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Objective: Despite the widespread use of antiretroviral therapy (ART), HIV virologic failure remains a significant global public 
health challenge. This study aims to develop and validate a nomogram-based scoring system to predict the incidence and determinants 
of virologic failure in people living with HIV (PLWH), facilitating timely interventions and reducing unnecessary transitions 
to second-line regimens.
Methods: A total of 9879 patients with HIV/AIDS were included. The predictive model was developed using a training cohort 
(N = 5,189) and validated internally (N = 2,228) and externally (N = 2,462) with independent cohorts. Multivariable logistic 
regression, with variables selected through least absolute shrinkage and selection operator (LASSO) regression, was employed. 
The final model was presented as a nomogram and transformed into a user-friendly scoring system.
Results: Key predictors in the scoring system included delayed ART initiation (6 points), poor adherence (7 points), ART 
discontinuation (6 points), side effects (9 points), CD4+ T cell count (10 points), and follow-up safety index (FSI) (9 points). With 
a cutoff of 15.5 points, the area under the curve (AUC) for the training and validation sets was 0.807, 0.784, and 0.745, respectively. 
The scoring system demonstrated robust diagnostic performance across cohorts.
Conclusion: This novel model provides an accurate, well-calibrated tool for predicting virologic failure at the individual level, 
offering valuable clinical utility in optimizing HIV management.
Keywords: HIV, virologic failure, nomogram, predictive scoring system

Introduction
To date, acquired immune deficiency syndrome (AIDS) is still a global public health problem, representing a substantial 
peril with no available cure.1,2 According to the latest data released by the Joint United Nations Programme on HIV/ 
AIDS (UNAIDS) in late 2022, there were 1.3 million new HIV infections and 0.63 million deaths attributed to AIDS- 
related illnesses worldwide.3 Fortunately, the introduction of antiretroviral therapy (ART) achieved virologic suppression, 
restored immune function, and played a significant role in reducing HIV-related morbidity and mortality among people 
living with HIV (PLWH).4,5 By the end of 2022, an estimated 29.8 million of the 39 million (33.1 million–45.7 million) 
PLWH globally are receiving life-saving treatment, with almost three-quarters (71%) achieving viral load (VL) 
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suppression.3 However, The ambitious strategic objective aims to have 95% of People Living With HIV (PLWH) 
diagnosed, 95% of those diagnosed receiving life-saving ART, and 95% of those on ART achieving viral load 
suppression by 2030, with the ultimate goal of improving human health and curbing the transmission of HIV.6 

Therefore, it is necessary to focus on patients who have experienced virologic failure or are at high risk of developing it.
Failure of viral load control accelerates disease progression and fosters the occurrence of HIV-related co-infections 

among PLWH. Beyond its impact on patients, virologic failure exacerbates viral drug resistance, elevating the incidence 
of acquired drug resistance and complicating HIV transmission control efforts.7 Notably, virologic failure can be 
influenced by low-level viremia (LLV).8,9 Chun et al9 revealed that patients with LLV had an increased likelihood of 
experiencing virological non-suppression and failure. According to a cohort research, individuals with persistent VL > 
200 copies/mL were twice as likely to experience virologic failure in the future as those with undetectable VL.8,10

In order to salvage the consequences of poor viral control in a timely manner, some countries use a lower VL 
threshold to define treatment failure. The US Department of Health and Human Services (DHHS) characterizes treatment 
failure as HIV VL ≥ 200 copies/mL. In China, after at least 24 weeks antiretroviral therapy, viral load > 200 copies/mL 
persistently, or virologic rebound occurs after the virus reached suppression regarded as virological failure.11

Virologic failure has emerged as a prevalent public health concern among PLWH undergoing treatment. The main 
challenge of antiretroviral therapy today is to reduce virologic failure to achieve epidemic control and decrease the 
prevalence of drug resistance.12 Considering that virologic failure would jeopardize long-term treatment success and 
contribute to the emergence of drug-resistant transmission, early identification of populations which have a high risk of 
virologic failure in PLWH is important. In addition, early identification of virologic failure in patients on first-line 
antiretroviral therapy plays a crucial role in selection and maintenance another efficacy second-line antiretroviral 
regimens. However, there is limited evidence on the incidence of virologic failure and its predictors. Up to date, several 
studies have discovered that many factors like, higher baseline VL,13 poor adherence,14–17 lower baseline CD4+ T-cell 
counts,18,19 lower CD4/CD8 ratio,13 Nevirapine (NVP)-based regimens,20,21 lower BMI,22 and advanced WHO stage (III/ 
IV)23,24 would all impact virologic failure. Li et al25 discovered that low-abundance pretreatment drug resistance 
mutations, ranging from 2% to 9%, were associated with an increased risk of virologic failure. Recent research has 
demonstrated a consistent link between LLV and virologic failure in individuals with baseline HIV RNA levels exceeding 
105 copies/mL, even when treated with integrase strand transfer inhibitors (INSTIs).13 A study by Avendaño-Ortiz et al 
identified a potential biomarker of HIV infection, sPD-L1, exhibiting a notable positive correlation with VL, particularly 
among PLWH experiencing virologic failure.26 While these individual markers possess limited predictive accuracy and 
can be costly and challenging to obtain in primary healthcare settings, there remains a necessity to investigate more 
accessible prediction tools to aid clinicians in making informed clinical decisions.

