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Background

Although highly active antiretroviral therapy (HAART) has greatly enhanced the prognosis for people living with HIV (PLWH), some individuals fail to achieve adequate immune reconstitution, known as immunological nonresponse (INR), which is linked to poor prognosis and higher mortality. However, the early prediction and intervention of INR remains challenging in South China.





Methods

This study included 1,577 PLWH who underwent at least two years of HAART and clinical follow-up between 2017 and 2022 at two major tertiary hospitals in South China. We utilized logistic multivariate regression to identify independent predictors of INR and employed restricted cubic splines (RCS) for nonlinear analysis. We also developed several machine-learning models, assessing their performance using internal and external datasets to generate receiver operating characteristic (ROC) curves, calibration curves, and decision curve analysis (DCA). The best-performing model was further interpreted using Shapley additive explanations (SHAP) values.





Results

Independent predictors of INR included baseline, 6-month and 12-month CD4+ T cell counts, baseline hemoglobin, and 6-month hemoglobin levels. RCS analysis highlighted significant nonlinear relationships between baseline CD4+ T cells, 12-month CD4+ T cells and baseline hemoglobin with INR. The Random Forest model demonstrated superior predictive accuracy, with ROC areas of 0.866, 0.943, and 0.897 across the datasets. Calibration was robust, with Brier scores of 0.136, 0.102, and 0.126. SHAP values indicated that early CD4+T cell counts and CD4/CD8 ratio were crucial in predicting INR.





Conclusions

This study introduces the random forest model to predict incomplete immune reconstitution in PLWH, which can significantly assist clinicians in the early prediction and intervention of INR among PLWH.
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1 Introduction

Highly active antiretroviral therapy (HAART) is regarded as the most efficacious approach to treating HIV infection, effectively suppressing viral replication and facilitating immune reconstitution (Yan et al., 2023). However, there is increasing evidence that poor immune reconstitution remains a common issue in clinical practice, with prevalence rates potentially exceeding 10-40% (Ma et al., 2024; Yang et al., 2020; Liu et al., 2024). Despite complete viral suppression by HAART, people living with HIV (PLWH) who experience immune non-response (INR) face increased risks of both AIDS-defining and non-AIDS-defining illnesses (García et al., 2004; Achhra et al., 2010; Trickey et al., 2017). Consequently, clinical guidelines recommend using clinical immunological monitoring as an alternative biomarker of treatment response to identify non-responders to HAART early (Deeks et al., 2015; AIDS and Hepatitis C Professional Group et al., 2021). Subsequently, the recovery of CD4+ T cell counts post-HAART has gradually become one of the predictors of clinical prognosis in PLWH (Committee TUCHC (CHIC) SS, 2007; Guiguet et al., 2009; Pu and Wu, 2024).

Numerous cohort studies have evaluated factors associated with CD4+ T cell recovery post-HAART, identifying that older age, lower baseline CD4+ T cell counts, higher baseline HIV RNA levels, reduced thymic function, increased T cell activation during treatment, and detectable viremia are all linked to poorer CD4+ T cell recovery (Kaufmann et al., 2005; Gazzola et al., 2009; Boatman et al., 2019; Yang et al., 2020). In recent years, a variety of mathematical models have been developed for the prevention and treatment of HIV/AIDS (Nah et al., 2017; Mutoh et al., 2018; Wang et al., 2021; Li et al., 2024), which have provided theoretical guidance and recommendations for HIV treatment. However, the current models predominantly rely on traditional linear approaches such as logistic regression (Wang et al., 2024). This gap suggests a need for more sophisticated modeling techniques that can integrate a broader range of biological markers and dynamic changes over time to enhance the prediction and management of HIV treatment outcomes.

In this study, we aimed to identify risk factors for INR among PLWH in South China who have been treated with standard HAART for at least 2 years. The objective is to develop machine learning predictive models that utilize multiple clinical indicators from baseline, 6 months, and 12 months to predict whether they will experience INR after two years of HAART. This model will assist clinicians in timely predicting immune responses and implementing interventions to enhance immune function. Additionally, the calibration and diagnostic capabilities of the machine learning models were evaluated in both internal and external validation sets.




2 Methods



2.1 Study design and participants inclusion and exclusion criteria

This study is based on the follow-up cohorts of PLWH at Nanfang Hospital and the Fifth Hospital of Zunyi, where participants have been undergoing long-term treatment and regular follow-ups at HIV clinics. A total of 1577 participants were enrolled based on defined inclusion and exclusion criteria. The inclusion criteria were: 1) a baseline CD4+ T cell counts of less than 350 cells/μL at the initiation of HAART, with continuous follow-up for 2 years, and two HIV RNA measurements of less than 50 copies/mL; 2) age 18 years or older, with complete baseline, 6-month, 12-month, and 24-month CD4+ T cell counts. The exclusion criteria included: 1) poor treatment adherence or a history of treatment interruption; 2) concurrent malignancy or long-term use of immunosuppressive medications; and 3) incomplete clinical data. As illustrated in Figure 1, the cohort from Nanfang Hospital was divided into a training set and an internal validation set in a 7:3 ratio, while the cohort from the Fifth Hospital of Zunyi was designated as the external validation set.




Figure 1 | Study flow diagram. VIF, variance inflation factor; SVM, support vector machine; KNN, k-nearest neighbors; ROC, receiver operating characteristic; DCA, decision curve analysis; SHAP, SHapley Additive exPlanations.






2.2 Ethics approval and consent to participate

The research received approval from the Institutional Ethics Committee of Nanfang Hospital (study identifier: NFEC-2021-448) and adhered to the Helsinki Declaration of 1964, along with its subsequent updates. Informed consent was obtained from all participants.




2.3 Data collection and definition

We systematically collected demographic and clinical parameters of participants including age, gender, HAART regimens, HBsAg positivity, anti-HCV positivity, HIV viral load, and laboratory measurements at baseline, 6 months, 12 months, and 24 months into treatment. These measurements encompassed CD4+ T cell counts, CD8+ T cell counts, CD4/CD8 ratios, Platelet (PLT), creatinine (CR), hemoglobin (HGB), white blood cell count (WBC), aspartate aminotransferase (AST), alanine aminotransferase (ALT), triglycerides (TG), total cholesterol (CHOL), and fasting plasma glucose (FPG). The aforementioned data were obtained from clinical records or databases.

Currently, there is no universally accepted definition for immune reconstitution failure. In this study, INR was defined as having two consecutive HIV RNA measurements <50 copies/mL after two years of HAART, still maintaining a CD4+ T lymphocyte count of <350 cells/µL (Cuzin et al., 2007; Gunda et al., 2017).




2.4 Construction, evaluation, and interpretation of predictive models

In this study, variables from the training set that demonstrated significance at a p-value <0.05 in univariate analysis were included in the model construction. We employed several machine learning algorithms to predict INR classification, including the Logistic Regression Model (LRM), Random Forest (RF), XGBoost, Support Vector Machine (SVM), Naive Bayes, Decision Trees, neural network, and k-nearest Neighbors (KNN). To prevent overfitting and enhance the generalizability of the models, a 10-fold cross-validation method was employed for model evaluation, with iterative refinements through repeated trials.

