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Introduction

Approximately 52,000 deaths were reported in 150,000 
patients newly diagnosed with colorectal cancer, making 
colorectal cancer the third leading cause of death in 
the United States in 2022 [1]. Lymph node metastasis 
status is a crucial factor for determining the treatment 
plan and predicting the prognosis of patients with colon 
cancer. Patients with colon cancer and lymph node 
metastasis could achieve survival benefit from adjuvant 
chemotherapy [2]. Five-year survival rates of 30–60% 
and 70–80% and have been reported in patients with and 
without lymph node metastasis, respectively [3].

Although computed tomography (CT) and F-18 
Fluorodeoxyglucose positron emission tomography/CT 
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(F-18 FDG PET/CT) have been employed to assess the 
lymph node metastasis status before surgery, relatively low 
diagnostic accuracies in patients with colon cancer have 
been reported in previous meta-analyses, thereby making 
the precise prediction of the lymph node metastases status 
challenging. Pooled sensitivity and specificity of CT and 
F-18 FDG PET/CT for detecting lymph node metastases 
in patients with colon cancer were 71%, and 67% [4], and 
72% and 71%, respectively [5]. For CT, the size of the 
lymph node was used to predict the lymph node metastasis 
status [4], whereas the maximal standardized uptake value 
(SUVmax) was commonly used for F-18 FDG PET/CT to 
predict the lymph node metastasis status [5].

Machine learning models utilizing radiomic features, 
which have been developed to ensure more precise 
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prediction, have demonstrated superior accuracy 
compared to methods relying solely on lymph node size or 
SUVmax [6, 7]. However, the process of extracting radiomic 
features requires drawing regions of interest around the 
tumor, which can be labor-intensive and time consuming. 
Moreover, the application of these methods in clinical 
settings is challenging. Therefore, we aimed to develop 
a simple machine-learning model incorporating lymph 
node metastasis status with FDG PET/CT and clinical 
information to predict regional lymph node metastasis in 
patients with colon cancer.

Materials and Methods

Patients
This retrospective study included 193 patients 

diagnosed with colon cancer between January 2014 and 
December 2017. All the patients underwent F-18 FDG 
PET/CT before surgery. Differential white blood cell 
(WBC) counts and serum carcinoembryonic antigen 
(CEA), carbohydrate antigen 19-9 (CA19-9), and 
C-reactive protein (CRP) levels were recorded within 30 
days of surgery. The serum neutrophil-to-lymphocyte ratio 
(NLR) was calculated from the differential WBC counts. 
Patients with a history of cancer were excluded from 
the study. The pathological stages of colon cancer were 
determined according to the American Joint Committee 
on Cancer Manual, 8th edition [8].

FDG PET/CT imaging
Oral intake and intravenous glucose injection were 

prohibited for at least 6 h before undergoing PET/CT scan. 
Blood glucose levels were measured before F-18 FDG 
administration, and PET/CT scans were conducted only if 
the blood glucose levels were below 200 mg/dl. A whole-
body scan covering the area from the head to the thigh 
(torso) was performed 60 min after intravenous injection 
of approximately 370 MBq of F-18 FDG. The PET/CT 
examinations were performed using PET/CT scanners 
(Discovery STE or Discovery 690; GE Healthcare, 
Milwaukee, WI, USA). CT images were acquired using 
multi-detector CT equipment with a standard protocol 
comprising 140 kV, 60–80 mA, and a section thickness 
of 3.75 mm. The PET emission data were acquired for 2 
min per bed position. The PET images were reconstructed 
using an ordered-subset expectation maximization 
iterative reconstruction algorithm with three iterations, 18 
subsets, a matrix size of 256 × 256, and a transaxial field 
of view of 50 cm. The PET images were subsequently 
fused with the CT images.

Image evaluation
Semi-quantitative analysis was independently 

performed by two experienced nuclear medicine 
physicians who were blinded to the clinicopathological 
results. For semi-quantitative analysis, a three-dimensional 
volume of interest (3D VOI) was drawn on the primary 
tumor and lymph nodes, and SUVmax was calculated for the 
pixels within the 3D VOI. Lymph nodes with an SUVmax 
higher than 2.0 were classified as metastatic lymph nodes.

Machine learning models
One categorical variable (lymph node FDG uptake 

[LNFDG]) and six continuous variables (age, LNR, CEA, 
CA19-9, CRP, and SUVmax of the primary tumor) were 
used as input variables.