In the follow-up of PLWH, assessments of liver enzymes, creatinine, blood glucose, lipids, and blood cell counts are 
routinely conducted as they are indicative of the organism’s functional status and potential adverse reactions to medications. 
These parameters are crucial in evaluating virological treatment efficacy. Following the previous approach of modeling 
multiple variables of the same type to form a new variable,27 we integrated these indicators to create a new variable to assess 
the physical status of patients at the time of consultation and during treatment. This new variable will be incorporated into 
regression analyses in conjunction with diverse variables to formulate an innovative predictive model.

Therefore, the aim of this study was to develop a predictive model for early identification of patients at high risk of 
primary antiretroviral failure by analyzing the demographic characteristics and laboratory indicators of PLWH at 
baseline.

Methods
Study Design and Population
The retrospective study utilized data from the China Centers for Disease Prevention and Control’s information system 
and included PLWH receiving antiretroviral therapy (ART) from 2010 to 2022 at Wuhan Jinyintan Hospital. The 
participants were divided into training and internal validation sets, and an external validation set was obtained from 
Xiangyang and Jingzhou for further validation, which covered the years 2017 through 2022.
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We defined the inclusion criteria as:1 an exhaustive laboratory examination confirming HIV infection;2 treatment with 
an ART regimen consisting of at least three medications;3 follow-up findings following six months of ART; and4 age 
more than fifteen. Patients with prior ART and incomplete follow-up information were excluded.

Data Collection and Definition
Data from demographic characteristics, clinical and laboratory indexes have been collected including age at ART start, 
body mass index (BMI, calculated as weight/height2), duration of ART delayed, adherence, side effects, sex, infection 
route, WHO clinical stage, opportunistic infections, specific clinical symptoms, ART regimens, CD4+ T cell counts, VL, 
along with some biochemical and blood markers.

Virologic failure defined as after at least 24 weeks antiretroviral therapy, viral load > 200 copies/mL persistently, or 
virologic rebound occurs after the virus reached suppression.28 Treatment adherence was assessed by the proportion of 
days covered, which is the sum of days during follow-up. Poor adherence was defined as the proportion of days covered 
less than 80%.29,30

Data Processing
The sample size for this study was determined based on the widely accepted guideline of including at least 10 valid 
observations per predictor in multivariate regression analysis. Multiple imputation by chained equations (MICE) was employed 
to handle missing data. A total of 5 imputation models were generated to account for the uncertainty in the missing values, and 
the imputed datasets were combined using standard methods to produce a final estimate. Missing values in the training set were 
analyzed using descriptive statistics, and the missingness mechanism was assessed using Little’s MCAR test. Sensitivity 
analyses were conducted to evaluate the impact of missing data on the robustness of our results (Supplementary Figure 1).

In this study, we developed the Follow-up Safety Index (FSI), an observational metric derived from multiple follow- 
up indicators to assess patient safety during routine visits. The FSI was constructed based on key clinical parameters, 
including white blood cell count (WBC), platelet count (PLT), hemoglobin (HB), serum creatinine (Scr), triglycerides 
(TG), total cholesterol (TC), fasting blood glucose (FBG), alanine aminotransferase (ALT), aspartate aminotransferase 
(AST), and total bilirubin (TBIL). Independent predictors were identified through stepwise logistic regression, ensuring 
that the FSI effectively integrates variables with significant influence on patient outcomes.

Statistical Analysis
The variables in both the training and validation sets were presented as either frequencies (percentages) or means 
± standard deviations. For comparing continuous variables between groups, the Mann–Whitney U-test was used. 
Categorical variables were compared using the Wilcoxon rank-sum test, Fisher’s exact test, or the chi-square test 
as appropriate. The Least Absolute Shrinkage and Selection Operator (LASSO) method was employed to identify 
the most relevant predictors.31 The six key predictors identified were then included in subsequent analyses, and 
a nomogram was developed based on multivariate logistic regression. To enhance clinical applicability, the 
nomogram was transformed into a scoring system with integer scores assigned to each variable. The optimal 
cutoff values for each variable and the final total score were determined using the Youden Index.

After developing the clinical prediction model based on the six significant factors, its validity was evaluated by 
assessing both discrimination and calibration. Discriminatory performance was measured using receiver operating 
characteristic (ROC) curve analysis across three distinct datasets. Calibration was assessed using a calibration curve. 
Additionally, decision curve analysis (DCA) was conducted to evaluate the clinical utility of the model.

Data analysis was performed using R-Studio (version 4.2.0). A two-sided P-value < 0.05 was considered statistically 
significant.

Results
According to the above inclusion and exclusion criteria, 7417 hIV/AIDS patients were diagnosed and followed up in 
Wuhan Jinyintan Hospital (5189 participants in training set and 2228 in internal validation set), and 2462 hIV/AIDS 
patients were diagnosed and followed up in Xiangyang and Jingzhou cities in Hubei (external validation set). The 
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characteristics of the training and validation sets are listed in Table 1. Detailed comparison of the baseline characteristic 
between the three groups were showed in the Supplementary Table 1. Significant differences were observed between the 
training and external validation cohorts (p < 0.05), including older age, higher proportion of females, predominance of 
heterosexual transmission, and lower WHO clinical stage in the external validation cohort. Notably, such differences 

Table 1 Comparison of the Baseline Characteristic Between the Three Groups

Variables, n(%) Total Training Set (T) Internal Validation Set (IV) External Validation Set (EV)

(n = 9879) (n = 5189) (n = 2228) (n = 2462)
Age, year 35.0 (26.0, 51.0) 32.0 (25.0, 48.0) 32.0 (25.0, 46.2) 46.0 (30.0, 56.0)

Sex

Female 1243 (12.6%) 496 (9.56%) 207 (9.29%) 540 (21.9%)
Male 8636 (87.4%) 4693 (90.4%) 2021 (90.7%) 1922 (78.1%)