To further assess and compare the predictive performance of these models, we constructed receiver operating characteristic (ROC) curves and determined the area under the ROC curve (AUC). An AUC value closer to 1 indicates better predictive performance. Additionally, we utilized calibration curves to evaluate the consistency between the observed and predicted risks. The more the calibration curve of the model aligns with the 45 - degree line, and the closer the value of the Brier score is to 0, the more the predicted probability matches the observed event incidence. Furthermore, decision curve analysis (DCA) was used to evaluate the clinical utility of the models. By comparing the net benefits of the model with two default strategies (treating all or none), DCA provides insights into the clinical value of the models.

To improve the interpretability of machine learning models, which are often regarded as “black box” models due to their complex and opaque decision-making processes, we applied Shapley Additive Explanations (SHAP) analysis. SHAP is a cooperative game theory-based approach that quantifies each feature’s contribution by assessing its influence on model predictions. A SHAP value greater than 0 indicates a positive contribution of the feature to the prediction, while a value less than 0 indicates a negative contribution. The larger the SHAP value, the greater the feature’s influence on the prediction. In our study, we visualized these contributions using importance ranking charts, which highlight the relative weight of each feature in influencing the outcome. Additionally, we employed partial dependence plots to demonstrate how each feature affects the predicted results, illustrating the relationship between individual features and the model’s output while considering the influence of other variables.




2.5 Statistical analysis

In our analysis, datasets that conformed to a normal distribution were described using the mean ± standard deviation, and comparisons between two groups were conducted using Student’s t-test. For datasets that were non-normally distributed, comparisons were made based on the median and interquartile range, with the Mann-Whitney U test applied for statistical evaluation. Categorical variables were summarized as frequencies and percentages and analyzed using either the chi-square test or Fisher’s exact test, as appropriate. Independent risk factors for INR were identified through univariate and multivariate logistic regression analysis. To evaluate the dose-response relationship between continuous variables and INR, we employed restricted cubic splines (RCS). This method enables the visualization and quantification of potential non-linear associations, and by analyzing the shape of the dose-response curve, we can identify critical thresholds where the relationship between the predictor and the outcome changes. It is important to note that all aspects of data analysis and graphical representation were performed using R version 4.2.1. All tests conducted in this study were two-tailed, and a p-value <0.05 was considered statistically significant.





3 Result



3.1 Baseline characteristics and follow-up data changes in PLWH

In the longitudinal cohort study of PLWH to predict the risk of INR during follow-up, we retrospectively included 903 PLWH from Nanfang Hospital and 674 PLWH from the Fifth Hospital of Zunyi University, who had been under treatment for more than two years. These cohorts served as the internal and external datasets, respectively. As shown in Table 1, Nanfang Hospital enrolled 903 participants, with 532 achieving immune response (IR) and 371 not achieving IR, while the Fifth Hospital of Zunyi University included 674 participants, with 408 in the IR group and 266 in the INR group. In both cohorts, the INR group exhibited significantly higher ages and viral loads compared to the IR group, while CD4+ T cell counts were notably lower in the INR group. There were no significant differences between the two groups in terms of gender, HAART regimens, and the prevalence of baseline HBsAg and anti-HCV.


Table 1 | The baseline clinical characteristics of the internal and external datasets.



We visualized the clinical characteristics of PLWH at each follow-up point using line graphs (Figure 2) and compared the levels between the IR group and the INR group. We observed that at each follow-up point, the IR group exhibited higher levels of CD4+ T cells, CD4/CD8 ratio, WBC counts, HGB levels, and PLT levels compared to the INR group. However, differences in CD8+ T cells, liver function markers such as ALT and AST, lipid levels including TG and CHOL, renal function as indicated by CR, and FPG were only present at certain follow-up points. A similar analysis was conducted in the external dataset (Supplementary Figure 1), and the results were consistent. The only exception was that the CD8+ T cell levels were also higher in the IR group compared to the INR group.




Figure 2 | The changes in the clinical characteristics of PLWH within the internal dataset across four follow-up points The changes in various clinical characteristics at different follow-up time points including CD4+T cells (A), CD8+T cells (B), CD4/CD8 ratio (C), WBC (D), HGB (E), PLT (F), ALT (G), AST (H), TG (I), CHOL (J), CR (K), and FPG (L). WBC, white blood cells; HGB, hemoglobin; PLT, platelets; ALT, alanine aminotransferase; AST, aspartate aminotransferase; TG, triglycerides; CHOL, cholesterol; CR, creatinine; FPG, fasting plasma glucose.






3.2 Independent risk factors associated with poor immune response in PLWH

To investigate the factors influencing INR, we conducted a univariate logistic analysis that identified 20 significant variables (Figure 3). Given the potential for multicollinearity among these variables, we conducted a collinearity test on variables with a p-value < 0.05 from the logistic univariate analysis by calculating the variance inflation factor (VIF) (Supplementary Figure 2). Since all parameters had a VIF value less than 10, all were included in the multivariate analysis and identified independent factors for INR as Baseline-CD4 (OR = 0.995, P = 0.030), 6M-CD4 (OR = 0.992, P < 0.001), 12M-CD4 (OR = 0.993, P < 0.001), Baseline-HGB (OR = 1.023, P = 0.002), and 6M-HGB (OR = 0.968, P = 0.014).




Figure 3 | Univariate and multivariate analysis of immune non-reconstitution. WBC, white blood cells; HGB, hemoglobin; CHOL, cholesterol; FPG, fasting plasma glucose; PLT, platelets.



To further analyze the relationship between baseline parameters and INR, we conducted the same analysis and found that in the multivariate analysis (Supplementary Figure 3), age (OR = 1.021, P = 0.010), HIV load (OR = 0.725, P = 0.009), baseline CD4 (OR = 0.983, P < 0.001), baseline WBC (OR = 0.842, P = 0.008) and baseline HGB (OR = 1.012, P = 0.014) were independently associated with INR.




3.3 Dose-response relationship between 6M-CD4, 12M-CD4, baseline-HGB, 6M-HGB and INR

Through RCS analysis, we further investigated the relationship between independent factors and INR incidence (Figure 4). We observed that 6M-CD4 and 6M-HGB showed a linear relationship with INR (overall p<0.05, nonlinearity p>0.05), with threshold concentrations of 273 cells/μL and 127.47 g/L, respectively. Conversely, a nonlinear relationship was evident between Baseline-CD4, 12M-CD4, Baseline-HGB, and INR (overall p<0.05, nonlinearity p<0.05). The risk of INR rapidly increased when Baseline-CD4 was below 165 cells/μl, 12M-CD4 was below 293 cells/μl, and Baseline-HGB was less than 125.23 g/L.




Figure 4 | Dose relationship between clinical characteristics and INR in internal dataset. The restricted cubic splines of the association between INR prevalence and clinical parameters including Baseline CD4+T cell (A), 6M CD4+T cell (B), 12M CD4+T cell (C), baseline HGB (D), and 6M-HGB (E). HGB, hemoglobin.






3.4 Model construction and verification

We divided the internal dataset into a training set for model construction and an internal validation set following a 7:3 split, while the external dataset served as the models’ external validation set. We compared the baseline clinical characteristics across the three datasets (Supplementary Table 1). The median age of PLWH in all three datasets was 32 years old, and the proportion of INR was similar across the datasets. Notably, the external validation set had a higher proportion of female PLWH and a lower proportion using INSTI-based treatment regimens.

