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Abstract 

Background Hepatic alveolar echinococcosis (AE) is a severe zoonotic parasitic disease, and accurate preoperative 
prediction of lymph node (LN) metastasis in AE patients is crucial for disease management, but it remains an unre-
solved challenge. The aim of this study was to establish a radiomics model for the preoperative prediction of LN 
metastasis in hepatic AE patients.

Methods A total of 100 hepatic AE patients who underwent hepatectomy and hepatoduodenal ligament LN dis-
section at Qinghai Provincial People’s Hospital between January 2016 and August 2023 were included in the study. 
The patients were randomly divided into a training set and a validation set at an 8:2 ratio. Radiomic features were 
extracted from three-dimensional images of the hepatoduodenal ligament LNs delineated on arterial phase com-
puted tomography (CT) scans of hepatic AE patients. Least absolute shrinkage and selection operator (LASSO) 
regression was applied for data dimensionality reduction and feature selection. Multivariate logistic regression analysis 
was performed to develop a prediction model, and the predictive performance of the model was evaluated using 
receiver operating characteristic (ROC) curves, calibration curves, and decision curve analysis (DCA).

Results A total of 7 radiomics features associated with LN status were selected using LASSO regression. The classifi-
cation performances of the training set and validation set were consistent, with area under the operating character-
istic curve (AUC) values of 0.928 and 0.890, respectively. The model also demonstrated good stability in subsequent 
validation.

Conclusion In this study, we established and evaluated a radiomics-based prediction model for LN metastasis 
in patients with hepatic AE using CT imaging. Our findings may provide a valuable reference for clinicians to deter-
mine the occurrence of LN metastasis in hepatic AE patients preoperatively, and help guide the implementation 
of individualized surgical plans to improve patient prognosis.
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Introduction
Alveolar echinococcosis (AE), a grave zoonotic parasitic 
disease, continues to pose a global health threat. 
Hepatic AE is particularly prevalent in regions with 
flourishing livestock industries and robust nomadic 
communities, with contributing factors including the 
local environment, hygiene practices, and socioeconomic 
conditions [1].

When an intermediate host, such as humans or 
sand rats, ingests food or water contaminated with 
Echinococcus multilocularis tapeworm eggs, these 
eggs will develop into oncospheres under the action 
of the host’s digestive juices. Then, these oncospheres 
penetrate the intestinal wall, enter the portal vein, and 
ultimately settle in the liver to develop hepatic AE [2]. 
The growth characteristics of hepatic AE, akin to that of 
a neoplasm, have led to the development of the moniker 
"parasitic cancer", due to its proliferative and infiltrative 
nature, invasion of both adjacent tissues and organs, and 
metastasis to regional lymph nodes (LNs) through the 
deep and shallow drainage routes through the liver [3].

Current treatment protocols for hepatic AE primarily 
involve radical liver resection and drug therapy [4, 5]. In 
patients with hepatic AE with LN metastasis, regional 
LN dissection is also a requisite treatment measure [6]. 
Prior research has indicated that patients who undergo 
liver transplantation for end-stage hepatic AE without 
LN dissection often experience graft reinfection, 
underscoring the potential risk of persistent infection 
caused by LN metastasis [7].

Computed tomography (CT), a common preoperative 
examination technique, can be used to effectively 
visualize enlarged LNs [8]. However, its ability to discern 
the nature of the LN based on morphological attributes 
such as shape, size, and necrosis is limited, fails to meet 
the precision required for diagnosis and treatment. 
Therefore, it struggles to distinguish between reactive 
hyperplastic LNs resulting from chronic inflammation 
and infected LNs [9]. Current preoperative imaging 
techniques exhibit a low detection rate for LN metastasis, 
leading to a lack of study that can accurately predict 
LN metastasis in hepatic AE. While postoperative 
pathological assessment is the gold standard, it has 
limitations in clinical applications due to its delayed 
nature. Thus, the preoperative prediction of LN 
metastasis in hepatic AE patients is crucial for patient 
prognosis [10].