BMI, kg/m2 21.3 (19.5, 23.4) 21.3 (19.5, 23.4) 21.3 (19.4, 23.4) 21.3 (19.6, 23.3)

Infection routes
Heterosexual 3867 (39.1%) 1629 (31.4%) 686 (30.8%) 1552 (63.0%)

Homosexual 5746 (58.2%) 3447 (66.4%) 1491 (66.9%) 808 (32.8%)
Injection 103 (1.04%) 64 (1.23%) 33 (1.48%) 6 (0.24%)

WHO clinical stage

1 and 2 7308 (74.0%) 3697 (71.2%) 1584 (71.1%) 2027 (82.3%)
3 and 4 2571 (26.0%) 1492 (28.8%) 644 (28.9%) 435 (17.7%)

ART delay, month 1.10 (0.50, 2.80) 1.30 (0.80, 3.00) 1.30 (0.80, 3.00) 0.00 (0.00, 2.00)

Adherence
Good 9235 (93.5%) 4819 (92.9%) 2059 (92.4%) 2357 (95.7%)

Poor 644 (6.52%) 370 (7.13%) 169 (7.59%) 105 (4.26%)

Discontinue (stop) ART
No 9638 (97.6%) 5127 (98.8%) 2199 (98.7%) 2312 (93.9%)

Yes 241 (2.44%) 62 (1.19%) 29 (1.30%) 150 (6.09%)

Side effects
No 9710 (98.3%) 5101 (98.3%) 2193 (98.4%) 2416 (98.1%)

Yes 169 (1.71%) 88 (1.70%) 35 (1.57%) 46 (1.87%)

Firstline ART
No 810 (8.20%) 489 (9.42%) 195 (8.75%) 126 (5.12%)

Yes 9069 (91.8%) 4700 (90.6%) 2033 (91.2%) 2336 (94.9%)

NVP based ART
No 8778 (88.9%) 4473 (86.2%) 1923 (86.3%) 2382 (96.8%)

Yes 1101 (11.1%) 716 (13.8%) 305 (13.7%) 80 (3.25%)

CD4+ T-cell counts
<324 cells/μL 4075 (41.2%) 2194 (42.3%) 960 (43.1%) 921 (37.4%)

≥324 cells/μL 5804 (58.8%) 2995 (57.7%) 1268 (56.9%) 1541 (62.6%)

Scr, μmol/L 68.0 (58.0, 77.9) 68.0 (58.0, 77.0) 68.0 (57.2, 77.7) 69.0 (59.1, 79.4)
TG, mmol/L 1.46 (0.97, 2.21) 1.50 (0.99, 2.32) 1.50 (0.96, 2.24) 1.38 (0.94, 1.99)

AST, U/L 25.0 (19.0, 32.0) 24.0 (18.0, 31.0) 24.0 (18.0, 31.0) 28.0 (22.0, 35.8)

TBIL, mol/L 8.30 (6.20, 11.8) 8.30 (6.10, 11.9) 8.20 (5.80, 11.9) 8.60 (6.60, 11.4)
WBCcells/μL 5.46 (4.52, 6.58) 5.51 (4.56, 6.60) 5.48 (4.56, 6.61) 5.35 (4.39, 6.45)

PLT, 10^9/L 205 (153, 251) 211 (148, 253) 212 (144, 252) 201 (162, 242)

HB, g/L 147 (132, 157) 147 (132, 157) 147 (134, 157) 146 (131, 157)
TC, mmol/L 4.30 (3.70, 4.89) 4.30 (3.70, 4.90) 4.30 (3.69, 4.84) 4.30 (3.68, 4.93)

FBG, mmol/L 5.57 (5.11, 6.10) 5.60 (5.20, 6.20) 5.60 (5.20, 6.20) 5.41 (4.90, 5.94)

ALT, U/L 24.0 (16.0, 37.0) 22.0 (14.0, 35.0) 22.1 (14.0, 35.0) 28.0 (20.0, 42.0)

Notes: Stop ART indicates cessation of antiretroviral therapy (ART) due to various reasons, such as side effects and poor adherence; First-line ART refers to the 
triple therapy regimen consisting of two nucleoside reverse transcriptase inhibitors (NRTIs) as the backbone, combined with a third drug; Side effects refer to 
adverse reactions that patients may experience during medication, such as liver dysfunction, renal dysfunction, and anemia. 
Abbreviations: BMI, body mass index, NVP, nevirapine; Scr, serum creatinine; TG, triglyceride; AST, artate aminotransferase; TBIL, total bilirubin; WBC, white 
blood cell; PLT, platelet; HB, haemoglobin; TC, total cholesterol; FBG, fasting blood glucose; ALT, alanine aminotransferase; ART, antiretroviral therapy.
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were not observed between the training and internal validation cohorts. In addition, sensitivity analyses comparing 
baseline characteristics between included and excluded individuals revealed no significant differences (p > 0.05) 
(Supplementary Table 2). The proportion of missing data was low (5%-10% across variables) in the train set, and 
Little’s MCAR test supported the assumption of completely random missingness (p = 0.687) (Supplementary Figure 1). 
Due to its high missing rate (69.6%), CD8 was excluded from further analysis. Further analyses showed no significant 
differences between pre- and post-imputation distributions, confirming the robustness of the imputation process 
(Supplementary Table 3).