Subsequently, we incorporated significant variables in the univariate analysis in Figure 3 into model construction, including Baseline and 6-month/12-month CD4+ T cells, CD4/CD8 ratio, WBC, HGB, PLT and etc. Using these variables, we developed eight predictive models employing machine learning methods. We then validated the stability and generalizability of these eight models across the training, internal, and external validation sets. Ultimately, the RF model exhibited the best clinical predictive performance across all datasets, with AUROC values of 0.866, 0.943, and 0.897, respectively (Figures 5A–C). In terms of calibration, the RF model outperformed other models in all three datasets, with Brier scores of 0.136, 0.102, and 0.126 (Figures 5D–F). In clinical utility assessment, the DCA curves of the RF model were consistently higher than the “treat all” and most other model lines across the majority of threshold probabilities, indicating significant clinical application value (Figures 5G–I).




Figure 5 | The machine learning models construction and performance evaluation. (A-C) ROC curves of models in the training, internal validation, and external validation cohorts. (D-F) Calibration plots of models in the training, internal validation, and external validation cohorts. (G-I) DCA curves of models in the training, internal validation, and external validation cohorts. SVM, support vector machine; XGBoost, extreme gradient boosting; KNN, k-nearest neighbors.






3.5 Interpretability of the optimal model

Given the RF model’s outstanding predictive capability across both internal and external validation datasets, we ultimately designated it as the best-performing model. To clarify the clinical relevance of specific features, this research quantified their importance using SHAP values. The variables were prioritized by their impact on predicting INR risk (Figure 6A), identifying the top five predictors in PLWH after two years of HAART as 6-month CD4+ T cells, 12-month CD4+ T cells, baseline CD4+ T cells, 6-month CD4/CD8 ratio, and 12-month CD4/CD8 ratio. Consequently, CD4+ T cell counts measured between 6 and 12 months post-treatment are critical for assessing immune reconstitution.




Figure 6 | Random Forest Model Interpretability. (A) The Feature-ranking plot of the Random Forest Model for predicting INR in PLWH. (B) The mean SHAP value of the Random Forest model for predicting INR in PLWH. (C) The force plot of the Random Forest model example with an INR PLWH. (D) The force plot of Random Forest model example with an IR PLWH. (E) The partial dependence plot between SHAP value and top 4 important features. WBC, white blood cells; HGB, hemoglobin; PLT, platelets.



Through the summary plot (Figure 6B), we detailed the positive and negative relationships between features and outcomes, finding that higher CD4+T cell counts were associated with a lower probability of INR, and older age correlated with a higher probability of INR. Subsequently, we illustrated the impact of model variables in predictions for an example of PLWH with IR and INR respectively (Figures 6C, D). Finally, we generated a partial dependence plot (Figure 6E). Specifically, the critical threshold for CD4+ T cell counts was observed around 350 cells/µL at 12 months, 250 cells/µL at 6 months, and 150 cells/µL at baseline. For the 6-month CD4/CD8 ratio, maintaining a value near 0.5 was associated with minimizing INR risk. When the parameter values fall below these critical thresholds, the risk of INR increases. Nevertheless, it is noteworthy that the partial dependence analysis did not detect significant correlations between variables and age.





4 Discussion

In this study, we collected data from 1577 PLWH who received at least two years of HAART from two centers. On one hand, we analyzed the changes in clinical parameters at different follow-up points and identified independent risk factors for INR using univariate and multivariate logistic regression. On the other hand, we systematically constructed machine learning predictive models using dataset from Nanfang Hospital, which was further validated and assessed for sensitivity, specificity, and calibration using internal and external datasets. Our findings indicate that the RF model emerged as the best predictor for INR. To our knowledge, this was the first machine learning predictive model specifically developed to predict the occurrence of INR among PLWH in South China. This model not only provides a valuable tool for clinical decision-making but also enhances our understanding of the dynamics and predictors of immune recovery in this population.

Machine learning’s capability to identify high-dimensional nonlinear relationships among clinical features for outcome prediction has been extensively applied in the field of HIV/AIDS research (Rivero-Juárez et al., 2020; Mazrouee et al., 2021; He et al., 2022; Huang et al., 2023). For example, researchers have utilized machine learning methods on electronic health records (EHR) data to precisely identify the burden of comorbidities in PLWH (Yang et al., 2021). In recent years, traditional linear models have been used to predict INR (Gunda et al., 2017; Li et al., 2019; Zhang et al., 2023), and these models have provided auxiliary value in specific clinical practices. Unlike previous studies on INR prediction, this research included a comprehensive set of variables such as liver and kidney functions, lipid and glucose levels, and considers clinical indicators from multiple follow-up points. A machine learning model was constructed, taking into account not only these diverse clinical indicators but also ensuring rigorous internal and external validation of the model. This comprehensive approach enhances the predictive accuracy and reliability of the model, thereby making a significant contribution to clinical decision-making and the management of PLWH.

In the line graphs, we observed that the levels of WBC, HGB, and PLT were significantly higher in the IR group, and multivariate logistic regression analysis indicated that baseline and 6-month HGB levels are independent risk factors for INR. Hematological alterations are prevalent complications in individuals with HIV/AIDS, linked to reduced quality of life and higher mortality rates (Koka and Reddy, 2004; Firnhaber et al., 2010; Shen et al., 2015). Both direct and indirect influences of HIV infection on hematopoietic progenitor cells disturb bone marrow equilibrium and affect the proliferation and differentiation of cells in hematopoiesis, mainly leading to anemia and thrombocytopenia in peripheral blood (Huibers et al., 2020; Tsukamoto, 2020). Moreover, studies have shown that the improvement in CD4+ T cell counts following HAART leads to a decreased prevalence of cytopenias in PLWH, suggesting that HIV-related cytopenias are driven by HIV infection and immune suppression (Choi et al., 2011; Woldeamanuel and Wondimu, 2018). Therefore, this study not only reaffirms the connection between anemia and cytopenias with low CD4+T cell counts but also highlights the predictive value of thrombocytopenia and anemia in PLWH for INR. Considering that anemia and thrombocytopenia are treatable conditions associated with higher mortality rates in PLWH, it is essential to monitor blood cell count changes throughout HIV infection. This monitoring helps identify the onset of these hematological disorders and enables the implementation of vital clinical interventions to avert complications.

To improve the interpretability of the model prediction process, we utilized SHAP values to quantify the impact of each variable on the model's predictions. The results indicated that the CD4+T cell counts at 6M and 12M were crucial factors affecting the occurrence of INR among PLWH. Previous research has frequently reported that baseline CD4+T cell counts was an effective predictor for INR (Rb-Silva et al., 2019; Bayarsaikhan et al., 2021), with studies suggesting that a baseline CD4+T cell counts ≥200 cells/mm (Ma et al., 2024) was independently associated with inconsistent immune response development in multivariate analysis (Muzah et al., 2012). However, this study highlights that, compared to baseline CD4 levels, the CD4+T cell counts at 6M and 12M require more attention. This shift in focus suggests a dynamic approach to monitoring immune recovery, emphasizing the importance of ongoing evaluation beyond initial treatment phases.

