test. Con-

tinuous data are presented as the mean and standard deviation, and

the means were compared using an analysis of variance or the

Kruskal–Wallis H test (if the Kolmogorov–Smirnov test of normality

F IGURE 1 Machine learning algorithm for
body composition analysis. (A) Maximum
intensity projection (MIP) method for L3
annotation. (B) Machine learning network:
layers of the network were based on DeepLab
V3+, and Resnet‐18 was used as the base
network. CT, computed tomography
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was significant [p < 0.05]). All tests were two‐sided, and the level of

significance was set at p < 0.05, with Bonferroni correction. Survival

was defined as the number of months from surgery to death from any

cause. The Kaplan–Meier method was used to generate survival

curves, and the log‐rank test was used to compare survival between

groups. Univariate and multivariate Cox proportional‐hazards models

with forward conditional selection were used to identify independent

risk factors and estimate hazard ratios (HRs) with corresponding 95%

CIs. Clinically relevant variables were selected for the univariate

analysis. All analyses were performed with SPSS v23.0 (IBM).

3 | RESULTS

Among the 840 included patients, 119 (14.2%) met the criteria for

sarcopenia (Figure 3A), approximately two‐thirds (534; 63.5%)

were obese (Figure 3B), and 48 (5.7%) had both sarcopenia and

obesity (Figure 3C). The control, S, O, and SO groups consisted of

235, 71, 486, and 48 patients, respectively. As shown in Table 1,

patients in the SO group were significantly older than were those in

F IGURE 2 Representative computed tomography images of
groups based on sarcopenia and obesity criteria. Red color stands
for the skeletal muscle area, yellow color stands for the visceral
fat area

F IGURE 3 Segmentation and patient groups. (A) Sarcopenia according to skeletal mass index (SMI). (B) Obesity according to visceral fat area
(VFA). (C) Scatter plots of VFA and SMI. (D) Distribution of body mass index according to patient group
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the control and O groups (p < 0.001 and p = 0.013, respectively),

and the SO group included only men. The mean BMI of the SO

group was significantly higher than that of the control group

(22.9 vs. 21.4 kg/m2, p = 0.006; Figure 3D). BMI was the highest

in the O group (25.0 kg/m2) and the lowest in the S group

(20.9 kg/m2). As for the PNI and all body composition parameters

(SFA, VFA, SMA, SFI, VFI, and SMI), the O group had the highest

values, and the S group had the lowest values.

During a median follow‐up of 41 months, the S group

(Figure 4A–C) had significantly worse survival than did the non‐S

group for all patients (Figure 4A, p = 0.018) and for patients with

stage I/II disease (Figure 4B, p = 0.030). The O group (Figure 4D–F)

had significantly poorer survival than did the non‐O group only for

patients with stage I/II disease (Figure 4E, p = 0.046). Very few pa-

tients died in the non‐O group. The SO group (Figure 4G–I) had

significantly poorer survival than did the non‐SO group for all

TABLE 1 Baseline patient and tumor characteristics

Control
group (n = 235)

Sarcopenic
group (n = 71)

Obese
group (n = 486)

Sarcopenic obese
group (n = 48) pa

Age (years) 56.1 (12.6) 61.9 (12) 61.7 (10.3) 66.9 (10) <0.001

Sex <0.001

Male 93 (39.6%) 62 (87.3%) 323 (66.5%) 48 (100%)

Female 142 (60.4%) 9 (12.7%) 163 (33.5%) 0 (0%)

ASA physical status class <0.001

I/II 202 (86.0%) 46 (64.8%) 349 (71.8%) 32 (66.7%)

III/IV 33 (14.0%) 25 (35.2%) 137 (28.2%) 16 (33.3%)

Body mass index (kg/m2) 21.4 (2.3) 20.9 (3.4) 25 (2.9) 22.9 (2.1) <0.001

Prognostic nutritional index 53.2 (5.7) 52.3 (5.7) 54.4 (5.9) 53.5 (6.5) 0.006

Neutrophil count 3607 (1636) 4151 (1930) 3996 (2171) 4005 (992) 0.054

Extent of gastrectomy 0.099

Subtotal gastrectomy 192 (81.7%) 51 (71.8%) 403 (82.9%) 36 (75%)

Total gastrectomy 43 (18.3%) 20 (28.2%) 83 (17.1%) 12 (25.0%)

R0 resectionb 0.139

R0 225 (95.7%) 67 (94.4%) 477 (98.1%) 47 (97.1%)

R1–2 10 (4.3%) 4 (5.6%) 9 (1.9%) 1 (2.1%)

TNM stage 0.087

I 162 (68.9%) 45 (63.4%) 362 (74.5%) 27 (56.3%)

II 34 (14.5%) 9 (12.7%) 49 (10.1%) 8 (16.7%)

III 34 (14.5%) 14 (19.7%) 71 (14.6%) 13 (27.1%)

IV 5 (2.1%) 3 (4.2%) 4 (0.8%) 0 (0%)

