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Abstract 

Background  Achieving complete immune reconstitution (CIR) in people living with human immunodeficiency virus 
(PLWH) following antiretroviral therapy (ART) is essential for preventing acquired immunodeficiency syndrome (AIDS) 
progression and improving survival. However, there is a paucity of robust prediction models for determining the likeli-
hood of CIR in PLWH after ART. We aimed to develop and validate a CIR prediction model utilizing baseline data.

Methods  Baseline data including demographic information, immunological profiles, and routine laboratory test 
results, were collected from PLWH in Yunnan, China. Baseline referred to the first recorded results after HIV diagnosis 
but before initiating ART, and these initial measurements served as the baseline data for analysis. The participants 
were divided into training and validation sets (7:3 ratio). To construct the model and accompanying nomogram, 
univariable and multivariable Cox regression analyses were performed. The model was evaluated using the C-index, 
time-dependent receiver operating characteristic (ROC) curves, calibration curves, and clinical decision curves 
to assess discrimination, calibration, and clinical applicability.

Results  Five thousand four hundred eight PLWH were included, with a CIR of 38.52%. Cox regression analysis 
revealed various independent factors associated with CIR, including infection route, baseline CD4+T cell count, base-
line CD4/CD8 ratio, interval from HIV diagnosis to ART initiation, and the level of PLT, Glu, Crea, HGB, ALT. A nomogram 
was formulated to predict the probability of achieving CIR at years 4, 5, and 6. The model demonstrated good per-
formance, as evidenced by an AUC of 0.8 for both sets. Calibration curve analysis demonstrated a high level of agree-
ment, and decision curve analysis revealed a significant positive yield.

Conclusions  This study successfully developed a prediction model with robust performance. This model has consid-
erable potential to aid clinicians in tailoring treatment strategies, which could enhance outcomes and quality of life 
for PLWH.
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Introduction
Human immunodeficiency virus (HIV) infection remains 
a significant global health challenge [1]. The World 
Health Organization estimated that by the end of 2022, 
the population of people living with HIV (PLWH) would 
reach approximately 38 million, including the addition 
of 1.7 million new cases. The widespread implementa-
tion of "treat-all" antiretroviral therapy (ART) has greatly 
improved both the clinical prognosis and life expectancy 
of PLWH [2, 3]. ART is known to effectively suppress viral 
replication, restore immune function, and reduce the risk 
of acquired immunodeficiency syndrome (AIDS)-related 
complications [4–6]. However, despite these advances, a 
considerable proportion of PLWH (15%–30%) experience 
suboptimal recovery of immune function, referred to as 
immune unresponsiveness or incomplete immune recon-
stitution (IIR) [7].

There is still a lack of consensus and debate contin-
ues regarding the immunomodulatory mechanisms and 
therapeutic approaches for managing IIR. This condition, 
closely linked to diminished CD4+T cell production in 
the bone marrow, reduced thymic output, persistent HIV 
replication, abnormal immune activation, disruptions 
in cytokine secretion, and specific genetic or metabolic 
characteristics in PLWH, increases their susceptibil-
ity to various complications, including both AIDS and 
non-AIDS events and is associated with elevated mor-
tality rates [8, 9]. Therefore, identifying PLWH at risk of 
immune nonresponse is essential for personalized man-
agement and improved clinical outcomes.

Clinical prediction models are widely utilized in both 
medical research and practice to assess the likelihood of a 
specific clinical outcome within a study population. Typi-
cally, these models utilize various variables or predictors 
for comprehensive evaluation [10, 11]. However, there 
remains a notable scarcity of published research on mod-
els that effectively integrate multiple variables for accu-
rately identifying complete immune reconstitution (CIR) 
in China. Most existing studies have focused on short-
term outcomes, without in-depth analysis of long-term 
changes and trends in immune recovery following ART 
[12]. Studies with extended follow-up periods could pro-
vide a more accurate assessment of the CIR and the pro-
gression of adverse risks, especially given the existence 
of a plateau phase in immune recovery [13]. This lack of 
comprehensive long-term prediction models underscores 
the urgent need for the development of reliable, long-
term clinical prediction models.

