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Abstract: This study aimed to construct and validate a preoperative predictive model for lymphatic-vascular space
infiltration (LVSI) in colon cancer using clinical features and computed tomography (CT) radiomics, and to evaluate
its clinical utility. A total of 244 colon cancer patients treated at Yongkang First People’s Hospital from January
2018 to January 2024 were enrolled as the training set (LVSI-positive: n=92, LVSI-negative: n=152), and 58 pa-
tients treated between February 2024 and August 2025 served as the validation set. Clinical data were collected,
and contrast-enhanced CT images were analyzed. Radiomic features were extracted using PyRadiomics, and fea-
tures with intraclass correlation coefficient (ICC) >0.8 were retained to ensure reproducibility, and least absolute
shrinkage and selection operator (LASSO) regression was applied for dimensionality reduction. A clinical model, a
radiomics model (based on Rad-score), and a combined model were established via multivariate logistic regres-
sion. Receiver operating characteristic (ROC) curve, calibration curve, Hosmer-Lemeshow test, and decision curve
analysis (DCA) were used to assess model performance. The results showed that tumor diameter, differentiation
degree, CT-detected extramural vascular invasion (CEMVI), and carcinoembryonic antigen (CEA) were independent
risk factors for LVSI (all P<0.05). Four key radiomic features were screened to calculate Rad-score. In the training
set, the combined model achieved an area under the curve (AUC) of 0.90 (95% CI: 0.86-0.94), significantly higher
than the clinical model (AUC=0.75) and radiomics model (AUC=0.84) (both P<0.001), with accuracy, sensitivity,
and specificity of 0.82, 0.80, and 0.86, respectively. In the validation set, the combined model maintained an AUC
of 0.92 (95% CI: 0.86-0.99), outperforming the clinical model (AUC=0.71, P=0.004), and showed good calibration
(Hosmer-Lemeshow P=0.364) and positive net benefits in DCA. The combined model integrating clinical features
and CT radiomics exhibits excellent performance in preoperative prediction of LVSI in colon cancer, providing a reli-
able tool for individualized treatment decision-making.

Keywords: Colon cancer, computed tomography radiomics, lymphatic-vascular space infiltration, predictive value

Introduction

Colon cancer is a common malignant tumor of
the digestive system with high incidence and
mortality rates worldwide [1]. According to epi-
demiological estimates, the disease burden of
colon cancer is particularly severe in China [2].
The incidence of colon cancer is projected to
further increase by 2030 [3]. Despite signifi-
cant advances in medical technology in recent
years, the overall prognosis for colorectal can-
cer patients remains suboptimal [4]. Lympha-
tic-vascular space infiltration (LVSI) refers to
the presence of tumor cells within the spaces
between lymphatic vessels or blood vessel
walls [5]. The presence of LVSI is not only clo-
sely associated with patient prognosis but also

significantly influences treatment decision-ma-
king, particularly the selection of adjuvant che-
motherapy and the determination of surgical
extent [6]. Specifically, LVSI positivity is a key
factor in determining whether to administer
adjuvant chemotherapy in stage Il colon cancer
and may influence the extent of lymphadenec-
tomy during surgery, as it indicates a higher risk
of occult metastasis [7, 8]. However, the diag-
nosis of LVSI still relies on postoperative patho-
logical examination and therefore cannot pro-
vide timely information for individualized tre-
atment planning before surgery [8]. Therefore,
the development of a non-invasive, reproduc-
ible and readily applicable preoperative predic-
tive tool has become an urgent need for opti-
mizing colorectal cancer treatment strategies
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and mitigating the risks of overtreatment or
undertreatment.

Currently, contrast-enhanced computed tomo-
graphy (CT) remains the primary tool for preop-
erative assessment in clinical practice, enab-
ling preliminary assessment of disease status
through observation of tumor size, lymph node
morphology, and distant metastasis [9]. How-
ever, the direct predictive value of CT for LVSI
remains limited, and its sensitivity and spe-
cificity need to be improved [10]. In addition,
although serum tumor markers such as carci-
noembryonic antigen (CEA) and carbohydrate
antigen 19-9 (CA19-9) can assist in evaluating
tumor activity, their specificity is limited and
they cannot effectively determine LVSI status
when used alone [11]. As an emerging quantita-
tive imaging technology, radiomics enables the
extraction and analysis of high-throughput fea-
tures from medical images, thereby uncovering
tumor heterogeneity imperceptible to the na-
ked eye [12]. By constructing predictive models
based on these features, radiomics offers a
promising avenue for non-invasive assessment
of tumor biological behavior. Its predictive va-
lue for tumor characteristics and prognosis has
been validated in several malignancies such as
lung and breast cancer [13, 14]. In the context
of colorectal cancer, preliminary radiomics stu-
dies have primarily focused on predicting out-
comes like lymph node metastasis, tumor stag-
ing, or treatment response [15, 16]. However,
studies specifically targeting the preoperative
prediction of LVSI remains limited. Furthermore,
most existing studies suffer from key method-
ological limitations, such as small single-center
sample sizes and the absence of external vali-
dation, which raises concerns about model
overfitting and generalizability [17].