Radiomics, an emerging discipline within the medical 
field, utilizes high-throughput feature extraction to 
transform medical images into high-dimensional data 
for disease analysis and treatment decisions [11–13]. 
In this study, we employed CT radiomics to predict LN 
metastasis in hepatic AE patients, providing a rich source 

of information for identifying the nature of LNs and 
enabling personalized treatment strategies [14].

Methods
Study design and patients
This retrospective study was approved by the Ethics Com-
mittee of Qinghai Provincial People’s Hospital. Informed 
consent was waived due to the retrospective nature of the 
study. All methods were implemented in accordance with 
the Helsinki Declaration and relevant guidelines and reg-
ulations. The medical records of 162 hepatic AE patients 
who underwent hepatectomy and hepatoduodenal liga-
ment LN dissection at Qinghai Provincial People’s Hos-
pital from June 2016 to August 2023 were retrieved from 
the hospital information system. Patient age, sex, PNM 
staging, and imaging data were collected. The inclusion 
criteria were as follows: (1) patients with a first diagnosis 
of hepatic AE confirmed by postoperative pathology. (2) 
Abnormal hepatic hilar LNs were found on preoperative 
CT. (3) Patients who have undergone hepatic hilar LNs 
dissection or removal of abnormal LNs. To maintain the 
rigor of our research methodology, the exclusion criteria 
were as follows: (1) comorbidities such as liver cirrhosis 
and chronic hepatitis may affect the results of the analy-
sis. (2) Low-quality CT images were excluded to ensure 
that the data used for developing the models were reli-
able. (3) Patients whose clinical information was incom-
plete or who were lost to follow-up. Ultimately, 100 
patients were included in the study. Postoperative path-
ological results served as the gold standard; 36 patients 
were diagnosed with LN metastasis, and 64 patients were 
diagnosed with reactive LN hyperplasia. The patients 
were randomly assigned to the training or validation set 
at a ratio of 8:2, which resulted in 80 patients being allo-
cated to the training set and 20 patients being allocated 
to the validation set. The flowchart shows the details of 
patient selection and process (Fig. 1).

CT image acquisition
The scanning range extended from the diaphragm to 
the pubic symphysis. The parameters for abdominal 
enhanced scanning were set according to the "CT Exami-
nation Technology Expert Consensus" of 2016: 120  kV, 
automatic milliampere technology for effective tube 
current, helical scanning with a pitch of 0.98–1.37, tube 
rotation speed of 0.6–0.8  s/rotation, detector width of 
64 × 0.625  mm, and field of view of 300  mm × 350  mm. 
The contrast agent used was iodixanol 300 (iodine con-
centration 300  mg/mL), which was injected through a 
high-pressure injector via the intravenous route at a flow 
rate of 3.0  mL/s. The dose administered was 1.5  mL/kg 
body weight, followed by a 30  mL saline flush. Arterial 
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and venous phase scans were performed at 30 and 55 s, 
respectively, after the injection of the contrast agent.

Image segmentation and radiomics feature extraction
All the data were imported into 3D Slicer 5.2.2 
software, and two radiologists independently measured 
and delineated the CT images using a double-blind 
method. 3D Slicer software was used to generate a 
1.25-mm-thick image of the preoperative enhanced 
CT arterial phase. The LNs along the hepatoduodenal 
ligament, as indicated in the pathological report 
of patients with liver hepatic AE, are delineated 
in three-dimensional. The built-in “PyRadiomics” 
package of 3D Slicer was utilized to extract features 
from the delineated images. The extracted features 
are categorized into four groups: (1) first-order 
features based on the voxel intensity distribution 
within the region of interest, including the maximum, 
median, minimum, and mean voxel intensities; (2) 
shape features based on the delineated region of 
interest, such as the maximum surface area of the 
lesion; (3) texture features, including the gray-level 
co-occurrence matrix and gray-level size zone matrix; 

and (4) high-order statistical features, such as wavelet 
decomposition features based on texture features. In 
this study, the intraclass correlation coefficient (ICC) 
was used to assess the interobserver reliability of the 
radiomic feature extraction method, with an ICC > 0.75 
indicating good consistency.