In this study, virologic failures occurred in 6.92% (684/9879) of all PLWH, including 5.18% (296/5189) in the training 
set, 5.92% (132/2228) in the internal validation set, and 11.49% (283/2462) in the external validation set. Based on the 
safety indicator variables, FSI was established. After stepwise regression analysis, TBIL was found to be statistically 
significant (p < 0.05). However, its clinical relevance to virological treatment failure remains uncertain, as existing literature 
does not support a robust association. Additionally, TBIL had a high proportion of missing data (over 20%). Although 
sensitivity analyses showed no significant differences between pre- and post-imputation distributions (p > 0.05), the 
substantial missingness may still introduce potential bias into the results. Given these limitations, TBIL was excluded 
from the final model to ensure that all predictors were both statistically and clinically meaningful. Finally, six laboratory 
indicators were derived to form the FSI. The AUC of FSI was 0.711 (95% confidence interval (CI) 0.679–0.743), and the 
multivariate analysis of these six variables was described in Table 2. Calculating by the β-value, the FSI index was 
represented as 0.139*WBC + 0.002*PLT + 0.019*HB + 0.478*TC - 0.120*FBG - 0.005*ALT. Subsequently, an optimal 
threshold value of 5.10 was extrapolated from the ROC analysis, thereby bifurcating FSI into binary variables. This 
dichotomization process stratified the FSI into high-risk (lower FSI) and low-risk (higher FSI) groups.

To derive model variables that are easy to use and calculate clinically, all variables were transformed into dichot
omous variables based on the best cutoff values from the ROC analysis (Supplementary Table 4). In order to have 
selected the most efficient parameters for a highly accurate prediction model, we added all variables besides FSI and 
other safety indicators in LASSO regression analysis (Figure 1). Then, six predictors (delayed ART, adherence, 
discontinue ART, side effects, CD4+ T cell counts and FSI) were selected as independent risk factors associated with 
virologic failure (Figure 2). These six predictors were utilized to create a nomogram model (Figure 3). The combined 
performance of these six factors was subsequently assessed comprehensively through ROC analysis, AUC was 0.807 
(95% CI 0.800–0.834). Furthermore, the nomogram model also exhibited good calibration and clinical utility.

To enhance its applicability in clinical practice, we transformed the predictive model into a user-friendly scoring 
system by assigning integer points to each predictor based on their respective β coefficients. The scoring system is as 
follows: delayed ART initiation (6 points), adherence (7 points), discontinuation of ART (6 points), side effects (9 
points), CD4+ T cell counts (10 points), and FSI (9 points). The detailed scoring criteria are presented in Table 3. With 
this scoring system, the VF risk score for HIV individuals = 6*delayed ART (No=0, Yes=1) + 7*adherence (No=0, 
Yes=1) + 6*discontinue ART (No=0, Yes=1) + 9*side effects (No=0, Yes=1) −10*CD4+ T cell counts (<324=0, ≥324=1) 
- 9*FSI (<5.1=0, ≥5.1=1). The optimal threshold for the scoring system is 15.5 points, as calculated by the Youden Index. 

Table 2 Multivariate Regression Analysis for Constructing FSI in 
Training Set

Variables Beta S.E wald OR (95% CI) P

WBC, 10^9/L −0.139 0.042 10.631 0.871 (0.801–0.946) 0.001

PLT, 10^9/L −0.002 0.001 11.927 0.998 (0.997–0.999) 0.001

HB, g/L −0.019 0.002 68.334 0.981 (0.977–0.986) <0.001
TC, mmol/L −0.478 0.076 39.598 0.620 (0.534–0.720) <0.001

FBG, mmol/L 0.120 0.027 19.561 1.128 (1.069–1.189) <0.001

ALT, U/L 0.005 0.002 4.468 1.005 (1.000–1.010) 0.035

Abbreviations: WBC, white blood cell; PLT, platelet; HB, haemoglobin; TC, total choles
terol; FBG, fasting blood glucose; ALT, alanine aminotransferase.
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When the total score exceeded 15.5 points, PLWH were more likely to develop virologic failure, whereas when the total 
score was lower than 15.5 points, PLWH were less likely to develop virologic failure.

Subsequently, we comprehensively evaluated the performance of the scoring model through ROC analysis. The 
AUCs were 0.807 (95% CI 0.780–0.834), 0.784 (95% CI 0.744–0.823), and 0.745 (95% CI 0.713–0.777) for the training, 
internal validation, and external validation sets, respectively (Figure 4A–C). There were no statistically significant 
discrepancies in the precise matches between the anticipated and actual values, as indicated by the calibration curves 
for the training and validation sets (Figure 4D–F). DCA also shown the value and use of nomograms in clinical decision- 
making. In both the training and validation sets, the clinical applications utilizing the created nomograms produced good 
clinical advantages spanning the threshold probability range of 0.1 to 0.8, as seen in Figure 4G and H. Figure 5 presents 
the confusion matrix of prediction model in each set. Across the three sets, the model demonstrated consistent 
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performance, with recall (sensitivity) values of 77.3%, 75.0%, and 61.8%, and accuracy values of 70.5%, 70.7%, and 
73.8%, respectively. Additionally, the specificity achieved was 70.1%, 70.5%, and 75.4% in the three sets, indicating the 
model’s ability to correctly identify both positive and negative cases. These results highlight the model’s robustness and 
generalizability across different datasets.

Discussion
This study constructed a clinical predictive model and created a unique scoring system to facilitate practical application. 
The nomogram graphically demonstrates how the model can be applied. In Figure 5 we can see a patient has not 
discontinue ART, has no side effects, with a poor adherence, delayed ART<2.2m, FSI≥5.1 and CD4+ T-cell counts<324 
cells/μL, holding the risk of developing virologic failure of 8.6%.