Against this backdrop, the present study aimed
to construct and validate a predictive model
for LVSI in colon cancer based on CT radiomics.
By collecting data from colon cancer patients
who underwent contrast-enhanced CT exami-
nations and using postoperative pathological
findings as the gold standard, we extracted and
screened radiomic features closely associated
with LVSI. Subsequently, a clinical model, a CT
radiomics model, and a combined model we-
re established. The diagnostic performance of
these models were further evaluated using
receiver operating characteristic (ROC) curve
analysis, and their clinical utility was further
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assessed using decision curve analysis (DCA).
We anticipate that these findings will provide
valuable evidence for preoperative risk stratifi-
cation and treatment decision-making in colon
cancer patients, thereby improving patient pro-
gnosis and quality of life.

Materials and methods
Study population

This study retrospectively retrieved patient da-
ta from the electronic medical system. A total of
244 patients with colon cancer who were treat-
ed at Yongkang First People’s Hospital from
January 2018 to January 2024 were retrieved.
The study flowchart is shown in Figure 1. After
applying strict inclusion and exclusion criteria,
data of 244 patients were finally collected for
statistical analysis and constituted the training
cohort.

For the training set, considering that the study
aimed to identify independent risk factors for
LVSI (a dichotomous outcome) and construct a
multivariate logistic regression model, the sam-
ple size was determined according to the “10
events per variable (EPV)” rule [18]. Preliminary
clinical data showed that the LVSI positive ra-
te in colon cancer patients was approximately
38% (consistent with the final training set posi-
tive rate of 37.7%, 92/244). In the initial mo-
del design, 4 potential clinical variables (tumor
diameter, differentiation degree, cEMVI, CEA)
and 4 core radiomic features, totaling 8 vari-
ables, were planned to be included. Thus, the
minimum required number of LVSI-positive
cases (events) was 8 x 10 = 80. Based on pre-
vious similar retrospective radiomics studies
on colon cancer [16], the expected data loss
rate due to incomplete medical records or un-
qualified imaging data was estimated to be
approximately 15-20%. To compensate for po-
tential data loss or exclusion (consistent with
the reported loss rate in similar studies), the
sample size was increased by 20%, leading to a
target of 96 LVSI positive cases. Finally, 244
patients (including 92 LVSI positive cases) were
enrolled in the training set, which satisfied the
EPV requirement (92 events/8 variables = 11.5
EPV). In addition, to validate the predictive mo-
del, an independent validation cohort com-
prising 58 patients treated between February
2024 to August 2025 was collected. The inclu-
sion and exclusion criteria for the validation set
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Initial Screening Colon Cancer Patients
Jan 2018 - Jan 2024 (n = 316)

Exclusion:
Non-single lesion or other malignancies (n = 32);

Preoperative anti-tumor therapy (n = 19);
Large artifacts or poor image quality (n = 13);
Incomplete clinical data (n = 8)

endothelial cells. Hematoxylin-
eosin (HE) staining was initially
used for screening: patholo-
gists observed the presence of
tumor cells in lymphatic/vas-
cular lumens, combined with
morphological features such
as vascular wall structure and

surrounding tissue infiltration.

Eligible Patients (n = 244)

LVSI diagnostic criteria

v v

LVSI-positive (n = 92) LVSI-negative (n = 152)

| |
y

Model construction:

Clinical model
Radiomics model
Combined model

Model evaluation and validation:
Draw the ROC, calibration curve and decision curve;
Calculate the AUC, accuracy, sensitivity and specificity;
Time-based validation set: Feb 2024 - Aug 2025 (n = 58).

Figure 1. Flow chart of the study design and patient selection.

were exactly the same as those in the training
set. This study strictly adhered to the principles
of the Declaration of Helsinki and was approv-
ed by the Ethics Committee of Yongkang First
People’s Hospital (Approval Number: EC2025-
LW-028-01(K)).

LVSI diagnostic criteria

The pathological diagnosis of LVSI was estab-
lished in accordance with the criteria recom-
mended by the World Health Organization
(WHO) Classification of Tumors: Digestive Sy-
stem Tumors [19] and independently complet-
ed by two senior pathologists with over 10
years of experience in gastrointestinal patho-
logy. The diagnostic criteria were defined as
follows: Tumor cells (single cells, clusters, or
nests) were identified within the endothelial-
lined lymphatic or vascular spaces, with clear
separation from the surrounding stroma by
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If HE staining results were
ambiguous (e.g., unclear endo-
thelial lining or questionable
tumor cell localization), immu-
nohistochemical staining was
additionally performed using
the lymphatic endothelial mar-
ker D2-40 and the vascular
endothelial marker CD34 to
clarify the nature of the vascu-
lar structures and confirm the
presence of tumor cell infiltra-
tion. Discrepancies between
the two pathologists were re-
solved through joint review and
consensus after re-examina-
tion of the slides.

Inclusion and exclusion crite-
ria

Inclusion criteria: (1) age >18

years old; (2) patients diag-

nosed with colon cancer based

on postoperative pathological
examination, presenting with a single lesion; (3)
A contrast-enhanced CT scan was conducted
four weeks before the operation, with clear
results, and no radiotherapy, chemotherapy, or
other anti-tumor interventions that may alter
tumor morphology were performed during the
interval between CT examination and surgery;
(4) patients who had not received any anti-
tumor treatment before surgery.

Exclusion criteria: (1) patients with other malig-
nant tumors; (2) patients with incomplete clini-
cal or pathological records; (3) CT images with
severe artifacts that prevented accurate delin-
eation of the region of interest (ROI).

