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Purpose: The incidence of lung adenocarcinoma (LUAD) in HIV-infected individuals is significantly increased. However, invasive
procedures for Ki-67 assessment may increase the risk of complications. Therefore, developing a non-invasive and accurate method
for Ki-67 prediction holds significant clinical importance. This study aims to explore the feasibility and value of a radiomics model
based on preoperative CT images in predicting Ki-67 expression levels in HIV-associated LUAD.

Patients and Methods: A total of 237 patients with HIV-associated LUAD were included. Of these, 102 were classified into the high
Ki-67 expression group, and 135 into the low Ki-67 expression group. The patients were randomly divided into a training group
(n=189) and a validation group (n=48) in a 4:1 ratio. Feature selection was based on intra-class correlation coefficient (ICC), Spearman
correlation coefficient, and Least Absolute Shrinkage and Selection Operator (LASSO) regression, yielding 16 optimal radiomic
features for building a logistic regression model. Model performance was evaluated by sensitivity, specificity, positive predictive value
(PPV), negative predictive value (NPV), F1 score, and the area under the receiver operating characteristic curve (AUC).

Results: 1834 CT image features were extracted, with 16 retained for further analysis. The Support Vector Machine (SVM) model
demonstrated the most balanced and optimal performance among the seven developed models. It achieved robust sensitivity (training
set: 0.89; testing set: 0.86), specificity (training set: 0.92; testing set: 0.89), PPV (training set: 0.89; testing set: 0.86), NPV (training
set: 0.92; testing set: 0.89), F1 score (training set: 0.89; testing set: 0.86), and AUC (training set: 0.975; testing set: 0.905), indicating
excellent predictive accuracy.

Conclusion: This study first demonstrates that a preoperative CT-based radiomics model can non-invasively predict Ki-67 expression
levels in HIV-associated LUAD patients. This finding not only provides a precise assessment tool for the HIV-infected population to
avoid the risks of invasive examinations but also paves new interdisciplinary research avenues for exploring tumor heterogeneity under
immunodeficiency conditions.
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Introduction

Despite the use of antiretroviral therapy (ART), HIV-related pulmonary diseases remain a leading cause of morbidity and
mortality among HIV/AIDS patients.' Due to immune system deficiencies, individuals with HIV/AIDS face
a substantially higher risk of various malignancies.” Among these, lung adenocarcinoma, one of the most common
types of non-small cell lung cancer (NSCLC), is especially prevalent. Research shows that cancer incidence and
mortality rates are significantly higher in HIV/AIDS patients compared to those without HIV. This elevated risk is
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driven by chronic immune suppression, direct carcinogenic effects of the virus, and factors related to ART, resulting in
distinct differences in tumor biology and survival outcomes compared to non-HIV-infected individuals.>* The Ki-67
protein, a key marker for assessing cell proliferation and tumor heterogeneity,” increases rapidly from the G1 phase to
mitosis, making it an important indicator of tumor malignancy, disease-free survival, progression-free survival, and
overall survival.® Ki-67, as a nuclear protein marker, has become an important indicator for evaluating tumor prolifera-
tion activity and prognosis by quantifying the proportion of tumor cells in the active phase of the cell cycle. Previous
studies have shown that as the gold - standard marker of cell proliferation activity, the expression level of Ki-67 is
associated with the invasiveness of LUAD, treatment resistance, and differences in patient survival.”” Moreover, the Ki-
67 proliferation index is an independent risk factor for recurrence in patients with early-stage LUAD after
segmentectomy.'® However, in the context of HIV infection, the biological behavior and clinical management of
LUAD face unique challenges. HIV - infected patients often have comorbid opportunistic infections and multidrug
resistance issues. As a result, patients with high Ki-67 LUAD may not tolerate intensive chemotherapy regimens. There
is an urgent need to explore individualized treatment strategies that balance efficacy and safety. Therefore, predicting Ki-
67 levels in patients with HIV-associated lung adenocarcinoma is crucial for prognosis and treatment planning.