It’s noteworthy that after interpreting the RF model using SHAP, we found that CD4+T cell levels and the CD4/CD8 ratio remained the most influential factors in the model. However, earlier research has shown that older age could contribute to insufficient CD4+ T-cell recovery in PLWH, indicating that age can substantially affect the long-term restoration of CD4+ T cells (Burgos et al., 2022; Chen et al., 2022). Additionally, research has included the age at the initiation of HAART in the logistic prediction model for INR (Zhang et al., 2023). Although age was a recognized factor in predicting INR, the partial dependence plot from the partial correlation analysis did not show a clear distributional association between age and CD4+ T cell counts, which might suggest more complex underlying relationships that are influenced by other factors included in the model. Machine learning models, especially those like RF, can capture complex, nonlinear interactions that might not be evident or are assumed away in traditional linear models.

The occurrence of INR is closely associated with cytokine dysregulation (Vos et al., 2024). Chronic inflammation induced by HIV infection can lead to sustained elevations of IL-6 and TNF-α, which impair bone marrow function and suppress hematopoiesis, resulting in reduced T cell production (Huibers et al., 2020; Wan et al., 2023). This process may contribute to anemia and thrombocytopenia, further hindering immune recovery. Additionally, individuals with INR exhibit elevated levels of immunosuppressive cytokines, such as IL-10 and TGF-β, which inhibit T cell proliferation (Zicari et al., 2019). Simultaneously, overexpression of PD-1 on CD4+ T cells promotes immune exhaustion, leading to limited proliferation and increased apoptosis (Zhang et al., 2021). In this study, CD4+ T cell counts were identified as significant predictors of INR, suggesting that chronic inflammation and T cell exhaustion may be potential mechanisms contributing to INR development.

Our study possesses significant strengths. We have constructed machine learning predictive models for early identification of INR in PLWH, integrating multiple clinical indicators from baseline, 6-month, and 12-month follow-up points. The internal and external validations of the model have demonstrated its stability. Furthermore, the parameters used in the model are commonly available in standard clinical settings, requiring no additional measurements. This will assist clinicians in timely predicting immune responses and implementing interventions. Despite these strengths, we acknowledge some constraints in our research. To begin with, its retrospective nature may be affected by inherent drawbacks related to the study design. Additionally, as the study population is exclusively from South China, this raises uncertainties regarding the applicability and generalizability of our proposed predictive model to other populations or ethnic groups. Furthermore, due to limitations in time, resources, and study design, our research lacks mechanistic investigations like cytokine analysis, which could have provided further insights into the immune responses differentiating between responders and non-responders. These limitations highlight areas for future research to expand the model’s robustness and ensure its efficacy across diverse demographic settings.




5 Conclusion

This study demonstrates that the Random Forest model has good performance in predicting the risk of INR among PLWH, facilitating early identification and intervention for INR in clinical settings.





Data availability statement

The raw data supporting the conclusions of this article will be made available by the authors, without undue reservation.





Ethics statement

The studies involving humans were approved by Institutional Ethics Committee of Nanfang Hospital. The studies were conducted in accordance with the local legislation and institutional requirements. The participants provided their written informed consent to participate in this study.





Author contributions

SLC: Writing – review & editing, Data curation, Formal Analysis, Writing – original draft. LZ: Data curation, Writing – original draft, Writing – review & editing. JM: Data curation, Writing – original draft, Writing – review & editing. ZQ: Investigation, Methodology, Writing – review & editing. YJ: Formal Analysis, Investigation, Writing – review & editing. XG: Investigation, Methodology, Writing – review & editing. MT: Methodology, Writing – review & editing. GL: Conceptualization, Writing – review & editing. JP: Conceptualization, Funding acquisition, Resources, Writing – review & editing. SHC: Conceptualization, Funding acquisition, Resources, Writing – review & editing.





Funding

The author(s) declare that financial support was received for the research, authorship, and/or publication of this article. This study was supported by the National Key Research and Development Program of China (No. 2022YFC2304800), the National Natural Science Foundation of China (No. 82203300), and the Guangzhou Science and Technology Plan Project (2025 Basic and Applied Basic Research Project, No. 2025A04J4146).




Acknowledgments

We express our gratitude to our colleagues in the Department of Infectious Diseases at Nanfang Hospital for their assistance and support.





Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.





Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fcimb.2025.1466655/full#supplementary-material




References

 Achhra, A. C., Amin, J., Law, M. G., Emery, S., Gerstoft, J., Gordin, F. M., et al. (2010). Immunodeficiency and the risk of serious clinical endpoints in a well studied cohort of treated HIV-infected patients. AIDS. 24, 1877. doi: 10.1097/QAD.0b013e32833b1b26

 AIDS and Hepatitis C Professional Group, Society of Infectious Diseases, Chinese Medical Association, and Chinese Center for Disease Control and Prevention (2021). Chinese guidelines for diagnosis and treatment of HIV/AIDS (2021 edition). Zhonghua Nei Ke Za Zhi 60, 1106–1128. doi: 10.3760/cma.j.cn112138-20211006-00676

 Bayarsaikhan, S., Jagdagsuren, D., Gunchin, B., and Sandag, T. (2021). Survival, CD4 T lymphocyte count recovery and immune reconstitution pattern during the first-line combination antiretroviral therapy in patients with HIV-1 infection in Mongolia. PloS One 16, e0247929. doi: 10.1371/journal.pone.0247929

 Boatman, J. A., Baker, J. V., Emery, S., Furrer, H., Mushatt, D. M., Sedláček, D., et al. (2019). Risk factors for low CD4+ Count recovery despite viral suppression among participants initiating antiretroviral treatment with CD4+ Counts > 500 cells/mm3: findings from the strategic timing of antiRetroviral therapy (START) trial. JAIDS J. Acquired Immune Deficiency Syndromes. 81, 10. doi: 10.1097/QAI.0000000000001967

 Burgos, J., Moreno-Fornés, S., Reyes-Urueña, J., Bruguera, A., Martín-Iguacel, R., Raventos, B., et al. (2022). Mortality and immunovirological outcomes in patients with advanced HIV disease on their first antiretroviral treatment: differential impact of antiretroviral regimens. J. Antimicrob. Chemother. 78, 108–116. doi: 10.1093/jac/dkac361

 Chen, J., Titanji, K., Sheth, A. N., Gandhi, R., McMahon, D., Ofotokun, I., et al. (2022). The effect of age on CD4+ T-cell recovery in HIV-suppressed adult participants: a sub-study from AIDS Clinical Trial Group (ACTG) A5321 and the Bone Loss and Immune Reconstitution (BLIR) study. Immun. Ageing. 19, 4. doi: 10.1186/s12979-021-00260-x

 Choi, S. Y., Kim, I., Kim, N. J., Lee, S.-A., Choi, Y.-A., Bae, J.-Y., et al. (2011). Hematological manifestations of human immunodeficiency virus infection and the effect of highly active anti-retroviral therapy on cytopenia. Korean J. Hematol. 46, 253–257. doi: 10.5045/kjh.2011.46.4.253

 Committee TUCHC (CHIC) SS (2007). Rate of AIDS diseases or death in HIV-infected antiretroviral therapy-naive individuals with high CD4 cell count. AIDS. 21, 1717. doi: 10.1097/QAD.0b013e32827038bf

 Cuzin, L., Delpierre, C., Gerard, S., Massip, P., and Marchou, B. (2007). Immunologic and clinical responses to highly active antiretroviral therapy in patients with HIV infection aged >50 years. Clin. Infect. Diseases. 45, 654–657. doi: 10.1086/520652