Clinical data and image acquisition

Baseline clinical data were collected for each
patient from the electronic medical records
system, including: sex, age, body mass index
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(BMI), primary tumor location, preoperative
CEA and CA19-9 levels, biopsy-based tumor
differentiation, CT-based extramural venous in-
vasion (CEMVI), pericolonic/perirectal fat infil-
tration (assessed on CT as the loss of the fat
plane between the tumor and adjacent struc-
tures, with stranding or nodular soft-tissue den-
sity extending into the surrounding pericolonic/
perirectal fat), and the maximum tumor diame-
ter (mm) measured on CT images. All patients
had no radiotherapy, chemotherapy, or other
interventions affecting tumor morphology be-
tween CT scanning and surgery, ensuring con-
sistency between imaging tumor status and
intraoperative findings.

All patients underwent contrast-enhanced CT
examinations using either a Siemens Somatom
Definition 64-slice CT scanner (Siemens Medi-
cal Systems AG, Erlangen, Germany) or a GE
LightSpeed 16-row CT scanner (General Elect-
ric Healthcare, Milwaukee, USA). The scanning
parameters were as follows: tube voltage, 120
KV; tube current, 120 mA; slice thickness, 5
mm; slice spacing, 5 mm. All patients under-
went plain and contrast-enhanced scans (arte-
rial phase, venous phase, and delayed phase).
A non-ionic iodinated contrast agent (iodine
concentration: 320 mgl/mL) was administered
via the antecubital vein using a high-pressure
injector at a flow rate of 3.0 mL/s, with a dose
of 1.0 mL/kg body weight. The arterial, venous,
and delayed phase scans were obtained at
30 s, 70 s, and 180 s after contrast injection,
respectively. The reconstructed images were
transferred to the Picture Archiving and Com-
munication System (PACS) workstation for sub-
sequent analysis.

Radiomics process

(1) Image segmentation: all CT images were
exported in Digital Imaging and Communica-
tions in Medicine (DICOM) format and imported
into the Picture Archiving and Communication
System (PACS) for image analysis. Two radiolo-
gists with over ten years’ experience in abdomi-
nal imaging diagnosis independently delineat-
ed the entire tumor margin by manually cont-
ouring all consecutive cross-sectional images
to generate regions of interest (ROIs), while
being blinded to the pathological findings. Dis-
crepancies were resolved through mutual con-
sultation. All planar ROIs were superimposed to
generate a three-dimensional volume of inter-
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est (VOI) for subsequent radiomic feature ex-
traction.

(2) Feature extraction: radiomics features were
extracted from each VOI using the open-source
Python package PyRadiomics (version 3.0.1).
A total of 1,535 quantitative features were
extracted, including first-order statistical fea-
tures, shape features, greyscale co-occurrence
matrix (GLCM) features, greyscale run length
matrix (GLRLM) features, greyscale size-zone
matrix (GLSZM) features, neighborhood grey-
scale difference matrix (NGTDM) features, and
filtered image features based on Laplacian-
Gaussian (LoG) filtering and wavelet transfor-
mation. To minimize the impact of variations in
CT scanners and acquisition parameters on
feature reproducibility, all images were resam-
pled to an isotropic voxel spacing of 1 x 1 x 1
mm? using B-spline interpolation. In addition,
grayscale intensity normalization was perfor-
med by centering and scaling the image inten-
sities to a range of 0-255, with a fixed bin width
of 25 for discretization, ensuring consistent
gray-level distribution across different scans.

Model establishment

(1) Clinical model: Clinical variables showing
statistically significant differences (P<0.05) in
the univariate analysis were included as in-
dependent variables, with LVSI status as the
dependent variable. A clinical prediction model
was constructed based on multivariate logistic
regression analysis.

(2) Radiomics model: First, inter-observer reli-
ability of the extracted radiomic features was
assessed by calculating the intraclass correla-
tion coefficient (ICC) based on the annotations
from the two physicians. Features with ICC >0.8
were retained, indicating good reproducibility.
Subsequently, these retained features under-
went standardization using Z-score normaliza-
tion. Subsequently, least absolute shrinkage
and selection operator (LASSO) regression wi-
th 10-fold cross-validation was applied for fur-
ther dimensionality reduction, selecting fea-
tures most strongly correlated with LVSI status.
The optimal penalty coefficient A (lambda. min)
was determined through cross-validation, ulti-
mately yielding a set of core features with non-
zero coefficients. The radiomics score (Rad-
score) for each patient was calculated as a
linear combination of these features. A ra-
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diomics model was constructed with the Rad-
score as the independent variable and LVSI sta-
tus as the dependent variable.

(3) Combined model: significant predictors id-
entified in the clinical model alongside the Rad-
score were incorporated into a multivariate
logistic regression analysis to construct the
final combined predictive model.

Statistical analysis

All statistical analyses were performed using
the United Imaging Research Platform soft-
ware (version 2.0; United Imaging Intelligence,
Shanghai, China) and SPSS (version 25.0; IBM
Corp., Armonk, NY, USA). Continuous variables
following a normal distribution were expressed
as mean * standard deviation and compared
using the independent samples t-test, while
non-normally distributed variables were pre-
sented as median (interquartile range, IQR)
and compared using the Mann-Whitney U test.
Categorical variables were described as fre-
quencies (percentages) and analyzed with the
Chi-squared test or Fisher's exact test, as
appropriate.