In recent years, the rapid advancement of imaging technology and computational science has positioned radiomics as
a valuable tool in oncology research. Radiomics leverages the wealth of information embedded in medical images related
to tumor biology, behavior, and pathophysiology, which is often undetectable through conventional visual assessments. "’
By reducing diagnostic subjectivity, radiomics enhances accuracy, enabling earlier tumor detection and facilitating timely
treatment. This approach also supports personalized medicine by identifying specific tumor characteristics, allowing for
tailored treatment plans.'> Moreover, radiomics predicts tumor responses to therapies, helping clinicians adjust treatment
strategies to improve patient outcomes. Using radiomics minimizes unnecessary invasive procedures, reducing patient
discomfort and risk, while improving research efficiency and accelerating the development of new diagnostic and
therapeutic methods. By fostering interdisciplinary collaboration across medical imaging, computer science, bioinfor-
matics, and clinical practice, radiomics advances medical imaging technology. Its data-driven model provides evidence-
based support for clinical decision-making, contributing to more informed and effective healthcare strategies.

For patients with HIV-associated lung adenocarcinoma, radiomics offers a promising method for identifying and
quantifying imaging features linked to Ki-67 expression. Currently, a number of studies have demonstrated significant
associations between radiomic features and Ki-67 expression. Early diagnosis is crucial for prognosis assessment.” For
instance, Fu et al successfully developed a predictive model for Ki-67 expression in lung adenocarcinoma by integrating CT
radiomics with clinical characteristics.'> Moreover, a recent meta-analysis further highlighted that the use of CT-based
radiomics for predicting Ki-67 expression in lung cancer shows promising diagnostic performance. The pooled sensitivity,
specificity, and area under the curve (AUC) in the training cohort were 0.78, 0.81, and 0.85, respectively. In the validation
cohort, these values were 0.78, 0.70, and 0.81'*. However, it is noteworthy that existing studies have primarily focused on
immunocompetent populations, leaving a significant gap in research targeting HIV-positive individuals. The present study
utilizes CT imaging radiomics features and various machine learning models to predict Ki-67 expression levels to better assess
tumor proliferative activity and develop more precise treatment strategies. In addition, we aim to expand the application of
radiomics and machine learning in cancer research, offering methodological insights for future studies.

Patients and Methods
Study Subjects and Data Collection

This study used a retrospective analysis to systematically gather detailed clinical data from 237 hIV-positive patients with
concurrent lung adenocarcinoma treated at Nanning Fourth People’s Hospital between October 2019 and August 2024. The
inclusion criteria were: (1) confirmed HIV-positive status; (2) histopathological diagnosis of lung adenocarcinoma through
biopsy or surgical resection; (3) no prior treatment with radiation therapy, chemotherapy, or surgery before diagnosis; (4)
complete clinical records. Exclusion criteria included: (1) substandard image quality, such as artifacts or other issues in CT
images; (2) patients who did not undergo CT examination; (3) Patients who have undergone cancer treatment, such as
radiation, chemotherapy, or surgery (Figure 1). Ethical approval was obtained from the Ethics Committee of the Fourth
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Figure | Patient screening process.

People’s Hospital of Nanning (Approval No: [2022]64). This retrospective study did not contain any identifiable human
images and was an anonymous data collection that waived patients’ written informed consent. The study was conducted in
compliance with the Declaration of Helsinki, and all patient data were anonymized and handled with strict confidentiality to
protect patient privacy. Immunohistochemical staining was conducted using a mouse anti-human Ki-67 monoclonal antibody.
Tumor slices with the highest hotspots were selected, and at least five high-power fields were randomly chosen from each
stained slice to ensure that the Ki-67 expression level accurately represented the entire tumor. The percentage of Ki-67-
positive cells relative to the total number of cells was quantified. Patients were classified based on the Ki-67 labeling index,
with low Ki-67 expression defined as <40% positive staining and high Ki-67 expression defined as > 40% positive staining, in
line with previous studies and the expression levels observed in this study.'> '® Two pathologists reviewed all pathological
results, and any discrepancies were resolved through discussion with a third pathologist.