HIV continues to pose a significant challenge to global 
health, underscoring the urgent need for innovative 
approaches to enhance treatment outcomes and patient 
care. Given the notable differences in immune recon-
stitution among PLWH receiving ART, developing a 

predictive model that can identify the risk of inadequate 
immune reconstitution at an early stage is particularly 
crucial. The importance of constructing such a model 
for predicting CIR in PLWH following ART treatment 
is profound.The establishment of this predictive model 
will not only enable the accurate identification of patients 
at high risk for inadequate immune reconstitution at an 
early stage but also provide them with personalized and 
precise treatment options, which have the potential to 
significantly enhance patients’ survival and quality of life. 
Furthermore, the model can generate tailored risk assess-
ment reports based on patient-specific information, 
assisting physicians in selecting the most appropriate 
treatment pathways and aiding public health authori-
ties in the efficient allocation of resources. Additionally, 
the development of this predictive model will contribute 
significantly to the advancement of personalized medi-
cine, facilitating the customization of treatment plans, 
thereby improving outcomes and reducing the burden 
on patients. The primary objective of this study was to 
develop and evaluate a model designed to predict the 
likelihood of CIR in PLWH after 4, 5, and 6 years of ART. 
This model aims to provide clinicians with a straightfor-
ward and reliable tool for accurately identifying PLWH 
who may require additional monitoring and interven-
tions, particularly during the initiation of ART, thus 
facilitating targeted, timely clinical interventions and 
personalized care.

Methods
The Transparent Reporting of a Multivariate Prediction 
Model for Individual Prognosis or Diagnosis (TRIPOD) 
checklist was used for the validation of the prediction 
model [14].

Study design and participants
This study involved participants who receiving ART at 
the Antiviral Outpatient Department of Yunnan Provin-
cial Hospital of Infectious Diseases in Yunnan, China, 
between October 2004 and December 2020. Participant 
records were obtained by professional physicians from 
the National AIDS Integrated Prevention and Con-
trol Information System, and the data quality was thor-
oughly assessed. The inclusion criteria for participants 
were PLWH who were at least 18  years old at the time 
of study participation (during our data collection period 
from January 2024 to June 2024), had confirmed positive 
results for HIV antibodies in both primary screening and 
confirmatory tests, had undergone ART for a minimum 
of 3  years, and exhibited a viral load below the detec-
tion limit (≤ 50 copies/mL) at the most recent follow-
up. The exclusion criteria included participants who had 
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died, were lost to follow-up, discontinued medication, or 
lacked available demographic data.

Study outcomes
The primary outcome of our study was the rate of 
immune reconstitution in PLWH who had received ART 
for a minimum of 3  years and maintained a viral load 
below the limit of detection (≤ 50 copies/mL) at their 
most recent follow-up visit. The CIR was determined 
using binary indicators, specifically a CD4+T cell count 
of ≥ 500 cells/µL and a CD4/CD8 ratio of ≥ 0.8, which are 
considered accurate measures of immune system func-
tion and status [15]. The determination of immunologi-
cal reconstitution was based on the results from the latest 
recorded follow-up visit in the electronic case system.

Candidate predictor variables
Potential predictor variables for the model were identi-
fied from the literature, and relevant variables were col-
lected from the electronic medical records, including 
demographics, baseline immunological and laboratory 
tests, coinfections, and ART regimens. Baseline referred 
to the first recorded results before starting ART but after 
HIV diagnosis. The demographic data included age, sex, 
date of diagnosis, infection route, and marital status, with 
the latter two obtained from patient-initiated informa-
tion or doctor‒patient communication. Baseline immu-
nological outcomes were assessed based on CD4+ and 
CD8+T cell counts and the CD4/CD8 ratio. The CD4+ 
and CD8+T cell counts were measured using Truecount™ 
Tubes (BD Biosciences, San Jose, CA, USA) and a FACS-
Calibur™ flow cytometer (BD Biosciences, San Jose, CA, 
USA).

Baseline laboratory test indicators included white 
blood cell count (WBC), hemoglobin (HGB), platelet 
(PLT), total bilirubin (TBIL), alanine aminotransferase 
(ALT), aspartate aminotransferase (AST), creatinine 
(Crea) levels; the creatinine clearance rate (Ccr); blood 
glucose (Glu), triglyceride (TG), and total cholesterol 
(CHO) levels. These parameters were analyzed using a 
DxH 800 hematology analyzer (Beckman Coulter, Miami, 
Florida, USA) and an automatic biochemical detector 
(Hitachi 7180, Tokyo, Japan).

Coinfection examination primarily focused on hepa-
titis B and C virus (HBV and HCV) infections, which 
were detected using HBV and HCV antibody diagnostic 
kits via enzyme-linked immunosorbent assay (ELISA) 
(Wantai BioPharm, Beijing, China). A positive result for 
anti-HBV or HCV surface antigen (HBsAg) indicated the 
presence of HBV or HCV infection.