Four supervised machine learning methods were 
used to build predictive models: logistic regression (LR), 
random forest (RF), gradient boosting machine (GBM), 
and support vector machine (SVM). The Scikit-learn 
package (version 1.3.0) was used to train and test the 
machine learning models in Python (version 3.11); 20 
times 5-fold-cross-validation technique was employed to 
reduce overfitting. The patients were split into training 
and validation sets using stratified random sampling; 156 
(80%) patients were assigned to the training set and 39 
(20%) patients were assigned to the validation set. The 
average results of 100 independent tests were used to 
reduce variability in the model performance.

Evaluation and comparison of model performance
Area under the receiver operating characteristic curve 

(AUC) of the validation set were used for evaluating and 
comparing model performance [9].

Statistical analysis
Statistical analyses were performed using MedCalc 

for Windows, version 22.013 (MedCalc Software, Ostend, 
Belgium). The chi-square test or Mann–Whitney U 
test was used to compare the differences in the clinical 
variables. The optimal cutoff values for predicting 
regional lymph node metastasis were calculated using the 
receiver operating characteristic analysis. Univariable and 
multivariable analyses were performed using the following 
clinical variables: age; sex; LNFDG, CEA, CA19-9, and 
CRP levels; NLR; and SUVmax levels of the primary tumor. 
Statistical significance was set at P < 0.05.

Results

Characteristics of the study population
The patient characteristics are shown in Table 1. A 

total of 193 patients were included in this study (104 male 
and 89 female patients; mean age, 66.8 ± 11.3 years). The 
number of patients with lymph node metastasis were 63 
(33%). The mean number of harvested lymph nodes was 
28.8 ± 11.4. The mean CEA, CA19-9, and CRP levels 
were 4.8 ± 9.3 ng/ml, 15.6 ± 42.8 U/ml, and 1.0 ± 3.0 
mg/dl, respectively. The mean NLR was 2.2 ± 1.2. The 
mean SUVmax levels of the primary tumor were 15.2 ± 
7.9. Fifty-one (26%) patients showed FDG uptake in the 
pericolic lymph nodes. Among the 193 patients, 47 were 
diagnosed with stage I, 83 with stage II, 62 with stage 
III, and one with stage IV disease. The optimal cut-off 
values for age, CEA, CA19-9, CRP, NLR, and SUVmax 
levels of the primary tumor were 65, 4.7, 7.5, 0.5, 1.6, 
and 13.7, respectively. In the univariable analysis, the 
LNFDG, CEA, and SUVmax levels of the primary tumor 
were significantly associated with regional lymph node 
metastasis (Table 2). In the multivariable analysis, 
the LNFDG and SUVmax levels of the primary tumor 
were significantly associated with regional lymph node 
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Characteristics Total (n = 193) LNM- (n = 130) LNM+ (n = 63) P value
Age (years) mean±SD 66.8±11.3 66.6±11.5 67.3±11.2 0.5889
Sex 0.9873
     Female 89 (46) 60 29
     Male 104 (54) 70 34
Stage
     I 47 (24) 47 0
     II 83 (43) 83 0
     III 62 (32) 0 62
     IV 1 (1) 0 1
LNFDG <0.0001
     Positive 53 18 35
     Negative 140 112 28
Harvested lymph nodes 28.8±11.4 29.5±11.6 27.6±10.9 0.1900 
CEA (ng/mL) 6.6±16.4 4.8±9.2 10.3±25.2 0.0388
CA19-9 (U/mL) 23.2±111.5 15.4±42.5 39.2±185.4 0.0366
CRP (mg/dL) 1.0±3.0 1.2±3.2 0.8±2.3 0.1684
NLR 2.2±1.2 2.2±1.2 2.2±1.1 0.6964
SUVmax of primary tumor 15.2±7.9 15.3±7.8 14.9±8.1 0.5418

Table 1. Patient Characteristics. SD, standard deviation; LNFDG, lymph node fluorodeoxyglucose; CEA, 
carcinoembryonic antigen; CA19-9, carbohydrate antigen 19-9; CRP, c-reactive protein; NLR, neutrophil-lymphocyte 
ratio; SUVmax, maximum standardized uptake value.