Imaging Data Acquisition

Imaging data for this study were acquired using high-precision GE NEW Revolution ES 128-slice spiral CT and GE
LightSpeed 64-slice spiral CT scanners. The CT equipment was first prepared to ensure optimal working conditions.
Patients were instructed to lie supine on the scanning table and remain still, avoiding movement or speech to minimize
motion artifacts. A scan thickness of 5 mm was set for routine scanning without the use of contrast agents. Contrast-
enhanced scanning was performed following intravenous administration of non-ionic iodine contrast agent [Iohexol
300mg(I)/mL, Beijing, China] via the median cubital vein using a high-pressure injector, with an injection flow rate of
2.5-3.0 mL/s and a dosage of 1.5 mL/kg. Following the scan, images were reconstructed to produce high-resolution CT
images. These images were analyzed to identify structural features associated with lung adenocarcinoma. The imaging
data were then securely stored and transmitted to the hospital’s imaging management system or the patient’s electronic
medical record, with imaging reports and professional diagnostic recommendations provided as clinically needed.
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Image Processing, ROI Definition, and Feature Analysis

DICOM format CT images were exported from the imaging workstation and standardized using ITK-SNAP software. The
slice thickness was adjusted to 1x1x1 mm, and the window width and level were set to 40 and 400, respectively, to optimize
image display. Two experienced specialists (Q.D.Z. and S.L.S.) then collaboratively delineated and defined the tumor
boundaries, manually outlining all layers of the regions of interest without knowledge of the Ki-67 index pathology results.
After combining ROIs from all layers, a three-dimensional volume of interest (VOI) was created (Figure 2). Radiomics feature
analysis was performed on the VOI using the PyRadiomics open-source software. In the feature selection pipeline, we
established a rigorous multi-level quality control system. Firstly, the Intraclass Correlation Coefficient (ICC) was employed to
evaluate feature reproducibility, retaining only features with ICC values >0.8 between two independent readers, thereby
ensuring the stability of feature extraction. Subsequently, Pearson correlation coefficient matrices were utilized for multi-
collinearity detection, with a threshold of 0.9 to eliminate highly linearly correlated features, reducing the risk of model
overfitting. Building upon this foundation, the Minimum Redundancy Maximum Relevance (mRMR) algorithm was
introduced for feature optimization. This algorithm maximizes the correlation between features and the target variable
while minimizing redundancy among features, compressing the feature space to 32 most representative features. Finally,
the L1-regularized Least Absolute Shrinkage and Selection Operator (LASSO) regression model was adopted for feature
selection. The optimal penalty parameter A was determined through 10-fold cross-validation, achieving sparse constraints on
regression coefficients and automatically screening out the most predictive feature subset. This systematic feature selection
pipeline, ranging from feature stability assessment to final model optimization, ensures the predictive performance and
generalization capability of the constructed model. The extracted features were categorized into three main types: geometric
features describing the tumor’s three-dimensional shape, intensity features representing the statistical distribution of voxel
intensities within the tumor, and texture features reflecting the spatial distribution patterns and complexity of intensities.

Data Analysis Methods
Data analysis was performed using SPSS 23.0 software. Quantitative data with a normal distribution were expressed as mean +
standard deviation, and group differences were assessed using independent sample t-tests. For categorical data, differences

Three Dimensional

Original Images Volume of Interest

Figure 2 Image segmentation process.
Notes: (A) Case |; (B) Case 2.
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between groups were evaluated using Pearson’s chi-square test. In the training set, dimensionality reduction of numerous
radiomics features was carried out using the Least Absolute Shrinkage and Selection Operator (LASSO) algorithm with 10-
fold cross-validation. Moreover, all radiological features were subjected to Mann—Whitney U-tests, with features having
a significance level of less than 0.05 being selected. The Spearman rank correlation coefficient was used to assess correlations
among highly repeatable features. Features with correlation coefficients greater than 0.9 were reduced to one to avoid
multicollinearity. To enhance the descriptive capability of the feature set, a greedy recursive elimination strategy was
employed to sequentially remove the most redundant features, thereby retaining the most representative ones.