Selection of radiomics features
To identify significant features among a large number 
of radiomic features, the radiomic features with an 
ICC > 0.75 in the training set were initially screened 
using one-way analysis of variance (ANOVA). The 
features exhibiting significant statistical significance 
were then included in the least absolute shrinkage 
and selection operator (LASSO) regression model to 
eliminate collinearity and select the most valuable 
features[15]. The model selected the λ value with the 
minimum mean squared error (MSE) plus one standard 
error (SE) in tenfold cross-validation, aiming to shrink 
as many feature coefficients to zero as possible and 
obtain a model with the fewest parameters.

Fig. 1 Flowchart illustrating the selection criteria
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Development and evaluation of radiomics model
A radiomics model was established using logistic 
regression, incorporating the final features obtained after 
the second screening [16]. The variance inflation factor 
(VIF) was calculated to determine if there was significant 
multicollinearity among the variables in the radiomics 
model. Variables with a VIF greater than 10 indicated 
significant multicollinearity. Nomogram was used to 
visualize radiomics model [17]. The area under the curve 
(AUC) for the receiver operating characteristic (ROC) 
curve of the training set and validation set was used to 
evaluate the predictive performance of the radiomics 
model. Additionally, calibration curve and decision curve 
analysis (DCA) were employed to further assess the 
predictive accuracy and application value of the model 
[18, 19].

Statistical analysis
Statistical analysis was conducted using R software 
(version 4.3.2). The "stats" package was utilized to 
construct the logistic regression model, the "glmnet" 
package was used to construct the LASSO model, the 
"rms" package was utilized to plot the nomogram and 
calibration curve, the "pROC" package was utilized to 
generate the ROC curve, and the "rmda" package was 
employed to plot the DCA. The normality test was 
performed for each of the measured data, utilizing the 
independent samples t test if the data followed a normal 
distribution and vice versa, utilizing the Mann‒Whitney 
U test. The Chi-square test was used for comparing 
categorical data. All tests were two-sided, and a p value 
less than 0.05 was considered to indicate statistical 
significance.

Results
Patient characteristics
All suspicious LNs were confirmed by postoperative 
pathological results, with 36 cases of hepatic AE LN 
metastasis and 64 cases of reactive LN hyperplasia. There 
were no statistically significant differences in sex, age, 
PNM staging, lesion location, or lesion size between the 
two groups of patients (P > 0.05) (Table 1).

Establishment of the radiomics model
A total of 874 radiomic features were extracted from 
each lesion in the training set, all with an ICC greater 
than 0.75 (range: 0.861–1). A total of 112 of these genes 
passed the ANOVA test and were included in the LASSO 
regression model (Fig. 2A). We introduced a regulariza-
tion parameter λ and used tenfold cross-validation to 
select the optimal λ value for the LASSO model based on 
the 1-SE criteria, with the selected λ = 0.105 (Fig. 2B). Coef-
ficient path plots were generated based on log(λ), and ulti-
mately, seven radiomic features with non-zero coefficients 
were identified, namely, LeastAxisLength, MajorAxisLen-
gth, SurfaceVolumeRatio, Median, Skewness, Dependen-
ceEntropy, and ZoneEntropy (Fig. 2C). The radiomics score 
was calculated by using the following formula: Radiomics 
score = − 8.375596 + 0.028959 * LeastAxisLength + 0.003892 
* MajorAxisLength −  4.610770 * SurfaceVolumeRatio 
−  0.038589 * Median + 0.996096 * Skewness + 2.018510 * 
DependenceEntropy + 0.303349 * ZoneEntropy (Fig.  2D). 
The scatter plots of the radiomics score for each patient in 
the training and validation sets are shown in Additional 
file  1: Fig. S1. The detailed radiomic features of all 
patients can be found in Additional file 2: Table S1.