Characteristics Odds ratio (95% CI) P value
Age (years) 0.3907 
     <65 1.0000 
     ≥65 1.3090 (0.7078-2.4211)
Sex 0.7460 
     Female 1.0000 
     Male 1.1051 (0.6037-2.0230)
LNFDG <0.0001
     Negative 1.0000 
     Positive 7.7778 (3.8495-15.7149)
CEA (ng/mL) 0.0207 
     <4.7 1.0000 
     ≥4.7 2.1935 (1.1277-4.2666)
CA19-9 (U/mL) 0.9609 
     <7.5 1.0000 
     ≥7.5 1.0156 (0.5468-1.8865)
CRP (mg/dL) 0.4177 
     <0.5 1.0000 
     ≥0.5 1.3133 (0.6794-2.5386)
NLR 0.4110 
     <1.6 1.0000 
     ≥1.6 1.3114 (0.6872-2.5023)
SUVmax of primary tumor 0.0413 
     <13.7 1.0000 
     ≥13.7 1.8958 (1.0256-3.5045)

Table 2. Univariable Analyses for Lymph Node 
Metastasis. LNFDG, lymph node fluorodeoxyglucose; 
CEA, carcinoembryonic antigen; CA19-9, carbohydrate 
antigen 19-9; CRP, c-reactive protein; NLR, neutrophil-
lymphocyte ratio; SUVmax, maximum standardized 
uptake value.

Characteristics Odds ratio (95% CI) P value
LNFDG <0.0001
     Negative 1.0000 
     Positive 7.2869 (3.5082-15.1355)
CEA (ng/mL) 0.2613 
     <4.7 1.0000 
     ≥4.7 1.5634 (0.7169-3.4095)
CA19-9 (U/mL) 0.6137 
     <7.5 1.0000 
     ≥7.5 1.2029 (0.5871-2.4645)
SUVmax of primary tumor 0.0389 
     <13.7 1.0000 
     ≥13.7 2.0781 (1.0380-4.1605)

Table 3. Multivariable Analyses for Lymph Node 
Metastasis. LNFDG, lymph node fluorodeoxyglucose; 
CEA, carcinoembryonic antigen; CA19-9, carbohydrate 
antigen 19-9; SUVmax, maximum standardized uptake 
value.

metastasis (Table 3).

Correlations between clinical factors
A strong positive correlation was observed between the 

CEA and CA19-9 levels, while a weak positive correlation 
was noted between the other clinical factors (Figure 1).

Model performances
The mean AUC for each method is presented in 

Table 4. All model performance values are expressed 
as means and standard deviations of the 100 cross-
validations. The mean AUC of the LR, RF, GBM, and 
SVM methods for the LNFDG model was 0.7046, 0.7047, 
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11]. Furthermore, reactive lymphadenopathy could result 
in false-positive findings of lymph node metastasis [12].

Recently, several studies have used machine learning 
methods to evaluate lymph node metastasis in colon 
cancer. These studies reported more accurate results with 
machine learning methods than those with conventional 
imaging methods. However, most previous studies have 
incorporated radiomic features, which can be labor-
intensive and time-consuming [7, 13, 14]. To address 
these challenges, we have utilized relatively simple 
machine learning methods. Machine learning models 
incorporating LNFDG status and clinical information 
showed good scores for predicting the preoperative status 
of regional lymph node metastasis in our study. We used 
four machine-learning techniques (LR, RF, GBM, and 
SVM). LR is a widely used machine learning technique 
for binary classification [15, 16]. RF is an ensemble 
technique that combines multiple decision tree models 
that classify the given datasets into two groups based on a 
certain criterion [17]. GBM is also an ensemble technique 
that leverages weak learners to minimize loss function, 
thereby building a robust predictive model [18]. SVM is 
a machine learning algorithm that determines an optimal 
hyperplane to separate classes of data [19].

No significant differences were observed in the AUC 

0.7040, and 0.7058, respectively. The mean AUC of the 
LR, RF, GBM, and SVM methods in the LNFDG plus 
clinical information model was 0.7046, 0.7302, 0.7444, 
and 0.7097, respectively. The mean AUC was significantly 
higher in the LNFDG plus clinical information model than 
in the LNFDG model using the RF and GBM methods. 
Among the machine learning models, the GBM method 
had the highest score for predicting regional lymph node 
metastasis in the LNFDG plus clinical information model.