Our research has revealed that delaying the initiation of ART can have a detrimental impact on the effectiveness of 
antiviral treatment, leading to virologic failure, particularly among individuals who commence ART more than 2.2 
months after diagnosis. A study conducted in sub-Saharan Africa highlighted a significant incidence of virologic failure 
attributed to late detection and diagnosis of HIV, as well as postponed commencement of ART.32 Rapid-initiation ART 
has been shown to shorten the interval from HIV diagnosis to achieving virologic suppression, enhance ART adherence, 
and improve treatment retention in PLWH. In addition, accelerated ART initiation could reduce overall mortality in the 
medium for a long period of time, recognized as a key strategy for controlling the HIV epidemic.33,34 Therefore, WHO 
advocates for the immediate initiation of ART upon confirmation of HIV infection.35

A study conducted in Siberia revealed that inadequate adherence emerged as the primary contributing factor to the 
failure of antiretroviral therapy in PLWH receiving first-line ART.16 It has been established that patients face risks of 
developing drug resistance and compromised immunity when their adherence rates fall below 95%.21 In cases of poor 
adherence, a significant decline in CD4+ T-cell counts occurs, resulting in immune system breakdown.36,37 Once the 
number of CD4+ T-cells decreases, it creates the right conditions for viral replication and leads to virologic failure. In 
addition, Palladino et al38 found that patients who interrupt treatment experience viral replication rebound leading to 
immune failure and to some extent also inducing mutations in drug resistance genes. This is in line with the conclusions 
we reached.

Several previous studies have demonstrated an inverse correlation between viral replication and CD4+ T-cell counts. 
Lower CD4+ T-cell counts are linked to heightened susceptibility to virologic failure, thereby escalating the likelihood 
and frequency of opportunistic infections, consequently fostering disease advancement and elevated mortality rates.39,40 

Santos et al41 highlighted that among treatment-naïve individuals, those with CD4+ T-cell counts below 100 cells/μL 
were more prone to experiencing virologic failure when utilizing second-generation INSTIs.

A study exploring factors associated with virologic failure in western Kenya found that patients who experienced 
drug side effects during treatment were at risk of virologic failure.42 Similarly, our investigation detected a correlation 
between adverse reactions and virologic failure, potentially attributable to the notion that intolerable and enduring side 
effects indirectly impede patients’ adherence to prescribed medications.

Table 3 A Scoring System Developed from a Nomogram in the Train Set

Variables β (Absolute Values) Score Generated  
from Nomogram (points)

Score Modified  
from Nomogram (points)

Delayed ART (≥2.2 months) 0.953 5.88 6

Adherence (poor) 1.151 7.1 7

Discontinue ART (poor) 1.027 6.34 6
Side effect (yes) 1.443 8.9 9

CD4+ T (<324cells/μL) 1.621 10 10

FSI (<5.1) 1.421 8.77 9

Abbreviation: FSI, follow-up safety index.
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Moreover, we assessed the safety of the drug by establishing a new variable, FSI. Consisting of six variables, WBC, 
PLT, HB, FBG, TC, and ALT, FSI covers the effects of the drug on blood cells and biochemical indicators. The 
magnitude of the FSI score, determined by a specific formula, directly correlates with the level of safety conferred by the 
drug.

Our findings have significant implications for clinical practice. By enabling the early identification of high-risk 
patients, our model supports personalized interventions, such as tailored adherence support and regimen adjustments, 
which can reduce the likelihood of virological failure. Additionally, the model’s simplicity and reliance on routine 
clinical data make it a practical tool for resource allocation and patient management. The robust performance of the 
model in both internal and external validation sets underscores its generalizability across diverse HIV populations. 
However, we acknowledge that excluding individuals with incomplete follow-up data may introduce attrition bias, 
particularly if those lost to follow-up were more likely to experience treatment failure. Nevertheless, to enhance the 
applicability and generalizability of our model and scoring system, further validation across multiple institutions and 
larger datasets is imperative. Future studies should prioritize minimizing loss to follow-up and consider advanced 
statistical methods, such as inverse probability weighting, to address potential bias.

In summary, the new scoring system has demonstrated strong calibration and outstanding diagnostic performance in 
identifying the likelihood of virologic failure in PLWH. It is based on six easily available clinical characteristics. We 
advise HIV sentinel hospitals to make extensive use of this innovative scoring approach in order to promptly and 
efficiently identify patients who are at high risk of virologic failure.
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Data can be made available upon reasonable request from Lianguo Ruan (2020jy0004@hust.edu.cn).

Ethics Approval and Consent to Participate
The Declaration of Helsinki was followed in the conduct of this study. The Huazhong University of Science and 
Technology’s Tongji Medical College’s ethics committee at Wuhan Jinyintan Hospital gave its approval to the study 
protocol (KY-2022-13). All participants provided informed consent to take part at the beginning of the process as part of 
the online survey.