Results

Clinical Baseline Characteristics

This study included 237 patients, with 135 having low Ki-67 expression and 102 having high Ki-67 expression. The
patients were randomly divided into training and testing sets in a 4:1 ratio. Baseline information and clinical symptoms
were collected for all patients, including sex, age, BMI, heart disease, diabetes, fever, smoking, and alcohol consumption,
as detailed in Table 1. Laboratory test results, including immunological markers and routine blood tests, were also
recorded, as shown in Table 2.

Table | Patient Characteristics

Feature Training Set P value | Testing Set P value
Low Expression | High Expression Low Expression | High Expression

Gender 0.29 0.90

Female 27(25.00) 9(l1.11) 12(44.44) 6(28.57)

Male 81(75.00) 72(88.89) 15(55.56) 15(71.43)

Age 61.25+9.60 61.37+8.35 0.96 62.89+5.37 60.00+14.43 0.83

BMI 20.44+2.72 21.04+2.43 0.36 22.43%3.17 22.34+4.96 0.97

Cardiopathy 1.00 0.38

No 81(75.00) 63(77.78) 24(88.89) 12(57.14)

Yes 27(25.00) 18(22.22) (LI 9(42.86)

Diabetes 0.35 1.00

No 99(91.67) 81(100.00) 24(88.89) 21(100.00)

Yes 9(8.33) - (LI -

Smoke 0.18 0.45

No 82(75.00) 45(55.56) 15(55.56) 18(85.71)

Yes 27(25.00) 36(44.44) 12(44.44) 3(14.29)

Drink 0.23 0.45

No 93(86.11) 57(70.37) 15(55.56) 18(85.71)

Yes 15(13.89) 24(29.63) 12(44.44) 3(14.29)

Fever 0.64 1.00

No 96(88.89) 66(81.48) 24(88.89) 21(100.00)

Yes 12(11.11) 15(18.52) 3(11.11) -
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Table 2 Laboratory Examination of Patients

Feature Training Set P value | Testing Set P value
Low Expression | High Expression Low Expression | High Expression
CD3+ 966.22+522.87 1149.74+413.42 0.14 1044.44+455.92 1311.86+606.94 0.33
CD4+ 616.86x1793.01 302.70+204.84 0.70 377.11£235.01 482.29+269.16 0.42
CD8+ 577.53+430.76 757.30+283.68 0.00 615.00+303.41 791.29+438.26 0.36
CD4+/CD8+ | 0.83+0.87 36.89+189.28 0.05 0.65+0.42 0.81+0.66 0.56
WBC 6.72+2.85 7.44+3.25 0.44 6.42+1.83 8.03+3.71 0.60
RBC 3.67%1.09 4.15£0.63 0.10 4.04+0.93 4.27+0.51 0.57
Hemoglobin 109.41£32.22 120.63£15.40 0.10 119.78£12.25 119.57£18.43 0.98
Platelet 262.17+97.65 255.15+75.75 0.76 240.33+81.89 242.86+129.09 0.96
Neutrophil 6.32+10.48 5.01£2.76 0.81 4.27%1.86 5.27+3.18 0.79
Lymphocyte 1.61£1.70 1.52+0.53 0.34 1.49+0.79 1.96+0.66 0.22
Monocyte 0.49+0.26 0.53£0.17 0.27 0.46+0.17 0.59+0.38 0.74
Eosinophils 0.33£0.85 0.34+0.61 0.10 0.19£0.14 0.16+0.18 0.73
Basophilia 0.03+0.01 0.04+0.02 0.12 0.03+0.01 0.02+0.01 0.55
CRP 30.92+51.69 22.39+23.77 0.48 15.33+20.74 23.80+36.82 1.00

Radiomic Feature Selection

Based on an Intraclass Correlation Coefficient greater than 0.8, we retained 1,834 manually extracted features across seven
categories with good consistency (Figure 3A), with the detailed information provided in Table 3. These features were obtained
using the internal feature extraction program implemented in PyRadiomics (http:/pyradiomics.readthedocs.io). Through 10-

fold cross-validation and LASSO regression for dimensionality reduction and feature selection, 16 optimal radiomic features
were identified (Figure 3B and C). The coefficient values for these final 16 non-zero features are displayed in Figure 3D.