Discussion

Accurate prediction of the regional lymph node 
metastasis status in patients with colon cancer is 
important for facilitating treatment strategies. Imaging 
examinations, such as CT and F-18 FDG PET/CT, have 
been conventionally used to predict regional lymph 
node metastasis status. Although the usefulness of 
CT and F-18 FDG PET/CT in lymph node metastasis 
detection in patients with colon cancer is well established, 
the diagnostic accuracy reported in previous studies 
was relatively low [4, 5]. Several factors, such as 
micrometastasis, limited spatial resolution of PET, and 
low FDG avidity, may contribute to the false-negative 
results of lymph node metastasis in colon cancer [10, 

Figure 1. Correlations between Clinical Factors. NLR, neutrophil-lymphocyte ratio; SUVmax, maximum standardized 
uptake value; CEA, carcinoembryonic antigen; CA19-9, carbohydrate antigen 19-9; CRP, c-reactive protein. 

Methods LNFDG LNFDG +clinical information P value
LR mean±SD 0.7046±0.0641 0.7046±0.0821 0.7927 
RF mean±SD 0.7047±0.0676 0.7302±0.0810 0.0140 
GBM mean±SD 0.7040±0.0695 0.7444±0.0773 0.0004 
SVM mean±SD 0.7048±0.0778 0.7097±0.0808 0.4284 

Table 4. AUC of the Machine Learning Models. LNFDG, lymph node fluorodeoxyglucose; LR, SD, standard deviation; 
linear regression; RF, random forest; GBM, gradient boosting machine; SVM, support vector machine.
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among the machine learning methods in the LNFDG 
model. To assess supplementary advantages in the 
performance of the LNFDG plus clinical information 
models upon comparison with the LNFDG model, we 
used only one variable in the LNFDG model, which 
could account for the similar model performance among 
the machine learning methods in the LNFDG model. 
However, the RF and GBM methods had a significantly 
higher AUC in the LNFDG plus clinical information 
model than the LR and SVM methods. Furthermore, 
the AUC for RF and GBM in the LNFDG plus clinical 
information model were significantly higher than those 
in the LNFDG model. Among these methods, RF and 
GBM are decision tree-based and ensemble methods that 
have demonstrated high accuracy in predicting clinical 
outcomes in studies across the medical field [20, 21].

In this study, only the LNFDG and SUVmax levels 
of the primary tumor were significantly associated with 
lymph node metastasis in the multivariable analysis. 
No significant association was observed between other 
clinical factors and lymph node metastasis. The LNFDG 
plus clinical information model included age, NLR, and 
CEA, CA19-9, CRP, and SUVmax levels of the primary 
tumor. However, NLR was not associated with lymph 
node metastasis [22, 23]. CRP was also not associated 
with lymph node metastasis [23, 24]. Several previous 
studies reported that preoperative CEA and CA19-9 levels 
were significantly associated with lymph node metastasis 
[22, 25-28]. The SUVmax levels of the primary tumor are 
significantly correlated with lymph node metastasis [29]. 
Machine learning models predict the most accurate results 
by adjusting the weights assigned to each included factor. 
In this way, a combination of clinically relevant factors 
can improve the diagnostic accuracy of regional lymph 
node metastasis in patients with colon cancer, which 
could be have contributed to the better performance of 
the LNFDG plus clinical information model in predicting 
lymph node metastasis.

This study has certain limitations. First, the number 
of patients included in the machine learning training 
set was low. Generally, the accuracy of the model tends 
to improve with increase in the amount of data. Thus, 
future studies with larger data sizes could improve the 
accuracy of the prediction models. Second, deep learning 
models, such as convoluted neural networks (CNN), 
which are mostly used for image data, have demonstrated 
improved accuracy compared with conventional machine 
learning models. In this study, we employed conventional 
machine-learning models for the sake of simplicity and 
convenience. However, studies utilizing automated CNNs 
and deep learning are warranted to develop more powerful 
tools for predicting lymph node metastasis in the future.

In conclusion, FDG uptake in the lymph nodes could 
accurately predict lymph node metastasis in patients with 
colon cancer. Furthermore, machine learning methods 
using LNFDG and clinical information could predict the 
lymph node metastasis status in patients with colon cancer 
with higher accuracy than a model using only FDG uptake 
of the lymph nodes.
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