Radiomics feature reproducibility was assess-
ed using the ICC, and features with ICC >0.8
were retained. After Z-score standardization,
LASSO regression with 10-fold cross-validation
was applied to select the most predictive fea-
tures and calculate the Rad-score.

Univariate logistic regression analysis was per-
formed to screen clinical variables (entry crite-
rion: P<0.10), followed by multivariable logistic
regression with backward stepwise selection
to establish the clinical model. The radiomics
model was built using the Rad-score as the
independent predictor. The combined model
was constructed by integrating both clinical
predictors and the Rad-score. Model discrimi-
nation was evaluated using the area under the
receiver operating characteristic curve (AUC),
with comparisons between models performed
via Delong’s test. Calibration was assessed
using calibration plots and the Hosmer-Leme-
show goodness-of-fit test. Clinical utility was
quantified using decision curve analysis (DCA).
All statistical tests were two-sided, and a P
value <0.05 was considered statistically signi-
ficant.
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Results

Baseline characteristics of the training set and
validation set

The training and validation cohorts included
244 and 58 patients, respectively (Table 1).
There was no statistical difference in baseline
demographic or clinical characteristics between
the two groups, indicating good comparability.

Univariate analysis in the training set

In the training set, 92 cases were classified
into the LVSI-positive group and 152 cases into
the LVSI-negative group (Table 2). The average
tumor diameter in the LVSI-positive group was
significantly larger than that in the LVSI-nega-
tive group (51.25 + 2.23 mm vs 50.06 + 1.89
mm, P<0.001). In addition, the proportions of
patients with poor differentiation (68.48% vs
44.74%, P<0.001), positive cEMVI (66.30% vs
48.03%, P=0.005), and CEA>5 ug/L (63.04%
vs 45.39%, P=0.001) were significantly higher
in the LVSI-positive group than in the LVSI-
negative group. No statistical differences were
observed in other variables.

Construction of a clinical prediction model

Variables with statistical significance in the uni-
variate analysis were included in the multivari-
ate Logistics regression analysis to construct a
clinical prediction model (Table 3). The model
identified four independent predictors of LVSI:
tumor diameter (OR=1.38, 95% Cl: 1.18-1.61,
P<0.001), degree of differentiation (OR=2.83,
95% Cl: 1.57-5.09, P<0.001), cEMVI (OR=2.56,
95% Cl: 1.41-4.63, P=0.002), and CEA level
(OR=1.91, 95% Cl: 1.07-3.40, P=0.028).

Screening of radiomic features

In this study, the radiomics features were pre-
liminarily screened using the ICC test, and a
total of 704 features with good reproducibility
were retained. After 10-fold cross-validation
and dimensionality reduction using LASSO re-
gression, four radiomic features with non-zero
coefficients were selected to construct the ra-
diomics prediction model. The LASSO regres-
sion process is illustrated in Figure 2A, 2B,
and the four radiomic features are shown in
Figure 2C.
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Table 1. Patient characteristics in the training set and the validation set

Variables Total (n=302) Validation set (n=58) Training set (n=244) Statistic P
Age, Mean + SD 67.01 +9.10 67.34 +8.85 66.93 +9.18 t=0.31 0.753
Sex, n (%) X?=0.33 0.565
Female 115 (38.08) 24 (41.38) 91 (37.30)
Male 187 (61.92) 34 (58.62) 153 (62.70)
BMI, Mean + SD 23.75 + 3.52 23.53 + 3.67 23.81 +3.49 t=-0.54 0.590
Tumor diameter, Mean + SD (mm) 50.51 + 2.07 50.39 + 1.87 50.52 +2.11 t=-0.41 0.683
Tumor location, n (%) x?=0.40 0.529
Left hemicolon 157 (51.99) 28 (48.28) 129 (52.87)
Right hemicolon 145 (48.01) 30 (51.72) 115 (47.13)
Differentiation degree, n (%) x?=0.55 0.458
Moderately/highly differentiated 143 (47.35) 30 (51.72) 113 (46.31)
Poorly differentiated 159 (52.65) 28 (48.28) 131 (53.69)
CEMVI, n (%) x?=0.19 0.661
Negative 138 (45.70) 28 (48.28) 110 (45.08)
Positive 164 (54.30) 30 (51.72) 134 (54.92)
Perirectal fat infiltration, n (%) x?=0.52 0.470
Negative 133 (44.04) 28 (48.28) 105 (43.03)
Positive 169 (55.96) 30 (51.72) 139 (56.97)
CEA, n (%) x?=0.08 0.779
<5 ug/L 146 (48.34) 29 (50.00) 117 (47.95)
>5 ug/L 156 (51.66) 29 (50.00) 127 (52.05)
CA19-9, n (%) x2=0.55 0.457
<37 U/mL 102 (33.77) 22 (37.93) 80 (32.79)
>37 U/mL 200 (66.23) 36 (62.07) 164 (67.21)
Preoperative TNM stage x?=0.22 0.637
Early stage (I-I) 226 (74.83) 42 (82.76) 184 (75.41)
Advanced stage (lIl) 76 (25.17) 16 (27.59) 60 (24.59)

Notes: BMI, body mass index; cEMVI, CT-detected extramural vascular invasion; CEA, carcinoembryonic antigen; CA19-9, carbo-

hydrate antigen 19-9.