Author Contributions
All authors made a significant contribution to the work reported, whether that is in the conception, study design, 
execution, acquisition of data, analysis and interpretation, or in all these areas; took part in drafting, revising or critically 

1469208

345161

28.3%4%

66.5%1.2%

12
.4
%

98
.3
%

1.
7%

29.9%77.3%

70.1%22.7%

VF non-VF

hi
gh

 r
is

k
lo

w
 r

is
k

Target

P
re

di
ct

io
n

61999

147733

27.8%4.4%

66.3%1.5%

86
.2
%

13
.8
%

97
.8
%

2.
2%

29.5%75%

70.5%25%

hi
gh

 r
is

k
lo

w
 r

is
k

Target

P
re

di
ct

io
n

536175

1643108

21.8%7.1%

66.7%4.4%

75
.4
%

24
.6
%

93
.8
%

6.
2%

24.6%61.8%

75.4%38.2%

hi
gh

 r
is

k
lo

w
 r

is
k

Target

P
re

di
ct

io
n

A B C

VF non-VF VF non-VF

Figure 5 Confusion matrix of the score risk group in training set (A), internal validation set (B) and external validation set (C).

https://doi.org/10.2147/IDR.S506663                                                                                                                                                                                                                                                                                                                                                                                                                                                                Infection and Drug Resistance 2025:18 1770

Zhang et al                                                                                                                                                                           

Powered by TCPDF (www.tcpdf.org)



reviewing the article; gave final approval of the version to be published; have agreed on the journal to which the article 
has been submitted; and agree to be accountable for all aspects of the work.

Disclosure
The authors declare that they have no competing interests.

References
1. Haynes BF, Wiehe K, Borrow P, et al. Strategies for HIV-1 vaccines that induce broadly neutralizing antibodies. Nat Rev Immunol. 2023;23 

(3):142–158. doi:10.1038/s41577-022-00753-w
2. Sun W, Gao C, Hartana CA, et al. Phenotypic signatures of immune selection in HIV-1 reservoir cells. Nature. 2023;614(7947):309–317. 

doi:10.1038/s41586-022-05538-8
3. The Joint United Nations Programme on HIV/AIDS (UNAIDS). The Path That Ends AIDS:2023 UNAIDS Global AIDS Update. Geneva: The Joint 

United Nations Programme on HIV/AIDS (UNAIDS); 2023.
4. Autran B, Carcelain G, Li TS, et al. Positive effects of combined antiretroviral therapy on CD4+ T cell homeostasis and function in advanced HIV 

disease. Science. 1997;277(5322):112–116. doi:10.1126/science.277.5322.112
5. Shmakova A, Germini D, Vassetzky Y. HIV-1, HAART and cancer: a complex relationship. Int, J, Cancer. 2020;146(10):2666–2679. doi:10.1002/ 

ijc.32730
6. The Joint United Nations Programme on HIV/AIDS (UNAIDS). Understanding Fast-Track: accelerating Action to End the AIDS Epidemic by 

2030. Geneva: The Joint United Nations Programme on HIV/AIDS (UNAIDS); 2015.
7. Kantor R, Gupta RK. We should not stop considering HIV drug resistance testing at failure of first-line antiretroviral therapy. Lancet HIV. 2023;10 

(3):e202–e8. doi:10.1016/S2352-3018(22)00327-7
8. Aoko A, Pals S, Ngugi T, et al. Retrospective longitudinal analysis of low-level viremia among HIV-1 infected adults on antiretroviral therapy in 

Kenya. EClinicalMedicine. 2023;63:102166. doi:10.1016/j.eclinm.2023.102166
9. Chun HM, Abutu A, Milligan K, et al. Low-level viraemia among people living with HIV in Nigeria: a retrospective longitudinal cohort study. 

Lancet Glob Health. 2022;10(12):e1815–e24. doi:10.1016/S2214-109X(22)00413-2
10. Esber A, Polyak C, Kiweewa F, et al. Persistent low-level viremia predicts subsequent virologic failure: is it time to change the third 90? Clin Infect 

Dis off Public Infect Dis Soc Ame. 2019;69(5):805–812. doi:10.1093/cid/ciy989
11. Announcement: monitoring selected national HIV prevention and care objectives. MMWR Morb Mortal Wkly Rep. 2017; 66 :794. doi:10.15585/ 

mmwr.mm6629a6
12. Gupta-Wright A, Fielding K, van Oosterhout JJ, et al. Virological failure, HIV-1 drug resistance, and early mortality in adults admitted to hospital 

in Malawi: an observational cohort study. Lancet HIV. 2020;7(9):e620–e8. doi:10.1016/S2352-3018(20)30172-7
13. Álvarez H, Rava M, Martínez C, et al. Predictors of low-level HIV viraemia and virological failure in the era of integrase inhibitors: a Spanish 

nationwide cohort. HIV Med. 2022;23(8):825–836. doi:10.1111/hiv.13265
14. Elbur AI, Ghebremichael M, Konkle-Parker D, et al. Trajectories of antiretroviral therapy adherence and virologic failure in women with HIV in the 

United States. J Acquir Immune Defic Syndr. 2023;93(2):162–170. doi:10.1097/QAI.0000000000003174
15. Gumede SB, Wensing AMJ, Lalla-Edward ST, et al. Predictors of treatment adherence and virological failure among people living with HIV 

receiving antiretroviral therapy in a South African rural community: a sub-study of the ITREMA randomised clinical trial. AIDS Behav. 2023;27 
(12):3863–3885. doi:10.1007/s10461-023-04103-2

16. Sivay MV, Maksimenko LV, Nalimova TM, et al. HIV drug resistance among patients experiencing antiretroviral therapy failure in Russia, 
2019-2021. Int J Antimicrob Agents. 2024;63(2):107074. doi:10.1016/j.ijantimicag.2023.107074

17. Agegnehu CD, Techane MA, Mersha AT, Atalell KA. Burden and associated factors of Virological failure among people living with HIV in 
Sub-Saharan Africa: a systematic review and meta-analysis. AIDS Behav. 2022;26(10):3327–3336. doi:10.1007/s10461-022-03610-y

18. Niu D, Tang H, Chen F, et al. Treatment failure and associated factors among people living with HIV on highly active antiretroviral therapy in 
mainland China: a systematic review and meta-analysis. PLoS One. 2023;18(5):e0284405. doi:10.1371/journal.pone.0284405