 Deeks, S. G., Overbaugh, J., Phillips, A., and Buchbinder, S. (2015). HIV infection. Nat. Rev. Dis. Primers. 1, 1–22. doi: 10.1038/nrdp.2015.35

 Firnhaber, C., Smeaton, L., Saukila, N., Flanigan, T., Gangakhedkar, R., Kumwenda, J., et al. (2010). Comparisons of anemia, thrombocytopenia, and neutropenia at initiation of HIV antiretroviral therapy in Africa, Asia, and the Americas. Int. J. Infect. Dis. 14, e1088–e1092. doi: 10.1016/j.ijid.2010.08.002

 García, F., de Lazzari, E., Plana, M., Castro, P., Mestre, G., Nomdedeu, M., et al. (2004). Long-term CD4+ T-cell response to highly active antiretroviral therapy according to baseline CD4+ T-cell count. J. Acquir. Immune Defic. Syndr. 36, 702–713. doi: 10.1097/00126334-200406010-00007

 Gazzola, L., Tincati, C., Bellistré, G. M., d’Arminio Monforte, A., and Marchetti, G. (2009). The absence of CD4+ T cell count recovery despite receipt of virologically suppressive highly active antiretroviral therapy: clinical risk, immunological gaps, and therapeutic options. Clin. Infect. Diseases. 48, 328–337. doi: 10.1086/695852

 Guiguet, M., Boué, F., Cadranel, J., Lang, J. M., Rosenthal, E., and Costagliola, D. (2009). Effect of immunodeficiency, HIV viral load, and antiretroviral therapy on the risk of individual Malignancies (FHDH-ANRS CO4): a prospective cohort study. Lancet Oncol. 10, 1152–1159. doi: 10.1016/S1470-2045(09)70282-7

 Gunda, D. W., Kilonzo, S. B., Kamugisha, E., Rauya, E. Z., and Mpondo, B. C. (2017). Prevalence and risk factors of poor immune recovery among adult HIV patients attending care and treatment centre in northwestern Tanzania following the use of highly active antiretroviral therapy: a retrospective study. BMC Res. Notes. 10, 197. doi: 10.1186/s13104-017-2521-0

 He, J., Li, J., Jiang, S., Cheng, W., Jiang, J., Xu, Y., et al. (2022). Application of machine learning algorithms in predicting HIV infection among men who have sex with men: Model development and validation. Front. Public Health 10. doi: 10.3389/fpubh.2022.967681

 Huang, L., Xie, B., Zhang, K., Xu, Y., Su, L., Lv, Y., et al. (2023). Prediction of the risk of cytopenia in hospitalized HIV/AIDS patients using machine learning methods based on electronic medical records. Front. Public Health 11. doi: 10.3389/fpubh.2023.1184831

 Huibers, M. H. W., Bates, I., McKew, S., Allain, T. J., Coupland, S. E., Phiri, C., et al. (2020). Severe anaemia complicating HIV in Malawi; Multiple co-existing aetiologies are associated with high mortality. PloS One 15, e0218695. doi: 10.1371/journal.pone.0218695

 Kaufmann, G. R., Furrer, H., Ledergerber, B., Perrin, L., Opravil, M., Vernazza, P., et al. (2005). Characteristics, determinants, and clinical relevance of CD4 T cell recovery to <500 cells/µL in HIV type 1—Infected individuals receiving potent antiretroviral therapy. Clin. Infect. Diseases. 41, 361–372. doi: 10.1086/431484

 Koka, P. S., and Reddy, S. T. (2004). Cytopenias in HIV infection: mechanisms and alleviation of hematopoietic inhibition. Curr. HIV Res. 2, 275–282. doi: 10.2174/1570162043351282

 Li, J., Hao, Y., Liu, Y., Wu, L., Liang, H., Ni, L., et al. (2024). Supervised machine learning algorithms to predict the duration and risk of long-term hospitalization in HIV-infected individuals: a retrospective study. Front. Public Health 11. doi: 10.3389/fpubh.2023.1282324

 Li, C. X., Li, Y. Y., He, L. P., Kou, J., Bai, J.-S., Liu, J., et al. (2019). The predictive role of CD4+ cell count and CD4/CD8 ratio in immune reconstitution outcome among HIV/AIDS patients receiving antiretroviral therapy: an eight-year observation in China. BMC Immunol. 20, 31. doi: 10.1186/s12865-019-0311-2

 Liu, J., Ding, C., Shi, Y., Wang, Y., Zhang, X., Huang, L., et al. (2024). Advances in mechanism of HIV-1 immune reconstitution failure: understanding lymphocyte subpopulations and interventions for immunological nonresponders. J. Immunol. 212, 1609–1620. doi: 10.4049/jimmunol.2300777

 Ma, W. L., Liu, W. D., Sun, H. Y., Sheng, W.-H., Hsieh, S.-M., Wu, S.-J., et al. (2024). Complete response to front-line therapies is associated with long-term survival in HIV-related lymphomas in Taiwan. J. Microbiol. Immunol. Infect. S1684-1182, 00070–00077. doi: 10.1016/j.jmii.2024.04.001

 Mazrouee, S., Little, S. J., and Wertheim, J. O. (2021). Incorporating metadata in HIV transmission network reconstruction: A machine learning feasibility assessment. PloS Comput. Biol. 17, e1009336. doi: 10.1371/journal.pcbi.1009336

 Mutoh, Y., Nishijima, T., Inaba, Y., Tanaka, N., Kikuchi, Y., Gatanaga, H., et al. (2018). Incomplete recovery of CD4 cell count, CD4 percentage, and CD4/CD8 ratio in patients with human immunodeficiency virus infection and suppressed viremia during long-term antiretroviral therapy. Clin. Infect. Diseases. 67, 927–933. doi: 10.1093/cid/ciy176

 Muzah, B. P., Takuva, S., Maskew, M., and Delany-Moretlwe, S. (2012). Risk factors for discordant immune response among HIV-infected patients initiating antiretroviral therapy : a retrospective cohort study : original article. South. Afr. J. HIV Med. 13, 168–172. doi: 10.10520/EJC128890

 Nah, K., Nishiura, H., Tsuchiya, N., Sun, X., Asai, Y., and Imamura, A. (2017). Test-and-treat approach to HIV/AIDS: a primer for mathematical modeling. Theor. Biol. Med. Model. 14, 1–11. doi: 10.1186/s12976-017-0062-9

 Pu, J. F., and Wu, J. (2024). Survival analysis of PLWHA undergoing combined antiretroviral therapy: exploring long-term prognosis and influencing factors. Front. Public Health 12. doi: 10.3389/fpubh.2024.1327264

 Rb-Silva, R., Goios, A., Kelly, C., Teixeira, P., João, C., Horta, A., et al. (2019). Definition of immunological nonresponse to antiretroviral therapy: A systematic review. JAIDS J. Acquired Immune Deficiency Syndromes. 82, 452. doi: 10.1097/QAI.0000000000002157

 Rivero-Juárez, A., Guijo-Rubio, D., Tellez, F., Palacios, R., Merino, D., Macías, J., et al. (2020). Using machine learning methods to determine a typology of patients with HIV-HCV infection to be treated with antivirals. PloS One 15, e0227188. doi: 10.1371/journal.pone.0227188