The Rad score is as follows:
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Figure 3 A brief processing flow for images. (A). Number and the ratio of handcrafted features; (B). Coefficients of 10-fold cross-validation; (C). MSE of 10-fold cross-
validation; (D). Histogram of the Rad-score based on the selected features).

Development and Evaluation of Predictive Models Using Different Machine Learning
Algorithms

Herein, six predictive models were constructed using the following radiomic features: SVM, K-Nearest Neighbors
(KNN), RandomForest, Extremely Randomized Trees (Extra Trees), Light Gradient Boosting Machine (LightGBM), and
Multi-Layer Perceptron (MLP). The performance of these models was evaluated based on sensitivity, specificity, PPV,
NPV, F1 score, and AUC (Figure 4 and Table 4).

Evaluation of the Predictive Performance of the Optimal SVM Model
Figure 5A and B present the diagnostic contingency tables for the SVM model applied to the training and testing sets. In the
training set, the model accurately identified Ki-67 expression status in 171 patients, with only 18 misclassification cases. In the

Table 3 Number and Proportion of Feature

Types
No. | Feature Type | Quantity | Proportion
| Glem 440 24%
2 Firstorder 360 19.60%
3 Glrlm 320 17.40%
4 Glszm 320 17.40%
5 Gldm 280 15.30%
6 Ngtdm 100 5.50%
7 Shape 14 0.80%

Cancer Management and Research 2025:17 heeps: 887



@ Song et al

A

0.8

N

Sensitivity

w— SVM AUC: 0.975 (95%C1 0.947-1.000)
= =+ KNNAUC: 0.85:
RandomForest AUC:
ExtraTrees AUC: 0.923 (
wes LightGBM AUC: 0.880 (95%CI 0.798-0.963)
® =+ MLPAUC: 0.931 (95%CI 0.872-0.991)

%CI 0.

80 (

6CI 0.956-1.000)
0.862-0.984)

44)

04 0.6
1 - Specificity

0.8

1.0

0.8

>

Sensitivity

=

w— SVM AUC: 0.905 (95%C1 0.716-1.000)

* KNNAUC: 0.730 (95%CI 0.477-0.983)
RandomForest AUC: 0.841 (95%CI 0.619-1.000)
ExtraTrees AUC: 0.833 (95%CI 0.632-1.000)

s LightGBM AUC: 0.643 (95%C1 0.332-0.954)
= = s MLPAUC: 0.921 (95%CI 0.789-1.000)

Figure 4 ROC curves for predicting Ki-67 using various models. (A). Training Set; (B). Testing Set.
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testing set, the model correctly identified the Ki-67 expression status in 42 patients, with 6 cases of misclassification. Decision

curve analysis demonstrates the clinical utility of the radiomic SVM model (Figure 5C and D). Figure SE and F illustrate the

construction of the radiomic score, which is derived from a linear combination of radiomic features multiplied by their

corresponding coefficients.