The ICC values for the four selected features
were as follows: Shape_Maximum3DDiameter
(ICC=0.92), GLCM_Correlation (ICC=0.87), GL-
RLM_LongRunEmphasis (ICC=0.89), and Wa-
velet_HHL_GLCM_Contrast (ICC=0.85), indi-
cating excellent inter-observer reproducibility.
Among these, the shape feature Maximum 3D
Diameter reflected the overall tumor size, whi-
le GLCM_Correlation quantified local gray-level
dependencies within the tumor texture. GLR-
LM_LongRunEmphasis characterized the pres-
ence of long, homogeneous gray-level runs,
indicating intratumoral heterogeneity. Addition-
ally, the wavelet-derived feature Wavelet_HHL_
GLCM_Contrast captured fine-scale textural
variations after frequency decomposition. Rad-
score = 0.25* Shape_Maximum3DDiameter
+ 0.21* GLCM_Correlation + 0.09* GLRLM_
LongRunEmphasis + 0.04* Wavelet_HHL_GL-
CM_Contrast.
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Construction of the combined model

The combined prediction model integrating cli-
nical features and radiomics features is shown
in Figure 3. The model incorporated tumor
diameter, degree of differentiation, cCEMVI sta-
tus, CEA level, and the Rad-score. The logistic
regression equation of this model was as fol-
lows: Logit (P) = -28.6 + 0.37* tumor diameter
+ 1.26* degree of differentiation + 0.89%
cEMVI + 0.80* CEA + 13.02* Rad-score.

Model performance analysis

In the training set, the combined model reach-
ed an AUC of 0.90 (95% CI: 0.86-0.94), signifi-
cantly higher than that of the simple clinical
model (Delong test, Z=-4.937, P<0.001) and
the Rad-score model (DelLong test, 7=-3.426,
P=0.001) (Figure 4A; Table 4). The combined
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Table 2. Comparison of baseline characteristics between LVSI-positive and LVSI-negative patients in
the training set

LVSI-negative LVSI-positive

Variables Total (n=244) group (n=152) group (n=92) Statistic P
Age, Mean + SD 66.93 +9.18 67.20+8.52 66.47 + 10.19 t=0.61 0.544
Sex, n (%) x?=0.13 0.720
Female 91 (37.30) 58 (38.16) 33(35.87)
Male 153 (62.70) 94 (61.84) 59 (64.13)
BMI, Mean + SD 23.81+3.49 23.90+3.53 23.64 £ 3.43 t=0.57 0.568
Tumor diameter, Mean + SD (mm) 50.51+2.11 50.06 + 1.89 51.25 £ 2.23 t=-4.46 <0.001
Tumor location, n (%) x?=2.83 0.092
Left hemicolon 129 (52.87) 74 (48.68) 55 (59.78)
Right hemicolon 115 (47.13) 78 (51.32) 37 (40.22)
Differentiation degree, n (%) x?=12.99 <0.001
Moderately/highly differentiated 113 (46.31) 84 (55.26) 29 (31.52)
Poorly differentiated 131 (53.69) 68 (44.74) 63 (68.48)
CEMVI, n (%) X>=7.73 0.005
Negative 110 (45.08) 79 (51.97) 31 (33.70)
Positive 134 (54.92) 73 (48.03) 61 (66.30)
Perirectal fat infiltration, n (%) x?=0.41 0.520
Negative 105 (43.03) 63 (41.45) 42 (45.65)
Positive 139 (56.97) 89 (58.55) 50 (54.35)
CEA, n (%) x?=7.15 0.007
<5 ug/L 117 (47.95) 83 (54.61) 34 (36.96)
>5 ug/L 127 (52.05) 69 (45.39) 58 (63.04)
CA19-9, n (%) x?=1.85 0.174
<37 U/mL 80 (32.79) 45 (29.61) 35 (38.04)
>37 U/mL 164 (67.21) 107 (70.39) 57 (61.96)
Preoperative TNM stage X?>=2.72 0.099
Early stage (I-II) 184 (75.41) 120 64
Advanced stage (lll) 60 (24.59) 32 28 ()

Notes: BMI, body mass index; cEMVI, CT-detected extramural vascular invasion; CEA, carcinoembryonic antigen; CA19-9, carbo-
hydrate antigen 19-9.

Table 3. Construction of clinical prediction models

Variables B S.E z P OR (95% CI)
Differentiation degree
Moderately/highly differentiated 1.00 (Reference)
Poorly differentiated 1.04 0.30 3.48 <0.001 2.83(1.57-5.09)
cEMVI
Negative 1.00 (Reference)
Positive 0.94 0.30 3.10 0.002 2.56 (1.41-4.63)
CEA
<5 ug/L 1.00 (Reference)
>5 ug/L 0.65 0.29 2.20 0.028 1.91 (1.07-3.40)
Tumor diameter 0.32 0.08 4.10 <0.001 1.38 (1.18-1.61)

Notes: cEMVI, CT-detected extramural vascular invasion; CEA, carcinoembryonic antigen.

model demonstrated an accuracy of 0.82, a indicating that it significantly reduced the mis-
sensitivity of 0.80, and a specificity of 0.86, classification rate while maintaining high sensi-
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mance, with an AUC of 0.92
(95% CI: 0.86-0.99), signifi-
cantly superior to the clinical
model (DelLong test, Z=-2.902,
P=0.004) (Figure 4B; Table
4). The combined model also
showed numerically higher per-
formance compared with the
Rad-score model. Although the
statistical difference did not
reach a significant level, the
combined model performed
the best in terms of accuracy
(0.81) and specificity (1.00),
further supporting its robust-
ness and generalizability ac-
ross different populations. Di-
rect comparison between the
training and validation cohorts
revealed no significant differ-
ence in the predictive perfor-
mance of the combined model
(AUC: 0.90 vs 0.92, DelLong
test, Z=-0.633, P=0.527), indi-
cating stable predictive perfor-
mance across different patient
groups.