Table 1 Demographic data of the patients

Parameter No lymph node metastasis Lymph node metastasis T value/χ2 p-value
N = 64 N = 36

Gender

 Female 38 (59.4%) 21 (58.3%) 0.010 0.919

 Male 26 (40.6%) 15 (41.7%)

 Age (mean ± SD, yr) 31.7 ± 13.1 34.7 ± 15.0 - 0.999 0.321

PNM staging

 Stage 2 (P2N0M0) 1 (1.56%) 0 (0.00%) 0.390

 Stage 3a (P3N0M0) 3 (4.69%) 2 (5.56%)

 Stage 3b (P1–3N1M0) (P4N0M0) 38(59.4%) 16 (44.4%)

 Stage 4 (P4N1M0) (P1–4N0–1M1) 22(34.4%) 18 (50.0%)

Location of lesions

 Left 17 (26.6%) 4 (11.1%) 3.316 0.069

 Right 47 (73.4%) 32 (88.9%)

 Lesion size (mean ± SD,  m2) 111 ± 68.1 96.0 ± 68.5 1.063 0.291
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Evaluation of the predictive performance of the radiomics 
model
The VIFs of the seven variables in the radiomics model 
ranged from 1.276 to 6.422 (Additional file 3: Table S2), 
indicating that there was no severe collinearity among 
them. Radiomics image data were collected for two 
patients, and the status of suspicious LNs was deter-
mined, as shown in Fig.  3. The predictive efficacy of 
the radiomics model is shown in Table  2, with a sen-
sitivity of 0.897 and a specificity of 0.843 in the train-
ing set and a sensitivity of 0.857 and a specificity of 
0.923 in the validation set. The predictive results of 
the two sets are consistent. The ROC analysis results 

showed good classification performance in the training 
set (AUC = 0.928) and validation set (AUC = 0.890). In 
both sets, the calibration curves showed a close match 
between the predicted probabilities and actual prob-
abilities, demonstrating good discrimination and cali-
bration capabilities. The DCA showed that the model’s 
performance was consistently greater than the extreme 
curve throughout the entire range, further indicating 
its good clinical applicability (Fig. 4). Overall, our radi-
omics model may have good predictive performance 
and can accurately differentiate whether suspicious LNs 
have hepatic AE metastasis preoperatively.

Fig. 2 Signature selection using LASSO regression and logistic regression models in the training set. A Heatmap of correlation between radiomics 
signatures and LN status. B λ selection was used in the LASSO model with tenfold cross-validation by the one standard error of the minimum 
criteria, the value of λ is 0.105. The left and right dotted lines correspond to the minimum criterion and one standard error of the minimum criteria. 
C The path plots of coefficient contraction for the radiomics signatures with log(λ) as the horizontal coordinate shows that 7 signatures will be left 
to have non-zero coefficients when the value of λ is 0.105. The left and right dotted lines correspond to the minimum criterion and one standard 
error of the minimum criteria. D The radiomics nomogram was developed with the training set
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Discussion
According to the consensus of international experts, 
hepatectomy is the preferred curative treatment for 
hepatic AE patients, but it does not explicitly specify how 
to handle potentially infected LNs [6]. Unfortunately, in 
advanced or extensively lesioned hepatic AE, lymphatic 
drainage pathways from the liver, both deep and 
superficial, often lead to regional LN metastasis [20]. A 

meta-analysis of 417 studies was mentioned, followed 
up after categorizing them into two groups based on 
whether LN dissection was performed. The comparison 
revealed a significantly better prognosis for patients 
who had undergone LN dissection [21]. In patients 
with advanced AE who underwent liver transplantation 
without LN dissection, recurrence of infection in the 
transplant occurred several years later, suggesting that 
LN metastasis might pose a potential risk for persistent 
infection [22]; this indicates that neglecting the treatment 
of patients’ LNs may have a serious impact on their 
prognosis, but there are limitations in distinguishing 
patients who require LN dissection at present [23].