Subcutaneous fat area (cm2) 117.9 (52.4) 64 (37.8) 183.3 (85.0) 117.4 (34.7) <0.001

Visceral fat area (cm2) 63.2 (25.1) 52.7 (29.3) 192.3 (77.6) 156.7 (38.9) <0.001

Skeletal muscle area (cm2) 132.6 (38.1) 107.6 (30.8) 174.3 (59.4) 125.4 (12.2) <0.001

Subcutaneous fat index (cm2/m2) 46.6 (22.0) 23.7 (15.1) 70 (35.7) 42 (12.5) <0.001

Visceral fat index (cm2/m2) 24.7 (10.0) 19.3 (10.9) 71.9 (28.3) 56.2 (14.8) <0.001

Skeletal muscle index (cm2/m2) 51.2 (12.8) 38.8 (10.4) 64.5 (20.0) 44.8 (3.9) <0.001

Note: Data are presented as the mean (standard deviation) or number (percentage).

Abbreviations: ASA, American Society of Anesthesiologists; TNM, tumor, nodes, and metastasis.
aAnalysis of variance for continuous variables; chi‐square test for categorical data.
bR0 = curative resection, R1 =microscopic residual cancer, R2 =macroscopic residual cancer.
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patients (Figure 4G, p < 0.001) and for patients with stage I/II disease

(Figure 4H, p < 0.001).

As shown in Table 2, Cox proportional‐hazards multivariate ana-

lyses identified the following as independent prognostic factors for

increased mortality: greater extent of gastrectomy (HR = 1.928; 95%

CI = 1.260–2.950), lower PNI (HR = 0.934; 95% CI = 0.901–0.969),

higher neutrophil count (HR = 1.101; 95% CI=1.031–1.176), presence

of lymph node metastasis (HR = 6.291; 95% CI = 3.498–11.314), R1/2

resection (HR = 4.817; 95% CI=1.518–9.179), and presence of sarco-

penic obesity (HR = 2.608; 95% CI = 1.313–5.179).

F IGURE 4 Overall survival according to the sarcopenia, obesity, and sarcopenic obesity groups. (A) Sarcopenia versus non‐
sarcopenia: all patients (p = 0.018). (B) Sarcopenia versus non‐sarcopenia: patients with stage I/II disease (p = 0.030). (C) Sarcopenia
versus non‐sarcopenia: patients with stage III/IV disease (p = 0.945). (D) Obesity versus non‐obesity: all patients (p = 0.293). (E) Obesity
versus non‐obesity: patients with stage I/II disease (p = 0.046). (F) Obesity versus non‐obesity: patients with stage III/IV disease
(p = 0.825). (G) Sarcopenic obesity versus non‐sarcopenic obesity: all patients (p < 0.001). (H) Sarcopenic obesity versus non‐sarcopenic
obesity: patients with stage I/II disease (p < 0.001). (I) Sarcopenic obesity versus non‐sarcopenic obesity: patients with stage III/IV
disease (p = 0.392)
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4 | DISCUSSION

In this study, we assessed the body composition of patients with

gastric cancer using preoperative CT. Through algorithms im-

plementing semantic segmentation using transfer learning, the image

within the entire CT volume image corresponding to the L3 center

was selected, and visceral fat/muscle segmentation for body com-

position calculation was performed. The quantified VFA and SMA

were used to predict patient prognosis. Defining obesity as a VFA >

100 cm2 and sarcopenia as an SMI ≤ 49 cm2/m2 for men and

≤31 cm2/m2 for women identified 48 out of 840 patients with sar-

copenic obesity. Patients with sarcopenic obesity had a poorer

prognosis than did patients without sarcopenic obesity. This poorer

prognosis was primarily observed in patients with stage I/II disease.

This study shows the potential clinical impact of introducing

machine learning in patient care by enabling body composition ana-

lysis in a large number of patients, which would have been notably

difficult using manually derived composition analysis. Segmentation

of patients with similar BMI values into more appropriate groups

reflecting body composition/nutritional status was possible. As

shown in the univariate and multivariate analyses, sarcopenic obesity

was a significant prognostic factor for mortality after gastrectomy,

independent of other nutritional and clinical parameters, PNI, neu-

trophil count, or American Society of Anesthesiologists physical sta-

tus class. Body composition has been used as a reliable and detailed

nutritional status indicator in patients with gastric cancer and other

types of cancer.8,27 Information obtained from CT images is notably

different from laboratory data and body weight information. Weight

and laboratory values can change quickly depending on the patient's

status, as infection and other acute disorders can produce changes

within days or even hours. In contrast, body composition reflects

body status over several months or even years and is therefore more

resistant to acute changes.

Herein, our criteria successfully identified the SO group as a

high‐risk group. More than 90% of non‐SO patients with stage I/II

disease survived for over 100 months. Our results suggest that

preoperative sarcopenic obesity could be a target for intervention.