Model goodness-of-fit test

The goodness of fit of the
model was evaluated using
the calibration curve and the
Hosmer-Lemeshow test. The
results showed that in the tra-
ining set, there was no signifi-
cant difference between the
predicted probabilities and the
actual outcomes (x?=10.20,
Hosmer-Lemeshow P=0.252),
indicating good model calibra-
tion (Figure 5A). In the valida-
tion set, the combined model
also showed good agreement
between predicted and obser-
ved outcomes (x?>=8.74, Hos-
mer-Lemeshow P=0.364) (Fi-
gure 5B).

Clinical utility of the model

DCA are shown in Figure 6.
In the training set, when the
threshold probability ranged

tivity. In the validation set, the combined mo-
del still maintained excellent predictive perfor-
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from 0.1 to 0.9, the curve of the combined
model consistently remained above the “treat-
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Table 4. Analysis of model performance

Delong test

Model AUC Accuracy  Sensitivity  Specificity
Zvalue Pvalue
Training set
Clinical model 0.75 (0.69-0.81) 0.73 0.80 0.62 -4.937 <0.001
Radiomics model 0.84 (0.79-0.89) 0.79 0.82 0.74 -3.426 0.001
Combined model 0.90 (0.86-0.94) 0.82 0.80 0.86 Ref Ref
Validation set
Clinical model 0.71 (0.57-0.85) 0.66 0.60 0.78 -2.902  0.004
Radiomics model 0.84 (0.73-0.96) 0.83 0.88 0.72 -1.942  0.052
Combined model 0.92 (0.86-0.99) 0.81 0.72 1.00 Ref Ref
Combined model (Training vs Validation) 0.90vs 0.92 0.82vs 0.81 0.80vs0.72 0.86vs 1.00 -0.633 0.527
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strategy curve, suggesting that using the

model to guide clinical decision-making within
this threshold range could provide a sustained
positive net benefits (Figure 6A). Specifically,
the net benefit of the combined model exceed-
ed that of the “treat-all” strategy by more than
0.10 when the risk threshold was between
0.25 and 0.78; the maximum net benefit differ-
ence (0.24) between the model and the “treat-
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Discussion

all” strategy was achieved at a
threshold probability of 0.38.
Similarly, in the validation set,
the curve of the combined mo-
del remained consistently hig-
her than the “treat-all” strategy
within the high-risk threshold
range of 0.1 to 0.8, and was
significantly superior to the
“treat-non” strategy, further
confirming the good clinical
practicality of the model ac-
ross different populations (Fi-
gure 6B). In the validation co-
hort, the net benefit advantage
over the “treat-all” strategy re-
mained above 0.10 across
threshold probabilities of 0.20
to 0.60, peaking at a differ-
ence of 0.19 at a threshold
probability of 0.33. These fin-
dings demonstrate that the
combined model provides ro-
bust and clinically meaningful
improvements in net benefit
across a wide range of clinical-
ly relevant risk thresholds in
both the training and valida-
tion cohorts.

Colon cancer is one of the most prevalent
malignant tumors of the digestive system
worldwide, and its disease burden continues
to increase in China [20]. LVSI is a significant
pathological indicator in colorectal cancer,
showing a close association with lymph node
metastasis, distant metastasis, and poor prog-
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nosis [21]. Chen et al. [22] reported that LVSI
was significantly associated with lymphatic me-
tastasis in colon cancer. However, LVSI diagno-
sis currently relies on postoperative patholo-
gical examination, limiting its application in
guiding preoperative personalized treatment
decision-making. This study successfully con-
structed and validated a combined model inte-
grating clinical characteristics with CT radio-
mics for the non-invasive preoperative predic-
tion of LVSI status in patients with colon can-
cer. The Results demonstrated that the com-
bined model achieved outstanding discrimina-
tory capability in both the training set (AUC=
0.90) and validation set (AUC=0.92), signifi-
cantly outperforming either the clinical model
or the radiomics model alone. Calibration cur-
ve and decision curve analyses further con-
firmed the good calibration and favorable clini-
cal utility of the model. This study provides a
robust tool for preoperative risk stratification in
colorectal cancer patients, supporting its inte-
gration into existing clinical workflows. In cur-
rent practice, decisions regarding adjuvant che-
motherapy in stage Il colon cancer and the ex-
tent of lymphadenectomy are largely based on
postoperative pathological assessment LVSI,
often leading to delayed or suboptimal indivi-
dualized plans [7, 8]. The preoperative predic-
tive model proposed in this study may help
address this gap by identifying patients at high
risk of LVSI before surgery, enabling clinicians
to proactively adjust treatment strategies rath-
er than relying on postoperative pathological
confirmation.