 Shen, Y., Wang, J., Wang, Z., Shen, J., Qi, T., Song, W., et al. (2015). A cross-sectional study of leukopenia and thrombocytopenia among Chinese adults with newly diagnosed HIV/AIDS. BioScience Trends. 9, 91–96. doi: 10.5582/bst.2015.01024

 Trickey, A., May, M. T., Vehreschild, J. J., Obel, N., Gill, M. J., Crane, H. M., et al. (2017). Survival of HIV-positive patients starting antiretroviral therapy between 1996 and 2013: a collaborative analysis of cohort studies. Lancet HIV. 4, e349–e356. doi: 10.1016/S2352-3018(17)30066-8

 Tsukamoto, T. (2020). Hematopoietic stem/progenitor cells and the pathogenesis of HIV/AIDS. Front. Cell Infect. Microbiol. 10. doi: 10.3389/fcimb.2020.00060

 Vos, W. A. J. W., Navas, A., Meeder, E. M. G., Blaauw, M. J.T., Groenendijk, A. L., van Eekeren, L. E., et al. (2024). HIV immunological non-responders are characterized by extensive immunosenescence and impaired lymphocyte cytokine production capacity. Front. Immunol. 15. doi: 10.3389/fimmu.2024.1350065

 Wan, L. Y., Huang, H. H., Zhen, C., Chen, S.-Y., Song, B., Cao, W.-J., et al. (2023). Distinct inflammation-related proteins associated with T cell immune recovery during chronic HIV-1 infection. Emerging Microbes Infections. 12, 2150566. doi: 10.1080/22221751.2022.2150566

 Wang, Y., Liu, S., Zhang, W., Zheng, L., Li, E., Zhu, M., et al. (2024). Development and evaluation of a nomogram for predicting the outcome of immune reconstitution among HIV/AIDS patients receiving antiretroviral therapy in China. Advanced Biol. 8, 2300378. doi: 10.1002/adbi.202300378

 Wang, J., Yuan, T., Ding, H., Xu, J., Keusters, W. R., Ling, X., et al. (2021). Development and external validation of a prognostic model for survival of people living with HIV/AIDS initiating antiretroviral therapy. Lancet Regional Health – Western Pacific. 16. doi: 10.1016/j.lanwpc.2021.100269

 Woldeamanuel, G. G., and Wondimu, D. H. (2018). Prevalence of thrombocytopenia before and after initiation of HAART among HIV infected patients at black lion specialized hospital, Addis Ababa, Ethiopia: a cross sectional study. BMC Hematol. 18, 9. doi: 10.1186/s12878-018-0103-6

 Yan, L., Xu, K., Xiao, Q., Tuo, L., Luo, T., Wang, S., et al. (2023). Cellular and molecular insights into incomplete immune recovery in HIV/AIDS patients. Front. Immunol. 14, 1152951. doi: 10.3389/fimmu.2023.1152951

 Yang, X., Su, B., Zhang, X., Liu, Y., Wu, H., and Zhang, T. (2020). Incomplete immune reconstitution in HIV/AIDS patients on antiretroviral therapy: Challenges of immunological non-responders. J. Leukocyte Biol. 107, 597–612. doi: 10.1002/JLB.4MR1019-189R

 Yang, X., Zhang, J., Chen, S., Weissman, S., Olatosi, B., and Li, X. (2021). Utilizing electronic health record data to understand comorbidity burden among people living with HIV: a machine learning approach. AIDS. 35, S39. doi: 10.1097/QAD.0000000000002736

 Zhang, L. X., Song, J. W., Zhang, C., Fan, X., Huang, H.-H., Xu, R.-N., et al. (2021). Dynamics of HIV reservoir decay and naïve CD4 T-cell recovery between immune non-responders and complete responders on long-term antiretroviral treatment. Clin. Immunol. 229, 108773. doi: 10.1016/j.clim.2021.108773

 Zhang, W., Yan, J., Luo, H., Wang, X., and Ruan, L. (2023). Incomplete immune reconstitution and its predictors in people living with HIV in Wuhan, China. BMC Public Health 23, 1808. doi: 10.1186/s12889-023-16738-w

 Zicari, S., Sessa, L., Cotugno, N., Ruggiero, A., Morrocchi, E., Concato, C., et al. (2019). Immune activation, inflammation, and non-AIDS co-morbidities in HIV-infected patients under long-term ART. Viruses. 11, 200. doi: 10.3390/v11030200




Publisher’s note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.


Copyright © 2025 Chen, Zhang, Mao, Qian, Jiang, Gao, Tao, Liang, Peng and Cai. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OEBPS/Images/fcimb-15-1466655-g003.jpg
Univariate Regression Multivariate Regression

Characteristic OR (95% CI) P value OR (95% CI) P value
Age 2 1.026 [1.015-1.038] <0.001 " 1.003 [0.984 - 1.022] 0.773
Baseline-HIV Load(log10) | —— 1.318 [1.110-1.570]  0.002 —-- 0.853 [0.656 - 1.106] 0.232
Baseline-CD4 Bl 0.985[0.983-0.987] <0.001 H 0.995 [0.991 - 1.000] 0.030
6M-CD4 N 0.985[0.983-0.987] <0.001 i 0.992 [0.989 - 0.995] <0.001
12M-CD4 o 0.985[0.983-0.987] <0.001 [ | 0.993 [0.990 - 0.996] <0.001
Baseline-CD8 [ 0.999 [0.999 - 1.000] <0.001 o 1.000 [1.000 - 1.001] 0.328
Baseline-CD4/CD8 Ratio W | 0.004 [0.001 - 0.013] <0.001 : 4.258[0.352 - 46.140] 0.243
6M-CD4/CD8 Ratio [ | | 0.008 [0.004 - 0.017]  <0.001 — W 0.289 [0.058 - 1.353] 0.119
12M-CD4/CD8 Ratio [ | | 0.024 [0.012- 0.044] <0.001 ——8—> 1.353 [0.412 - 4.565] 0.616
Baseline-WBC L 0.779[0.707 - 0.857]  <0.001 . 0.926 [0.791 - 1.087] 0.345
6M-WBC - 0.828 [0.752 - 0.909] <0.001 - 1.060 [0.895 - 1.250] 0.493
12M-WBC - | 0.756 [0.685 - 0.831]  <0.001 B 0.947 [0.812 - 1.103] 0.485
Baseline-HGB [ ] 0.980[0.974 - 0.987] <0.001 [ 1.023 [1.008 - 1.037] 0.002
6M-HGB [ ] 0.984 [0.975-0.992] <0.001 m 0.968 [0.943 - 0.993] 0.014
12M-HGB B 0.990[0.981-0.998] 0.012 B 1.008 [0.985 - 1.032] 0.483
Baseline-PLT o 0.998 [0.996 - 1.000] 0.032 i 1.004 [0.999 - 1.008] 0.094
6M-PLT [ 0.996 [0.994 - 0.998] 0.001 [ 0.995 [0.989 - 1.002] 0.135
12M-PLT [ 0.996 [0.993 - 0.998] <0.001 o 1.000 [0.994 - 1.006] 0.985
Baseline-CHOL - 0.734 [0.619- 0.865] <0.001 N 0.815[0.637 - 1.039] 0.097
Baseline-FPG - 1.166 [1.023 - 1.343]  0.025 - 1.032[0.852 - 1.270] 0.758
0 1 2 0 1 2