For this reason, we evaluated various cutoff values for diagnosing

sarcopenia and obesity. Obesity defined25,28 as a VFA > 100 cm2

showed the best discriminating power, compared with other cutoff

values, such as a VFA > 130 cm2 in men and >90 cm2 in women29 or

>163.8 cm2 in men and >90 cm2 in women.12 Likewise, the sarco-

penia cutoff values of an SMI ≤ 49 cm2/m2 for men and ≤31 cm2/m2

for women yielded optimal results.26 Other cutoff values, such as an

SMI < 52.4 cm2/m2 for men and <38.5 cm2/m2 for women19,27 or

<43 cm2/m2 for men with a BMI < 25 kg/m2 and <53 cm2/m2 for men

with a BMI ≥ 25 kg/m2 or <41 cm2/m2 for women,12 also showed

survival differences between the SO and non‐SO groups.

The present study sheds light on the underestimated value of CT

information in patient care. Preoperatively, body composition de-

termination can be used to predict short‐term surgical outcomes,

including operation times,29 bleeding,30 number of retrieved lymph

nodes,31 surgical site infections,32,33 and major complications,28,34

which are associated with body shape.35,36 This information may

be used to select the type of operative approach, such as open,

laparoscopic, or robot‐assisted, during subsequent procedures.37,38

We are currently exploring the usefulness of CT images for predicting

postoperative complications, especially pancreatic fistulas, to in-

dependently validate the results of a previous study.39 Post-

operatively, the objective monitoring of muscle and fat loss after

TABLE 2 Univariate and multivariate analyses of variables associated with overall survival

Univariate analysis Multivariate analysis

Coefficient
(SE)

Hazard ratio
(95% CI)

Coefficient
(SE)

Hazard ratio
(95% CI)

Age 0.039 (0.012) 1.040 (1.016–1.064)

Sex −0.579 (0.274) 0.561 (0.327–0.960)

ASA physical status class (III/IV vs. I/II) 0.687 (0.254) 1.988 (1.208–3.272)

Body mass index −0.037 (0.039) 0.964 (0.893–1.041)

Prognostic nutritional index −0.110 (0.017) 0.896 (0.866–0.927) −0.067 (0.019) 0.935 (0.901–0.970)

Neutrophil count 0.145 (0.035) 1.156 (1.079–1.239) 0.096 (0.034) 1.100 (1.030–1.175)

Extent of gastrectomy (total vs.

subtotal)

1.213 (0.247) 2.519 (1.776–3.575) 0.669 (0.254) 1.952 (1.186–3.212)

Resection (R1/2 vs. R0) 2.606 (0.314) 13.542 (7.320–25.054) 1.560 (0.329) 4.758 (2.496–9.070)

Depth of invasion (T3/4 vs. T1/2) 2.177 (0.266) 8.821 (5.242–14.845)

Lymph node metastasis (+ vs. −) 2.334 (0.286) 10.318 (5.896–18.056) 1.826 (0.303) 6.212 (3.433–11.241)

Sarcopenic obesity (SO vs. non‐SO) 1.201 (0.343) 3.325 (1.698–6.508) 0.973 (0.35) 2.645 (1.333–5.249)

Abbreviations: ASA, American Society of Anesthesiologists; CI, confidence interval; non‐SO, non‐sarcopenic obesity counter group; SE, standard error;
SO, sarcopenic obesity group.
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gastrectomy using follow‐up CT scans may allow appropriate inter-

ventions to potentially improve quality of life and survival.40,41

Although this study showed the value of body composition

analysis using machine learning based on preoperative CT images,

it has some limitations. First, the surgery was performed by a single

surgeon. This feature might increase the homogeneity of the sur-

gical technique but it should be considered for the interpretation

of the results and generalization. Second, the accuracy and relia-

bility of body composition data require verification in a subsequent

study. We plan to assess the variability of quantified areas in serial

follow‐up CT scans according to body weight variability. Third, not

all of the automatically derived segmentation data could be used.

When a contrast enhancer (e.g., contrast media) was used, image

contrast was reduced during the image normalization process and

segmentation accuracy was decreased; however, we eliminated

this problem by processing pixels with HU values other than fat or

muscle as background. Nevertheless, when contrast was poor in

the original image or when patients had minimal body fat, seg-

mentation accuracy was decreased and could not be corrected by

image processing or the algorithm alone. In addition to those

limitations, unidentified limitations might have resulted in sys-

tematic measurement error, as presented in Figure S1, higher mean

values having a higher positive difference. Thus, final assessment

by a clinician was necessary to determine whether segmentation

was appropriate for predicting long‐term outcomes. These tech-

nical limitations should reduce as more investigations are con-

ducted in this field.

5 | CONCLUSION

Machine learning algorithms successfully detected preoperative sar-

copenic obesity, which was predictive of poorer long‐term survival in

patients with gastric cancer. This prognostic value was primarily

observed in patients with stage I/II disease. Machine learning‐

enabled body composition analysis in a large number of patients

(840). Integration of body composition data into clinical practice can

be facilitated using machine learning to potentially improve pa-

tient care.
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