The univariate analysis demonstrated that
patients in the LVSI-positive group exhibited
significantly higher mean tumor diameter, high-
er proportions of patients with poor differentia-
tion and positive cEMVI, and elevated CEA lev-
els compared to the LVSI-negative group. These
findings further support the clinical relevance
of the model, as the identified risk factors are
routinely assessed during preoperative eva-
luation, facilitating seamless integration of the
model into existing clinical decision-making
system. Furthermore, multivariate logistic re-
gression analysis confirmed that all these indi-
cators were independent risk factors for LVSI.
These findings are highly consistent with cur-
rent understanding of colorectal cancer patho-
physiology. Emile et al. [7] reported a strong
correlation between LVSI and lymph node me-
tastasis (LNM) as well as poorer overall surviv-
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al. In the clinical prediction model developed
by Niu et al. [23] based on 83,430 colon can-
cer patients, tumor indicators such as tumor
diameter, grade, and stage were identified as
independent predictors of LNM. From a biologi-
cal perspective, an increase in tumor diameter
may reflect enhanced tumor proliferation activ-
ity [24]. Tumor growth is not merely a simple
increase in volume but rather an evolutionary
process. During rapid proliferation, tumor cells
tend to select subclones with greater invasive-
ness and proliferative capacity [25, 26]. These
more aggressive subpopulations gradually be-
come dominant, leading to an increased ten-
dency to infiltrate surrounding tissues. Further-
more, previous research has suggested that
when tumor diameter exceeds a certain thre-
shold, the central region may develop hypoxia
due to insufficient blood supply [27]. Hypoxia
induces tumor cells to overexpress hypoxia-
inducible factor-1a (HIF-1c), which subsequen-
tly activates multiple downstream pathways
involved in angiogenesis (e.g., VEGF), cell in-
vasion, and epithelial-mesenchymal transition
(EMT), thereby creating favorable microenviron-
ment for LVSI. Poorly differentiated tumor cells
exhibit reduced cellular adhesion and increas-
ed proliferative activity, rendering them more
prone to detaching from the primary site and
invading vascular spaces [28]. In addition,
cEMVI, as a key CT imaging indicator suggest-
ing tumor invasion of blood vessels, is closely
related to the pathological process of tumor
cell invasion into vascular-interstitial space
[29]. Elevated CEA levels reflect tumor burden
and activity, and their potential co-regulation
with angiogenesis-promoting factors may joint-
ly create a tumor microenvironment conducive
to vascular invasion [30, 31]. These clinical
indicators collectively establish a framework
for the clinical assessment of LVSI risk across
multiple dimensions, including tumor burden,
cellular malignancy, macroscopic morphology,
and systemic tumor activity.

The advantage of radiomics lies in its ability
to extract information about intratumoral het-
erogeneity that is imperceptible to the naked
eye. In this study, four core features identified -
Maximum 3D Diameter, GLCM_Correlation, GL-
RLM_LongRunEmphasis, and Wavelet_HHL_
GLCM_Contrast - quantify tumor heterogeneity
from distinct perspectives, showing potential
associations with the biological mechanisms
underlying LVSI. Among these, Maximum 3D
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Diameter directly reflects tumor volume, which
is closely correlated with increased prolifera-
tive activity and hypoxia in the tumor core [27,
32]. As tumors grow beyond a critical size,
insufficient vascular supply induces overex-
pression of HIF-1a, subsequently upregulating
genes involved in angiogenesis (e.g., VEGF) and
EMT - key processes enabling tumor cells to
invade lymphovascular spaces [25, 27]. This
aligns with our clinical observation that tumor
diameter serves as an independent risk factor
for LVSI. GLCM_Correlation, which quantifies
spatial gray-level uniformity, exhibits lower val-
ues in LVSI-positive tumors, indicating micro-
structural disorganization [33]. Such disorgani-
zation may stem from abnormal extracellular
matrix (ECM) remodeling - tumor cells secrete
matrix metalloproteinases (MMPs) to degrade
collagen and fibronectin, disrupting tissue in-
tegrity and creating pathways for lymphovascu-
lar infiltration [17, 34]. Consequently, reduced
GLCM_Correlation may indirectly reflect enhan-
ced ECM degradation and invasive potential,
core biological traits facilitating LVSI. GLRLM_
LongRunEmphasis represents the presence of
long runs of homogeneous gray-level pixels,
and is often correlateed with intratumoral ne-
crotic or fibrotic regions [35]. Necrosis-induced
inflammation can trigger the release of cyto-
kines (e.g., TNF-a, IL-6), which may promote
vascular permeability and lymphangiogenesis.
In addition, fibrotic regions may act as a “scaf-
fold” for tumor cell migration. Therefore, elevat-
ed GLRLM_LongRunEmphasis values may in-
dicate a tumor microenvironment conducive to
LVSI, linking structural uniformity to pro-inva-
sive biological signals. Wavelet_HHL_GLCM_
Contrast, derived from high-frequency wavelet
decomposition, captures fine-scale textural va-
riations and reflects heterogeneity at the tumor-
stroma interface [36]. This interface represents
a critical site for crosstalk between tumor cells
and stromal cells, including cancer-associated
fibroblasts (CAFs). CAFs can secrete growth fac-
tors (e.g., TGF-B) that promote EMT in tumor
cells, enhancing tumor cell motility and inva-
siveness to penetrate lymphovascular walls
[37]. The association of this feature with LVSI
may therefore reflect subtle interface altera-
tions at the tumor-stroma boundary driven by
tumor-microenvironment interactions. Collec-
tively, these radiomic features may reflect key
biological characteristics associated with LVSI:
Maximum 3D Diameter and GLRLM_LongRun-
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Emphasis primarily represent tumor burden
and internal structural homogeneity/hetero-
geneity related to growth patterns; whereas
GLCM_Correlation and Wavelet_HHL_GLCM_
Contrast capture micro-architectural disorgani-
zation and local invasiveness at the tumor-stro-
ma interface, both of which are hallmarks of
aggressive tumor phenotypes and vascular
invasion [38, 39]. These quantitative imaging
parameters enable radiomics models to reveal
deep-level tumor characteristics that extend
beyond conventional radiological interpreta-
tion. The results of this study show that the
combined model can achieve the best predic-
tive performance, which may be attributed to
the complementary nature of clinical features
and radiomics features. Clinical features pro-
vide explicit biological information directly lin-
ked to disease mechanisms, whereas radio-
mics features offer highly-dimensional, quanti-
tative, yet “black-box” data concerning the
spatial heterogeneity within tumors [40]. For
instance, even when two tumors present with
similar size, differentiation grade, and CEA lev-
els, their internal textural heterogeneity may
differ substantially. Radiomics analysis is capa-
ble of capturing these subtle variations, which
may reflect different risks of LVSI. Incorporat-
ing Rad-score into clinical models effectively
integrates the tumor’s macroscopic phenotype
(clinical indicators) with microscopic textural
features (imaging informatics), thereby enabl-
ing a more comprehensive and multidimension-
al assessment of its invasive potential. The sta-
tistically significant results of the DelLong test
confirm that the enhancement in predictive
performance achieved through integration is
not coincidental.