Discussion

The pivotal role of Ki-67 in tumor growth and proliferation, along with its diagnostic significance, makes it an essential

tool in oncology research and clinical practice. An in-depth analysis of the Ki-67 index enhances our understanding of

tumor biology, providing valuable insights for patient treatment and prognosis.'” Radiomics, an emerging technology,

shows considerable promise for both prospective and clinical applications. Its primary advantage is the non-invasive

extraction of numerous quantitative features from medical images (such as CT, MRI, PET), which reveals the

Table 4 Comparison of Prediction Performance for Ki-67 Among Various

Models
Model Task Sensitivity | Specificity | PPV | NPV | FI
SVM Training set | 0.89 0.92 0.89 | 092 | 0.89
Testing Set | 0.86 0.89 0.86 | 089 | 0.86
KNN Training set | 0.67 0.86 0.78 | 0.78 | 0.72
Testing Set | 0.71 0.67 0.63 | 0.75 | 0.67
RandomForest | Training set | 0.89 0.94 092 | 092 | 09I
Testing Set | 0.71 0.89 0.83 | 080 | 0.77
ExtraTrees Training set | 0.82 0.83 079 | 0.86 | 0.80
Testing Set | 0.86 0.56 0.60 | 0.83 0.71
LightGBM Training set | 0.56 0.94 0.88 | 0.74 | 0.68
Testing Set | 0.43 0.89 0.75 | 067 | 0.55
MLP Training set | 0.85 0.86 082 | 089 | 0.84
Testing Set | 0.71 0.89 0.83 | 080 | 0.77
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Figure 5 Evaluation of the SVM model’s performance in predicting Ki-67 expression. (A) Diagnostic Contingency Table for the Training Set; (B) Diagnostic Contingency
Table for the Testing Set; (C) Decision Curve Analysis (DCA) Curve for the Training Set; (D) DCA Curve for the Testing Set; (E) Radiomic Scores for Each Patient in the
Training Set; (F) Radiomic Scores for Each Patient in the Testing Set.

microstructure and heterogeneity of tumors or lesions. This capability provides critical information for disease diagnosis,
prognosis assessment, and treatment decisions.'®'? Radiomics surpasses traditional imaging diagnostics that depend on
subjective visual assessments by uncovering hidden features in imaging data, thereby supplementing conventional
biomarker testing and excelling in tumor heterogeneity assessment and personalized medicine.”® Radiomics involves
extracting a large volume of features from imaging data and converting them into actionable insights. This process
leverages advanced artificial intelligence techniques, including machine learning, deep learning, and convolutional neural
networks, to enhance predictive accuracy.?’ The radiomic analysis of medical images comprises several critical steps:
image preprocessing, segmentation, feature extraction, feature selection, and classification. Image preprocessing is
essential for ensuring the validity and reproducibility of radiomic features and typically involves normalization and
resampling. Feature extraction can be performed in 2D or 3D using either internal or commercial software, with the
number of features depending on the texture and higher-order characteristics of the images. Feature selection focuses on
eliminating redundant features to reduce dimensionality and prevent issues such as multicollinearity and overfitting.*
Radiomic features encompass dimensions such as texture, shape, and intensity, which capture internal heterogeneity and
microchanges within tumors, offering more comprehensive tumor information than single biomarkers. By transforming
medical imaging from a macro diagnostic tool into a method for detailed micro-level analysis of tumor biology,
radiomics provides objective evidence that supports the development of personalized treatment strategies. This approach
enables clinicians to choose the most appropriate treatment plan based on specific radiomic features, ultimately
improving treatment outcomes.

Although the potential of radiomics in predicting Ki-67 expression in lung adenocarcinoma has been demonstrated in

individuals with normal immune function,*2°

there remains a notable research gap for patients with acquired immu-
nodeficiency. To date, no evidence supports the effectiveness or feasibility of radiomic models specifically for this patient
group, underscoring the need for further development and validation of predictive tools tailored to these patients. Herein,
we aimed to address this gap by constructing and evaluating several machine learning models to predict Ki-67 expression
levels based on radiomic features.