ART regimens typically consist of a combination of two 
nucleoside reverse transcriptase inhibitors (NRTIs) along 
with a nonnucleoside reverse transcriptase inhibitor 

(NNRTI), a protease inhibitor (PI), or an integrase strand 
transfer inhibitor (INSTI) [16]. Thus, these regimens 
were categorized into three groups: 2NRTIs and NNRTI, 
or PI, or INSTI-containing regimens.

Sample size and missing data
Although no formal calculation of sample size was per-
formed, the study adhered to the TRIPOD guidelines by 
including a minimum of 10 events per variable [14]. This 
necessitated the inclusion of at least 410 cases of CIR. 
To ensure adequate test efficiency, all 5,408 eligible par-
ticipants who met the criteria during the study period 
were included. Among them, 2,083 belonged to the CIR 
category, exceeding the estimated minimum sample 
size. Missing data (with missing rates below 15%) were 
addressed through multiple imputation using the MICE 
package in R, assuming that missing data were random. 
We employed the standard multiple estimation analysis 
process. Initially, we utilized the VIM package to analyze 
the characteristics of the missing data (Figure S1A) and 
applied the MICE package to generate 5 complete esti-
mation datasets. Subsequently, we used the with func-
tion to implement statistical models on each of the five 
interpolated datasets and employed the pool function to 
consolidate the analysis results from each dataset. Finally, 
we utilized density plots to compare the original and esti-
mated data, thereby further validating the appropriate-
ness of our estimation method. As shown in Figure S1 B, 
comparative analysis revealed that the distribution of the 
imputed data closely resembled that of the original data.

Statistical methods
Data collection and management were performed using 
Microsoft Office Excel 2011. Statistical analyses were 
performed using the R program (v 4.3.2). The R pack-
age "caret" was used to randomly divide participants into 
training and validation sets (at a 7:3 ratio). Continuous 
variables were transformed into categorical variables 
using X-tile software to determine optimal cutoff val-
ues. Categorical variables were compared using the chi-
square test or Fishers exact probability method with the 
"tableone" package and are presented as frequencies (n) 
and proportions (%). Uivariable and multivariable Cox 
regression analyses ("survival" package) were conducted 
to construct the model. Variables with P < 0.2 in univari-
able  analyses were included in the multivariable analy-
sis. The best model was selected using forward stepwise 
regression with the Akaike information criterion (AIC). 
Finally, the nomogram was created using the "rms" pack-
age. Model performance was assessed for discrimina-
tion, calibration, and clinical utility. Discrimination was 
evaluated using concordance statistics (C statistics) and 
time-dependent receiver operating characteristic (ROC) 
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curves ("survival ROC" and "rms" packages). Internal ver-
ification and calibration curves were generated using the 
bootstrap resampling method, with 1,000 bootstrap rep-
etitions. Clinical net benefit and DCA results were evalu-
ated and plotted using the "rmda" package. Additionally, 
risk stratification analysis of all PLWH was conducted 
based on the prognosis index using Kaplan‒Meier sur-
vival analysis and compared with the log-rank test, with 
the optimal cutoff value calculated using the "survminer" 
package. A statistical significance level of P < 0.05 was 
applied.

Results
Characteristics and clinical features of participants
Between October 2022 and June 2023, a retrospective 
screening was conducted on 7 201 PLWH under ART. 
Among these participants, 1793were excluded from 
the study due to various factors, such as age, length of 
treatment, viral load, and unavailability of data. Ulti-
mately, a total of 5 408 PLWH were enrolled based on 
the inclusion criteria (Fig.  1). The cohort predomi-
nantly consisted of males (66.79%), with a majority 
being middle-aged (59.93% aged 42 years or older) and 

unmarried (51.31%). The primary mode of HIV trans-
mission was sexual contact. Approximately 47.95% 
of participants had initial CD4+T cell counts ranging 
from 187 to 459 cells/μL and CD8+T cell counts rang-
ing from 751 to 1 499 cells/μL. As a result, 40.16% of 
participants had a CD4/CD8 ratio ≤ 0.2. NNRTIs and 
NRTIs were the main components, accounting for 
92.86% of the initial regimens and 60.67% of the current 
regimens. The cohort also included 2083 participants 
with CIR and 3325 participants with IIR. The overall 
rate of CIR, as defined, was 38.52%. Significant differ-
ences were observed between the CIR and IIR cohorts 
in certain baseline data, including sex, age, and interval 
from diagnosis to treatment (P < 0.001). The baseline 
characteristics of the training cohort (n = 3,788) and 
the validation cohort (n = 1,620) after random alloca-
tion are presented in Table 1. With the exception of age 
at diagnosis and age at treatment initiation, which were 
significantly different between the two cohort, the other 
characteristics did not show significant differences 
between the training and validation sets. Therefore, the 
basic characteristics of the PLWH were relatively bal-
anced across both the training and validation sets.