For clinical application, the following adjust-
ments are proposed based on model predic-
tions: (1) For stage Il colon cancer patients pre-
dicted to be LVSI-positive, adjuvant chemo-
therapy (e.g., 5-fluorouracil-based regimens)
should be considered to reduce the risk of
occult metastasis, aligning with ASCO guide-
lines [7]; (2) During surgical planning, a pre-
dicted high risk of LVSI may warrant extended
lymphadenectomy (beyond standard D2 dis-
section) to ensure complete resection of po-
tential micrometastatic nodes; (3) For locally
advanced colon cancer, preoperative identifica-
tion of LVSI risk could guide neoadjuvant thera-
py selection to downstage tumors and reduce
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vascular invasion before surgery. These adjust-
ments are feasible as the model is based on
routine contrast-enhanced CT and clinical data,
requiring no additional invasive procedures or
cost.

This study has several limitations that should
be acknowledged during clinical translation.
First, as a single-center retrospective study, our
validation was performed on a temporally inde-
pendent but relatively small cohort (n=58) from
the same institution. We have re-verified the
validation set and confirmed the specificity of
the combined model reached 1.00, with all
LVSI-negative cases (28/28) correctly identi-
fied. However, this perfect specificity is likely
overestimated due to the small sample size
and limited number of LVSI-negative cases
(n=28) in the validation set. Small cohorts are
inherently prone to sampling bias and reduced
statistical representativeness, failing to cap-
ture the full spectrum of clinical heterogeneity
(e.g., rare tumor subtypes, complex comorbidi-
ties, or subtle variations in tumor biology) that
exists in large, diverse patient populations.
Additionally, the wide 95% CI of the specificity
(0.87-1.00) further reflects the uncertainty of
this estimate in real-world clinical practice.
Thus, the model’s specificity cannot be regard-
ed as universally reproducible, and future larg-
er-scale multicenter prospective studies with
balanced LVSI-positive/negative distributions
are required to validate its true performance
and to avoid overoptimistic inferences. Second,
the reproducibility of radiomics analysis faces
challenges: variations in scanning parameters
and reconstruction algorithms across different
CT devices may affect feature stability, while
the subjectivity of manually delineating tumor
regions introduces bias. This necessitates fu-
ture efforts to standardize image acquisition
protocols and develop automated segmenta-
tion algorithms. Third, several practical issues
must be addressed before its clinical transla-
tion, including the seamless integration of mo-
del outputs into clinical decision-making sys-
tems, the determination of optimal risk thre-
sholds for intervention based on cost-benefit
analysis, and the evaluation of the model’s
impact on clinical workflow efficiency. Crucially,
the model should serve as a supportive tool
rather than a substitute. A human-machine col-
laborative approach, combining model predic-
tions with individualized patient circumstanc-
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es, will remain essential for comprehensive as-
sessment. Finally, current models offer insuffi-
cient explanation of underlying biological me-
chanisms. The precise relationship between
imaging features and molecular processes su-
ch as lymphangiogenesis and EMT requires fur-
ther elucidation through multi-omics integra-
tion analysis. These limitations indicate that
while the model demonstrates promising pre-
dictive efficacy, its true clinical value remains
contingent upon rigorous validation and sys-
tematic integration to overcome these cha-
llenges.

Conclusion

This study developed and validated a predic-
tive model for LVSI in colon cancer by integrat-
ing clinical features and CT radiomics features.
Tumor diameter, differentiation grade, cEMVI,
and CEA were identified as independent risk
factors for LVSI, while four core radiomic fea-
tures effectively quantified tumor heterogene-
ity. The combined model exhibited excellent
performance, with AUCs of 0.90 and 0.92 in
the training and validation sets, respectively,
outperforming the clinical and radiomics mod-
els alone. It also showed good calibration and
meaningful clinical net benefits. This non-inva-
sive model enables accurate preoperative LVSI
prediction, aiding in individualized decisions on
adjuvant chemotherapy and surgical scope.
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