19. Wagner T, Levy I, Elbirt D, et al. Factors associated with virological failure in first-line antiretroviral therapy in patients diagnosed with HIV-1 
between 2010 and 2018 in Israel. Viruses. 2023;15(12):2439. doi:10.3390/v15122439

20. Tweya H, Feldacker C, Kiruthu-Kamamia C, et al. Virologic failure and switch to second-line antiretroviral therapy in children with HIV in 
Lilongwe, Malawi: an observational cohort study. Trans R Soc Trop Med Hyg. 2020;114(1):31–37. doi:10.1093/trstmh/trz087

21. Agegnehu CD, Merid MW, Yenit MK. Incidence and predictors of virological failure among adult HIV patients on first-line antiretroviral therapy in 
Amhara regional referral hospitals; Ethiopia: a retrospective follow-up study. BMC Infect Dis. 2020;20(1):460. doi:10.1186/s12879-020-05177-2

22. Seid A, Cherie N, Ahmed K. Determinants of virologic failure among adults on second line antiretroviral therapy in Wollo, Amhara regional state, 
Northeast Ethiopia. HIV AIDS. 2020;12:697–706. doi:10.2147/HIV.S278603

23. Fokam J, Takou D, Njume D, et al. Alarming rates of virological failure and HIV-1 drug resistance amongst adolescents living with perinatal HIV 
in both urban and rural settings: evidence from the EDCTP READY-study in Cameroon. HIV Med. 2021;22(7):567–580. doi:10.1111/hiv.13095

24. Gelaw B, Mulatu G, Tesfa G, Marew C, Chekole B, Alebel A. Magnitude and associated factors of virological failure among children on ART in 
Bahir Dar Town public health facilities, Northwest Ethiopia: a facility based cross-sectional study. Ital J Pediatr. 2021;47(1):84. doi:10.1186/ 
s13052-021-01030-7

25. Li M, Song C, Hu J, et al. Impact of pretreatment low-abundance HIV-1 drug resistance on virological failure after 1 year of antiretroviral therapy 
in China. J Antimicrob Chemother. 2023;78(11):2743–2751. doi:10.1093/jac/dkad297

26. Avendaño-Ortiz J, Rubio-Garrido M, Lozano-Rodríguez R, et al. Soluble PD-L1: a potential immune marker for HIV-1 infection and virological 
failure. Medicine. 2020;99(20):e20065. doi:10.1097/MD.0000000000020065

27. Casadei Gardini A, Scarpi E, Valgiusti M, et al. Prognostic role of a new index (multi inflammatory index) in patients with metastatic colorectal 
cancer: results from the randomized ITACa trial. Ther Adv Med Oncol. 2020;12:1758835920958363. doi:10.1177/1758835920958363

Infection and Drug Resistance 2025:18                                                                                             https://doi.org/10.2147/IDR.S506663                                                                                                                                                                                                                                                                                                                                                                                                   1771

Zhang et al

Powered by TCPDF (www.tcpdf.org)

https://doi.org/10.1038/s41577-022-00753-w
https://doi.org/10.1038/s41586-022-05538-8
https://doi.org/10.1126/science.277.5322.112
https://doi.org/10.1002/ijc.32730
https://doi.org/10.1002/ijc.32730
https://doi.org/10.1016/S2352-3018(22)00327-7
https://doi.org/10.1016/j.eclinm.2023.102166
https://doi.org/10.1016/S2214-109X(22)00413-2
https://doi.org/10.1093/cid/ciy989
https://doi.org/10.15585/mmwr.mm6629a6
https://doi.org/10.15585/mmwr.mm6629a6
https://doi.org/10.1016/S2352-3018(20)30172-7
https://doi.org/10.1111/hiv.13265
https://doi.org/10.1097/QAI.0000000000003174
https://doi.org/10.1007/s10461-023-04103-2
https://doi.org/10.1016/j.ijantimicag.2023.107074
https://doi.org/10.1007/s10461-022-03610-y
https://doi.org/10.1371/journal.pone.0284405
https://doi.org/10.3390/v15122439
https://doi.org/10.1093/trstmh/trz087
https://doi.org/10.1186/s12879-020-05177-2
https://doi.org/10.2147/HIV.S278603
https://doi.org/10.1111/hiv.13095
https://doi.org/10.1186/s13052-021-01030-7
https://doi.org/10.1186/s13052-021-01030-7
https://doi.org/10.1093/jac/dkad297
https://doi.org/10.1097/MD.0000000000020065
https://doi.org/10.1177/1758835920958363


28. Vr MJP, Shah SS, et al. Second-line ART after treatment failure or for regimen simplification. Baltimore (MD): Johns Hopkins University. 
Available from: https://www.ncbi.nlm.nih.gov/books/NBK589928/. Accessed March 26, 2025.