Currently, the identification of preoperative LNs is 
usually achieved by conventional imaging methods, 
which are subject to observer bias and characterized by 
low sensitivity and specificity [24]. Nonenhanced LN 
enhancement, nodules within the LN, and "sand-like" 
calcification are important CT signs of AE LN metastasis. 
However, in our daily clinical work, we observed that 
some patients with pathological findings suggestive of 
AE LN metastasis may not present these CT markers 
[25]. For LNs suspected of having metastasis, biopsy 

Fig. 3 A, B, and C are a 37-year-old female patient with AE metastatic LN confirmed on postoperative pathology; D, E, and F are a 23-year-old male 
patient with reactive hyperplastic LN confirmed on postoperative pathology. A The arterial phase CT scan shows the suspicious LN and an ROI 
(red arrow) is outlined along the edge of the LN. B The figure shows a three-dimensional ROI along the layer-by-layer outlining of the entire LN. C 
Hematoxylin–eosin staining with 1 × magnification, and observation showing the suspicious LN has AE metastasis. D CT scan in the arterial phase 
showing the suspicious LN and outlining the ROI along the edge (blue arrow). E The figure shows a three-dimensional ROI along the layer-by-layer 
outlining of the entire LN. F Hematoxylin–eosin staining with 1 × magnification, and the observation shows that the suspicious LN is a reactive 
hyperplastic LN

Table 2 Prediction performance of the LR model

Parameter Training set Validation set

Cutoff 0.318 0.318

Recall 0.897 0.857

Precision 0.765 0.857

Sensitivity 0.897 0.857

Specificity 0.843 0.923

Accuracy 0.863 0.900

F1 0.825 0.857

Brier 0.105 0.077

AUC (95% CI) 0.928 (0.874–0.983) 0.890 (0.731–1.000)



Page 7 of 10Zhou et al. European Journal of Medical Research          (2024) 29:409  

Fig. 4 The predictive efficacy of the radiomics model is validated in the training set and validation set. The prediction effectiveness of the training 
set (A) and validation set (B) is shown in the ROC curves. Radiomics model calibration curves for training set (C) and validation set (D) showing 
the consistency of actual and predicted probabilities. DCA of training set (E) and test set (F) shows the relationship between net gain and threshold 
probability
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is the gold standard for diagnosis, but it is an invasive 
procedure with certain risks. The perihepatic LNs are 
quite deep and numerous, which makes it impossible 
to obtain samples from the suspected LNs one by 
one. Therefore, there is an urgent need for a new and 
effective method to distinguish whether LN metastases 
have occurred, facilitating the development of a more 
personalized treatment plan for patients.

Radiomics is a method of image analysis that 
quantitatively assesses features such as shape, texture, 
and intensity to yield insights into diseases or tissues 
[26]. Radiomics research has advanced significantly, 
integrating diverse medical imaging data, supplying 
large datasets for machine learning, and enhancing the 
accuracy and efficiency of automated analyses [11]. 
The application of radiomics in predicting tumor LN 
metastasis preoperatively has gained recognition and 
demonstrated superior predictive power compared 
to traditional models [27]. To reduce bias, our study 
focused on the hepatoduodenal ligament LN, the most 
common site of metastasis. Using radiomics, we analyzed 
CT-enhanced arterial phase images of suspicious 
LNs for which the status could not be confirmed. AE 
proliferates continuously, causing complete destruction 
of the LN to form a necrotic granulomatous mass, with 
no enhancement being an important signature CT image 
feature [28]. Moreover, the LNs in the arterial phase 
were clearly delineated from the surrounding tissues 
and easily outlined. LASSO regression was utilized 
to reduce the number of dimensions in the images 
and select seven optimal features. LeastAxisLength 
and MajorAxisLength are classified as shape features, 
which in this study represent the size of the LNs. Larger 
values suggest a greater likelihood of metastatic LNs. 
The SurfaceVolumeRatio also falls under the shape 
feature, reflecting the irregularity of the LN surface. Its 
value is inversely proportional to the possibility of AE 
metastasis, indicating that the surfaces of metastatic 
LNs are relatively smooth. First-order statistics include 
Median and Skewness, which reflect the intensity and 
asymmetrical distribution of the lesion image pixels, 
providing insights into the tissue density or nature 
within the lesion. In this study, the pixel intensity of 
metastatic LNs was lower, indicating that the density 
inside the affected lymph nodes was lower and that the 
distribution was asymmetrical. DependenceEntropy 
and ZoneEntropy, which extract entropy values from 
the image texture, are texture features. In this study, 
higher DependenceEntropy and ZoneEntropy were 
associated with an increased risk of AE LN metastasis, 
indicating significant complexity and randomness in the 
relationships among pixels within the lesion image [29, 
30]. The incorporation of these signatures into logistic 