Fig. 1  Flowchart of the study. Flowchart of study selection for the present study
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Table 1  Characteristics of the 5408 patients in the study according to IIR/CIR and randomization to the training and validation sets

Total patient 
cohort (n = 5408)

IIR (n = 3325) CIR (n = 2083) P value Training set (n = 3788) Validation set 
(n = 1620)

P value

Sex

  Male 3612 (66.79) 2377 (71.49) 1235 (59.29)  < 0.001 2538 (67.00) 1074 (66.30) 0.637

  Female 1796 (33.21) 948 (28.51) 848 (40.71) 1250 (33.00) 546 (33.70)

Current age (year)

  ≤ 35 1105 (20.43) 637 (19.16) 468 (22.47)  < 0.001 784 (20.70) 321 (19.81) 0.758

  35–41 1062 (19.64) 617 (18.56) 445 (21.36) 740 (19.54) 322 (19.88)

  ≥ 42 3241 (59.93) 2071 (62.29) 1170 (56.17) 2264 (59.77) 977 (60.31)

Age at diagnosis (year)

  ≤ 46 4422 (81.77) 2653 (79.79) 1769 (84.93)  < 0.001 3134 (82.73) 1288 (79.51) 0.006

  > 46 986 (18.23) 672 (20.21) 314 (15.07) 654 (17.27) 332 (20.49)

Age at initial ART (year)

  ≤ 45 4241 (78.42) 2545 (76.54) 1696 (81.42)  < 0.001 3004 (79.30) 1237 (76.36) 0.018

  > 45 1167 (21.58) 780 (23.46) 387 (18.58) 784 (20.70) 383 (23.64)

Marital status

  Married 2101 (38.85) 1300 (39.10) 801 (38.45) 0.649 1481 (39.10) 620 (38.27) 0.830

  Unmarried 2775 (51.31) 1691 (50.86) 1084 (52.04) 1938 (51.16) 837 (51.67)

  Divorced or widowed 532 (9.84) 334 (10.05) 198 (9.51) 369 (9.74) 163 (10.06)

Infection route

  Heterosexual 2881 (53.27) 1763 (53.02) 1118 (53.67) 0.067 2006 (52.96) 875 (54.01) 0.506

  Homosexual 1272 (23.52) 766 (23.04) 506 (24.29) 892 (23.55) 380 (23.46)

  Intravenous drug use 515 (9.52) 344 (10.35) 171 (8.21) 355 (9.37) 160 (9.88)

  Other/Uncleaa 740 (13.68) 452 (13.59) 288 (13.83) 535 (14.12) 205 (12.65)

Weight (kg)

  ≤ 54 1902 (35.17) 1183 (35.58) 719 (34.52) 0.501 1350 (35.64) 552 (34.07) 0.116

  55–64 1975 (36.52) 1219 (36.66) 756 (36.29) 1397 (36.88) 578 (35.68)

  ≥ 65 1531 (28.31) 923 (27.76) 608 (29.19) 1041 (27.48) 490 (30.25)

Anti-HBsAg

  Negative 5129 (94.84) 3150 (94.74) 1979 (95.01) 0.708 3591 (94.80) 1538 (94.94) 0.885

  Positive 279 (5.16) 175 (5.26) 104 (4.99) 197 (5.20) 82 (5.06)

Anti-HCV

  Negative 4803 (88.81) 2936 (88.30) 1867 (89.63) 0.143 3365 (88.83) 1438 (88.77) 0.980

  Positive 605 (11.19) 389 (11.70) 216 (10.37) 423 (11.17) 182 (11.23)

Diagnosis treatment interval (month)

  ≤ 0.7 1978 (36.58) 1245 (37.44) 733 (35.19) 0.001 1353 (35.72) 625 (38.58) 0.135

  0.8–1.6 1340 (24.78) 860 (25.86) 480 (23.04) 951 (25.11) 389 (24.01)

  ≥ 1.7 2090 (38.65) 1220 (36.69) 870 (41.77) 1484 (39.18) 606 (37.41)

CD4+T cell counts (cells/μL)

  ≤ 186 2051 (37.93) 1652 (49.68) 399 (19.16)  < 0.001 1454 (38.38) 597 (36.85) 0.292

  187–459 2593 (47.95) 1416 (42.59) 1177 (56.51) 1790 (47.25) 803 (49.57)

  ≥ 460 764 (14.13) 257 (7.73) 507 (24.34) 544 (14.36) 220 (13.58)