AN

d D>
Low risk High risk Low risk High risk





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Predicting the immunological nonresponse to antiretroviral therapy in people living with HIV: a machine learning-based multicenter large-scale study

      

        		

          Background

        



        		

          Methods

        



        		

          Results

        



        		

          Conclusions

        



        		

          1 Introduction

        



        		

          2 Methods

        

          		

            2.1 Study design and participants inclusion and exclusion criteria

          



          		

            2.2 Ethics approval and consent to participate

          



          		

            2.3 Data collection and definition

          



          		

            2.4 Construction, evaluation, and interpretation of predictive models

          



          		

            2.5 Statistical analysis

          



        



        



        		

          3 Result

        

          		

            3.1 Baseline characteristics and follow-up data changes in PLWH

          



          		

            3.2 Independent risk factors associated with poor immune response in PLWH

          



          		

            3.3 Dose-response relationship between 6M-CD4, 12M-CD4, baseline-HGB, 6M-HGB and INR

          



          		

            3.4 Model construction and verification

          



          		

            3.5 Interpretability of the optimal model

          



        



        



        		

          4 Discussion

        



        		

          5 Conclusion

        



        		

          Data availability statement

        



        		

          Ethics statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Acknowledgments

        



        		

          Conflict of interest

        



        		

          Supplementary material

        



        		

          References

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fcimb-15-1466655-g005.jpg
A ROC Curve in Training Data

1.00-

0.75-

Sensitivity
o
3

Model Type

— AUC=0.866 - Random Forest

~— AUC=0.863 - Naive Bayes

— AUC=0.857 - Logistic Regression
— AUC=0.852 - SVM

— AUC=0.847 - XGBoost

— AUC=0.809 - Decision Tree

— AUC=0.777 - Neural Network

— AUC=0.765 - KNN

0.25-

0.00-

0.00 0.25 0.50 0.75 1.00
1 - Specificity

D Calibration Curve in Training Data

1.00
0.75
o)
5
[\
o
]
S
Q- 050
el
(3]
>
1S
[0]
7]
Ke]
(@)
Model Type
0.25 — Brier=0.136 - Random Forest
’ — Brier=0.141 - Logistic Regression
— Brier=0.143 - XGBoost
— Brier=0.147 - SVM
— Brier=0.150 - Decision Tree
~— Brier=0.157 - Naive Bayes
— Brier=0.182 - Neural Network
0.00 — Brier=0.192 - KNN

0.00 0.25 0.50 0.75 1.00
Predicted Probability

G DCA Curve in Training Data

0.4- Model Type
— Random Forest
— Logistic Regression
— XGBoost
— SVM
— Decision Tree
~— Naive Bayes
0.3- — Neural Network
KNN
=
2
S 0.2
o}
Z
0.1-
0.0-

0% 25% 50% 75% 100%
Threshold Probability

B ROC Curve in Internal Validation Set

1.00-

0.75-

Sensitivity
o
3

4 Model Type

0.25- // — AUC=0.943 - Random Forest
d — AUC=0.929 - XGBoost
il ~— AUC=0.924 - Naive Bayes
e — AUC=0.919 - SVM
-1 — AUC=0.909 - Logistic Regression
2 — AUC=0.902 - Decision Tree
@ — AUC=0.860 - KNN

0.00- — AUC=0.773 - Neural Network

0.00 0.25 0.50 0.75 1.00
1 - Specificity

E Calibration Curve in Internal Validation Set

1.00
0.75
=y
5
@©
o
]
S
Q- o.50
el
[]
>
—
[0]
7]
Ke]
(@)
Model Type
0.25 — Brier=0.102 - Random Forest
’ — Brier=0.104 - Decision Tree
— Brier=0.104 - XGBoost
— Brier=0.114 - SVM
— Brier=0.120 - Logistic Regression
~— Brier=0.138 - Naive Bayes
— Brier=0.160 - KNN
0.00 — Brier=0.179 - Neural Network

0.00 0.25 0.50 0.75 1.00
Predicted Probability

H DCA Curve in Internal Validation Set

0.4- Model Type

— Random Forest
— Decision Tree

— XGBoost
— SVM
— Logistic Regression
-~ Naive Bayes
0.3- — KNN
Neural Network
=
S
(0]
©
m 0.2-
—
(]
Z
0.1-
0.0-

0% 25% 50% 75% 100%
Threshold Probability

C ROC Curve in External Validation Set

1.00-

0.75-

Sensitivity
o
3

Model Type

— AUC=0.897 - Random Forest

— AUC=0.886 - SVM

~— AUC=0.881 - Naive Bayes

— AUC=0.880 - Logistic Regression
— AUC=0.879 - XGBoost

— AUC=0.838 - Decision Tree

— AUC=0.811 - KNN

— AUC=0.783 - Neural Network

0.25-

0.00-

0.00 0.25 0.50 0.75 1.00
1 - Specificity

F Calibration Curve in External Validation Set

1.00
0.75
o)
5
®
o
]
S
& 050
el
(3]
>
1S
[O]
7]
Ke]
(@)
Model Type
0.25 — Brier=0.126 - Random Forest
’ — Brier=0.129 - SVM
— Brier=0.131 - Logistic Regression
— Brier=0.134 - XGBoost
— Brier=0.147 - Decision Tree
~— Brier=0.172 - Naive Bayes
— Brier=0.174 - KNN
0.00 — Brier=0.178 - Neural Network

0.00 0.25 0.50 0.75 1.00
Predicted Probability

I DCA Curve in External Validation Set

Model Type
0 — Random Forest
— SVM
— Logistic Regression
— XGBoost
— Decision Tree
-~ Naive Bayes
0.3- — KNN
Neural Network
=
2
D 0.2
o}
Z
0.1+
0.0-

0% 25% 50% 75% 100%
Threshold Probability





OEBPS/Images/fcimb-15-1466655-g001.jpg
Univariate
Analysis

Collinearity VIF
Test

Random Forest

Naive Bayes

Logisitic
Regression

SVM

XGBoost

Decision Tree

Neural Network

KNN

Clinical Data from Clinical Data from

(Southern Medical University (The Fifth Affiliated Hospital of Zunyi
Nanfang Hospital) Medical University)
[N=903] [N=674]

l

Internal Validation Cohort External Validation Cohort
[N=272] [N=674]
Model
Variables
Screening
ROC Curve Calibration Curve DCA Curve
Trainging
cohort
[N=631]
The Optimol Model

Learning

Machine ‘

!