regression to construct a nomogram revealed that 
radiomics score is significantly correlated with the risk 
of hepatic AE LNs metastasis. ROC curves, calibration 
curves, and DCA further confirmed the predicted 
stability of radiomics model. Based on these findings, our 
radiomics model may assist in identifying AE metastatic 
LNs. In addition, previous studies have shown that 
clinical features are not associated with LN metastasis in 
patients with hepatic AE [31], consistent with the data in 
this study (Table 1). Therefore, we did not include clinical 
features in the final model. In the future, we will consider 
enhancing the predictive performance of the model by 
combining additional parameters, such as laboratory 
indices [32].

Through the analysis of a large number of specimens 
obtained after LN dissection, we discovered that some 
LNs with reactive hyperplasia due to long-term chronic 
inflammation are often identified as suspicious LNs 
before surgery [33]. This peculiar situation may arise 
because a large amount of inflammatory substances 
generated by hepatic AE spread to regional LNs through 
the lymphatic system, thereby triggering varying degrees 
of immune response. Consequently, local fibrosis, 
chronic inflammation, LN edema, and hyperplasia occur, 
ultimately leading to the formation of characteristic 
granulomatous changes [34]. Reactive LN hyperplasia 
resulting from chronic inflammation can be actively 
monitored and observed. Engaging in the blind dissection 
of all suspicious LNs may have several detrimental 
consequences for the patient, including surgical risks, 
prolonged postoperative recovery, complications, and 
additional medical expenses. Furthermore, previous 
studies have demonstrated that AEs can metastasize via 
lymphatic drainage, and if only hepatectomy is performed 
without considering that removal of regional LNs may 
leave parasitic tissue behind, even if it is not apparent, we 
believe that LN dissection is essential for patients with 
AE metastasis. The long-term prognosis of patients with 
reactive hyperplastic lymph nodes and metastatic lymph 
nodes after lymph node dissection was compared in 
another follow-up study of up to 10 years, and the results 
demonstrated no significant difference [31]; this indicates 
that, as long as LN dissection is performed on patients 
with metastatic LNs, their prognosis can be at least as 
good as that of non-metastatic patients. Additionally, 
although LN dissection does prolong the duration of the 
operation, it is not directly associated with postoperative 
complications. In summary, radical liver resection 
combined with regional LN dissection is a safe, feasible, 
and effective approach for treating hepatic AE.

Nevertheless, our study has several limitations. 
Firstly, the possible sites of LN metastasis in hepatic 
AE are the areas near the hepatoduodenal ligament, 
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common hepatic artery, gastric lesser curvature, and 
celiac trunk [35]. This study focused only on the most 
common hepatoduodenal ligament LN without including 
other sites; although the probability of metastasis 
to other LNs being very small, this limitation might 
underestimate the true incidence of LN metastasis. 
Future research that extends to these additional sites 
could improve the predictive accuracy and clinical 
relevance of radiomics model. Secondly, this was a single-
center, retrospective study. Despite processing the data 
robustly and conducting verification, the insufficient 
sample size may have led to bias in the results from 
the actual circumstances. Our subsequent step will 
involve conducting multicenter, prospective studies 
while continuing to follow up with previous patients 
to further validate our findings. Finally, we exclusively 
selected CT-enhanced phase images for the extraction 
of radiomic features and did not incorporate magnetic 
resonance, ultrasound, or other images. The inability 
to extract complementary information from different 
imaging technologies might limit the application of 
the model in complex cases, especially where CT alone 
cannot fully reveal the details of the lesion [36]. Future 
research should consider a variety of imaging data to 
provide a more robust foundation for radiomic analysis.

Conclusion
In this study, we successfully established the first model 
for predicting LN metastasis in patients with hepatic AE 
and confirmed its favorable predictive efficacy, which 
not only helps physicians determine the presence of 
LN metastasis, but also provides innovative insight for 
treatment decisions. This result is complementary to 
the personalized treatment of hepatic AE, and we look 
forward to the future application of this model in clinical 
practice to improve the long-term prognosis of patients.
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