29. Li P, Prajapati G, Geng Z, et al. Antiretroviral treatment gaps and adherence among people with HIV in the U.S. Medicare Program AIDS Behav. 
2024;28(3):1002–1014. doi:10.1007/s10461-023-04208-8

30. Cantrell CR, Priest JL, Cook CL, Fincham J, Burch SP. Adherence to treatment guidelines and therapeutic regimens: a US claims-based benchmark 
of a commercial population. Population Health Manage. 2011;14(1):33–41. doi:10.1089/pop.2010.0018

31. Huang R, Wu D, Wang L, et al. A predictive model for Epstein-Barr virus-associated hemophagocytic lymphohistiocytosis. Front Immunol. 
2024;15:1503118. doi:10.3389/fimmu.2024.1503118

32. SeyedAlinaghi S, Afsahi AM, Moradi A, et al. Current ART, determinants for virologic failure and implications for HIV drug resistance: an 
umbrella review. AIDS Res Ther. 2023;20(1):74. doi:10.1186/s12981-023-00572-6

33. Mateo-Urdiales A, Johnson S, Smith R, Nachega JB, Eshun-Wilson I. Rapid initiation of antiretroviral therapy for people living with HIV. 
Cochrane Database Syst Rev. 2019;6(6):CD012962. doi:10.1002/14651858.CD012962.pub2

34. Wang R, Sun L, Wang X, et al. Rapid initiation of antiretroviral therapy with coformulated bictegravir, emtricitabine, tenofovir alafenamide versus 
efavirenz, lamivudine and tenofovir disoproxil fumarate in HIV-positive men who have sex with men in China: week 48 results of the multicenter, 
randomized clinical trial. Clin Infect Dis off Public Infect Dis Soc Ame. 2024;79(1):169–176. doi:10.1093/cid/ciae012

35. World Health O. Consolidated Guidelines on HIV Prevention, Testing, Treatment, Service Delivery and Monitoring: Recommendations for a Public 
Health Approach. update ed. Geneva: World Health Organization; 2021.

36. Bezabhe WM, Chalmers L, Bereznicki LR, Gee P, Peterson GM. Antiretroviral adherence and treatment outcomes among adult Ethiopian patients. 
AIDS Care. 2016;28(8):1018–1022. doi:10.1080/09540121.2016.1139039

37. Mamo A, Assefa T, Negash W, et al. Virological and immunological antiretroviral treatment failure and predictors among HIV positive adult and 
adolescent clients in Southeast Ethiopia. HIV AIDS. 2022;14:73–85. doi:10.2147/HIV.S354716

38. Seyler C, Adjé-Touré C, Messou E, et al. Impact of genotypic drug resistance mutations on clinical and immunological outcomes in HIV-infected 
adults on HAART in West Africa. AIDS. 2007;21(9):1157–1164. doi:10.1097/QAD.0b013e3281c615da

39. Palladino C, Briz V, Bellón JM, et al. Predictors of attrition and immunological failure in HIV-1 patients on highly active antiretroviral therapy from 
different healthcare settings in Mozambique. PLoS One. 2013;8(12):e82718. doi:10.1371/journal.pone.0082718

40. Álvarez H, Mocroft A, Ryom L, et al. Plasma human immunodeficiency virus 1 RNA and CD4+ T-cell counts are determinants of virological 
nonsuppression outcomes with initial integrase inhibitor-based regimens: a prospective RESPOND cohort study. Clin Infect Dis off Public Infect 
Dis Soc Ame. 2023;77(4):593–605. doi:10.1093/cid/ciad219

41. Santos JR, Casadellà M, Noguera-Julian M, et al. Effectiveness and safety of integrase strand transfer inhibitors in Spain: a prospective real-world 
study. Front Cell Infect Microbiol. 2023;13:1187999. doi:10.3389/fcimb.2023.1187999

42. Masaba R, Woelk G, Siamba S, et al. Antiretroviral treatment failure and associated factors among people living with HIV on therapy in Homa Bay, 
Kenya: a retrospective study. PLOS Glob Public Health. 2023;3(3):e0001007. doi:10.1371/journal.pgph.0001007

Infection and Drug Resistance                                                                                                    

Publish your work in this journal 
Infection and Drug Resistance is an international, peer-reviewed open-access journal that focuses on the optimal treatment of infection (bacterial, 
fungal and viral) and the development and institution of preventive strategies to minimize the development and spread of resistance. The journal is 
specifically concerned with the epidemiology of antibiotic resistance and the mechanisms of resistance development and diffusion in both hospitals and 
the community. The manuscript management system is completely online and includes a very quick and fair peer-review system, which is all easy to use. 
Visit http://www.dovepress.com/testimonials.php to read real quotes from published authors.  

Submit your manuscript here: https://www.dovepress.com/infection-and-drug-resistance-journal

Infection and Drug Resistance 2025:18 1772

Zhang et al                                                                                                                                                                           

Powered by TCPDF (www.tcpdf.org)

https://www.ncbi.nlm.nih.gov/books/NBK589928/
https://doi.org/10.1007/s10461-023-04208-8
https://doi.org/10.1089/pop.2010.0018
https://doi.org/10.3389/fimmu.2024.1503118
https://doi.org/10.1186/s12981-023-00572-6
https://doi.org/10.1002/14651858.CD012962.pub2
https://doi.org/10.1093/cid/ciae012
https://doi.org/10.1080/09540121.2016.1139039
https://doi.org/10.2147/HIV.S354716
https://doi.org/10.1097/QAD.0b013e3281c615da
https://doi.org/10.1371/journal.pone.0082718
https://doi.org/10.1093/cid/ciad219
https://doi.org/10.3389/fcimb.2023.1187999
https://doi.org/10.1371/journal.pgph.0001007
https://www.dovepress.com
http://www.dovepress.com/testimonials.php
https://www.facebook.com/DoveMedicalPress/
https://twitter.com/dovepress
https://www.linkedin.com/company/dove-medical-press
https://www.youtube.com/user/dovepress

	Introduction
	Methods
	Study Design and Population
	Data Collection and Definition
	Data Processing
	Statistical Analysis

	Results
	Discussion
	Data Sharing Statement
	Ethics Approval and Consent to Participate
	Author Contributions
	Disclosure