Random Forest Model
Interpretability

Global Variable Partial Dependence

SHAP value Importance Plot





OEBPS/Images/fcimb-15-1466655-g004.jpg
Density

0

B
P-overall < 0.001
P-non-linear = 0.003
pd
- Py
A
7
x
@)
a >
2 ®
2 ®
(e) (]
Q
)
o
Refvalue = 165 g
1 X
@)
100 200 300 350 0 200

Baseline CD4+T Cell (cells/pl)

D

P-overall < 0.001
P-non-linear = 0.020

Density
(1D %SG6 pue oy ppO) %siy YNI

100 120 140 160
Baseline HGB (g/L)

P-overall < 0.001
P-non-linear = 0.141

Refvalue = 273

400

6M CD4+T Cell (cells/pl)

P-overall < 0.001
P-non-linear < 0.001

w

N
(1D %S6 pue oney ppO) dsiy NI
Density

Refvalue =293

—

600 700 0 200 400 600
12M CD4+T Cell (cells/pl)

E

P-overall < 0.001
P-non-linear = 0.245

Density

Refyalue = 127.47

(10 %G6 pue oney ppO) sty NI

120 130 140 150 160 170
6M HGB (g/L)

w

N
(1D %G6 pue oney ppO) Ysiy YNNI

—

750





OEBPS/Images/logo.jpg
’ frontiers ’ Frontiers in Cellular and Infection Microbiology





OEBPS/Images/fcimb.2025.1466655_cover.jpg
& frontiers | Frontiers in Cellular and Infection Microbiclogy

Predicting the immunological nonresponse

to antiretroviral therapy in people living with

HIV: a machine learning-based multicenter
large-scale study





OEBPS/Images/fcimb-15-1466655-g006.jpg
A

6M CD4+T Cells-

12M CD4+T Cells-
Baseline CD4+T Cells-
6M CD4/CD8 Ratio-
12M CD4/CD8 Ratio-
Baseline WBC -
Baseline CD4/CD8 Ratio-
6M WBC-

12M WBC-

Baseline CD8+T Cells-

Baseline HIV Load(log10)-

Age-
12M HGB-
Baseline HGB-
Baseline FPG-
0.00 0.03 0.06 0.09
B Global Variable Importance (mean SHAP value)

6M CD4+T Cells- w*n«-w oo oot e fREE

12M CD4+T Cells- «“«-

Baseline CD4+T Cells-
6M CD4/CD8 Ratio-

12M CD4/CD8 Ratio-
Baseline WBC-

Baseline CD4/CD8 Ratio-

6M WBC-

12M WBC-
Baseline CD8+T Cells-

Baseline HIV Load(log10)-

Age-
12M HGB-
Baseline HGB-
Baseline FPG- .
-0.1 00 0.1
SHAP value

0.2

Feature value

High

Low

SHAP value

SHAP value

Baseline HIV Load(log10)=2.33
15 other features Baseline CD4+T Cells=63

E[f(x)]=0.425

0.4

6M WBC=3.4 6M CD4+T Cells=340

0.6

12M CD4+T Cells=130

SHAP value

f(x)=0.144

o4

100 200 300
Baseline CD4+T Cells

0.1 0.2 0.3
SHAP value
Age
80 ©
E]
0 £
o
<
w0 I
[
20
.
.
.
.
] 250 500 750 1000
12M CD4+T Cells
0.104
0,054 Age
80
=l
o S
o
<
0.00 u
20
-0.054

6M CD4+T Cells=214 Baseline WBC=7.76

Baseline CD4+T Cells=310
12M CD4+T Cells=359

'

f(x)=0.865

0.8

E[f(x)]=0.425

04

&M CD4/CD8 Ratio=0.66

15 other features

T
250

500
6M CD4+T Cells

T
750

1000

0.004

-0.054

10 15
6M CD4/CD8 Ratio

25

_—

Age
80

60
40

20

Age
80

60
40

20





OEBPS/Images/fcimb-15-1466655-g002.jpg
A Group B IR B2 INR B Group B2 IR B2 INR C Group B IR &2 INR D Group B9 IR &2 INR

| 157 |
2000 10
600
3 I 1500] 8
2 2 1.0] o
g 8 = 2
D 400] ) 14 =
3 3 © =
3 31000 a g 6
) ° 3 -
S S 3 o
— — o Q
+ + 0.5 =
< o)
Q 200 fa]
@) O 500 4
il 01 0.0 2]
oM 6M 12M 24M oM 6M 12M 24M oM 6M 12M 24M oM 6M 12M 24M
Follow-up Timepoint Follow-up Timepoint Follow-up Timepoint Follow-up Timepoint
Group B IR B2 INR Group B IR B2 INR Group B9 IR &2 INR Group B9 IR &2 INR
| I |
E F . G H
175
60 | 40
150 ~ 300
= 5 I g
2 b S =)
3 e = 40] = 30]
o 3 g 2
3 2 3 >
1257 o — -
m — 200 — =
] - - (2]
T E < <
20 201
1007
1007
0 10
75 oM 6M 12M 24M oM 6M 12M 24M oM 6M 12M 24M oM 6M 12M 24M
Follow-up Timepoint Follow-up Timepoint Follow-up Timepoint Follow-up Timepoint
I Group B3 IR B2 INR J Group B3 IR B2 INR K Group B3 IR B2 INR L Group B3 IR B2 INR
7] 7]
120
: 6
= o — =5
= E I 100 S 6
[e} J o
€ 5 €
E = 5 £
= 2 [ — 5
[} > [}
3 5 3 801 3
- | 4 — -
) 3 o o
- 5 0 L 5]
] 60]
" 3
2 40 4
oM 6M 12M 24M oM 6M 12M 24M oM 6M 12M 24M 6M 12M 24M

Follow-up Timepoint Follow-up Timepoint Follow-up Timepoint Follow-up Timepoint





OEBPS/Images/table1.jpg
The Fifth Affiliated Hospital of Zunyi Medical
University, N = 674

Nanfang Hospital, N= 903

Characteristics

IR, N = 532 INR, N = 371 IR, N = 408 INR, N = 266 P value
Age, years 31.00 [24.75, 41.25] 35.00 [27.50, 46.50] <0.001 30.00 [25.00, 40.00] 36.50 [29.00, 46.00] <0.001
Gender 0.064 0.578
Female 41 (7.71%) 42 (11.32%) 61 (14.95%) 44 (16.54%)
Male 491 (92.29%) 329 (88.68%) 347 (85.05%) 222 (83.46%)
HAART Regimen 0.225 0.039
INSTI based 140 (26.32%) 116 (31.27%) 29 (7.11%) 33 (12.41%)
NNRTI based 380 (71.43%) 245 (66.04%) 342 (83.82%) 216 (81.20%)
PI based 12 (2.26%) 10 (2.70%) 37 (9.07%) 17 (6.39%)
Baseline HBsAg 0.179 0.360
HBsAg negative 472 (88.72%) 318 (85.71%) 1 368 (90.20%) 234 (87.97%) 1
HBsAg positive 60 (11.28%) 53 (14.29%) 40 (9.80%) 32 (12.03%)
Baseline AntiHCV 0.744 0.811
AntiHCV negative 526 (98.87%) 368 (99.19%) 397 (97.30%) 258 (96.99%)
AntiHCV positive 6 (1.13%) (0.81%) 11 (2.70%) 8 (3.01%)
Baseline HIV load, log10(copies/ml) 4.31 [3.74, 4.74] 4.50 [3.87, 4.90) 0.003 455 [4.14, 4.98] 484 [437,5.17) <0.001
Baseline CD4+T cells, cells/ul 252.00 [199.75, 298.00] | 122.00 [59.00, 191.50] = <0.001 249.00 [183.00, 301.00] 12150 [34.25, 192.75] <0.001

HAART, highly active antiretroviral therapy; INSTI, integrase strand transfer inhibitor; NNRTI, non-nucleoside reverse transcriptase inhibitor; PI, protease inhibitor; HBsAg, hepatitis B surface
antigen; AntiHCV, anti-hepatitis C virus antibody.