The results of this study underscore the effectiveness of radiomic features in predicting Ki-67 expression levels. We

developed and assessed several machine learning models, including SVM, KNN, Random Forest, Extra Trees,

Cancer Management and Research 2025:17 heeps: 889
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LightGBM, and MLP. Each model’s performance was evaluated using sensitivity, specificity, PPV, NPV, F1 score, and
AUC. Among these models, SVM demonstrated superior performance across all metrics. In the training set, the SVM
model accurately identified 153 out of 171 patients, while in the testing set, it correctly identified 36 out of 42 patients.
The SVM model’s robust performance can be attributed to its ability to handle high-dimensional data by using kernel
functions to map low-dimensional data into higher-dimensional space, which enables the model to capture complex
patterns and nonlinear relationships. Moreover, SVM’s approach to maximizing the margin between classes enhances its
robustness and stability, making it less sensitive to noisy data and overfitting. This characteristic is particularly
advantageous in radiomics, where feature dimensions are high and there may be redundancy among features.
Furthermore, SVM’s suitability for small sample sizes allows it to perform well even with limited patient data by
using support vectors to define classification boundaries, avoiding over-reliance on large-scale training data. Overall, the
SVM model’s unique algorithmic attributes make it a valuable tool for predicting Ki-67 expression levels in HIV-
associated lung adenocarcinoma patients.”® Finally, the decision-making process of the SVM model is more transparent
due to its reliance on support vectors, which helps clinicians interpret model predictions. In contrast, KNN, Random
Forest, Extra Trees, LightGBM, and MLP models showed slightly lower performance. We further evaluated the clinical
utility of the SVM model through decision curve analysis, which highlighted its significant practical value as a non-
invasive method for predicting Ki-67 expression levels. By combining radiomic features with their corresponding
coefficients to create a radiomic score, we provided stronger evidence for the clinical application of radiomics
technology. A meta-analysis combining 10 retrospective studies showed that imaging omics demonstrated encouraging
diagnostic performance in predicting Ki-67 expression in lung cancer. The combined sensitivity, specificity, and AUC in
the validation cohort were 0.78, 0.70, and 0.81, respectively. In this study, these values were 0.86, 0.89 and 0.905,
respectively. These data indicate that, compared with previous studies, the imaging omics model used in this study shows
equally superior diagnostic efficacy in predicting Ki-67 expression in HIV-infected LUAD patients.>” This radiomic
score offers a quantifiable measure of tumor proliferation activity, delivering intuitive and reliable references for
clinicians. This quantitative approach not only complements traditional pathological methods but also paves the way
for advancements in precision medicine and personalized treatment.

This study also faces certain limitations, including a small sample size and reliance on single-center data, which may
affect the model’s generalizability. Future research could address these limitations by validating the model’s accuracy and
robustness using multi-center, large-scale clinical datasets. We implemented a random sampling strategy to ensure the
balance of confounding factors, although some degree of heterogeneity remains inevitable To address the intrinsic
heterogeneity of lung adenocarcinoma and the variability in Ki-67 expression across different tumor subtypes, future
studies will proportionally represent major molecular subtypes (EGFR, ALK, KRAS mutations), ensuring biological
diversity within the cohort while maintaining statistical power. To elucidate the interaction between radiomic features and
molecular determinants, a multivariable mixed-effects model will be established, explicitly incorporating tumor purity
estimates, treatment history parameters, and molecular subtype classifications. The integration of digital pathology
quantification will further enable precise characterization of tumor microenvironmental factors, particularly stromal

content, through computational histopathological analysis of three key texture features.

Conclusion

This study utilized CT radiomics to assess the application value of various machine learning models in predicting Ki-67
index expression in patients with HIV-related pulmonary adenocarcinoma. By extracting a large number of quantitative
features from CT images, radiomics reveals biological information embedded in imaging data, enabling non-invasive
assessment of tumor molecular characteristics. Among the models evaluated, the SVM eftectively captures the complex
relationships between radiomic features and the Ki-67 index, demonstrating superior predictive accuracy. This approach
serves as a non-invasive tool that supports the evaluation of the Ki-67 index in HIV-related lung adenocarcinoma
patients, reducing reliance on tissue biopsies and offering a refined strategy for personalized clinical treatment.
Ultimately, it aids in formulating more precise treatment plans and improving patient prognosis and quality of life.
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