CD8+T cell counts (cells/μL)

  ≤ 750 1966 (36.35) 1233 (37.08) 733 (35.19)  < 0.001 1359 (35.88) 607 (37.47) 0.498

  751–1499 2547 (47.10) 1494 (44.93) 1053 (50.55) 1802 (47.57) 745 (45.99)

  ≥ 1500 895 (16.55) 598 (17.98) 297 (14.26) 627 (16.55) 268 (16.54)

CD4/CD8

  ≤ 0.20 2172 (40.16) 1755 (52.78) 417 (20.02)  < 0.001 1541 (40.68) 631 (38.95) 0.475

  0.21–0.39 2027 (37.48) 1197 (36.00) 830 (39.85) 1411 (37.25) 616 (38.02)

  ≥ 0.40 1209 (22.36) 373 (11.22) 836 (40.13) 836 (22.07) 373 (23.02)

WBC (× 109/L)

  ≤ 3.7 1280 (23.67) 897 (26.98) 383 (18.39)  < 0.001 886 (23.39) 394 (24.32) 0.320
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Categorical data are presented as n (%)

IIR incomplete immune reconstitution, CIR complete immune reconstitution, ART​ antiretroviral treatment, HBsAg hepatitis B surface antigen, Anti-HCV antibodies 
against the hepatitis C virus, WBC white blood cell count, PLT platelet, HGB hemoglobin, CR creatinine, Ccr creatinine clearance rate, CHO cholesterol, TG triglycerides, 
Glu blood glucose, ALT alanine transaminase, AST aspartate transaminase, TBIL total bilirubin, NNRTIs nonnucleoside reverse transcriptase inhibitors, PIs protease 
inhibitors, INSTI integrase strand transfer inhibitors
a Others/Unclear included blood transfusion, mother-to-child transmission, and unknown

Table 1  (continued)

Total patient 
cohort (n = 5408)

IIR (n = 3325) CIR (n = 2083) P value Training set (n = 3788) Validation set 
(n = 1620)

P value

  3.8–4.7 1361 (25.17) 844 (25.38) 517 (24.82) 975 (25.74) 386 (23.83)

  ≥ 4.8 2767 (51.16) 1584 (47.64) 1183 (56.79) 1927 (50.87) 840 (51.85)

PLT (× 109/L)

  ≤ 186 2473 (45.73) 1630 (49.02) 843 (40.47)  < 0.001 1730 (45.67) 743 (45.86) 0.919

  > 186 2935 (54.27) 1695 (50.98) 1240 (59.53) 2058 (54.33) 877 (54.14)

HGB (g/L)

  ≤ 134 1850 (34.21) 1209 (36.36) 641 (30.77)  < 0.001 1271 (33.55) 579 (35.74) 0.257

  135–154 1656 (30.62) 1002 (30.14) 654 (31.40) 1179 (31.12) 477 (29.44)

  ≥ 155 1902 (35.17) 1114 (33.50) 788 (37.83) 1338 (35.32) 564 (34.81)

Crea (μmol/L)

  ≤ 58 1480 (27.37) 813 (24.45) 667 (32.02)  < 0.001 1043 (27.53) 437 (26.98) 0.533

  59–65 735 (13.59) 455 (13.68) 280 (13.44) 502 (13.25) 233 (14.38)

  ≥ 65 3193 (59.04) 2057 (61.86) 1136 (54.54) 2243 (59.21) 950 (58.64)

Ccr (mL/min)

  ≤ 140 4723 (87.33) 2958 (88.96) 1765 (84.73)  < 0.001 3301 (87.14) 1422 (87.78) 0.550

  > 140 685 (12.67) 367 (11.04) 318 (15.27) 487 (12.86) 198 (12.22)

CHO (mmol/L)

  ≤ 4 1588 (29.36) 1043 (31.37) 545 (26.16)  < 0.001 1099 (29.01) 489 (30.19) 0.642

  4.01–5.62 2543 (47.02) 1549 (46.59) 994 (47.72) 1795 (47.39) 748 (46.17)

  ≥ 5.63 1277 (23.61) 733 (22.05) 544 (26.12) 894 (23.60) 383 (23.64)

TG (mmol/L)

  ≤ 2.6 4635 (85.71) 2866 (86.20) 1769 (84.93) 0.208 3245 (85.67) 1390 (85.80) 0.929

  > 2.6 773 (14.29) 459 (13.80) 314 (15.07) 543 (14.33) 230 (14.20)

Glu (mmol/L)

  ≤ 4.5 975 (18.03) 579 (17.41) 396 (19.01) 0.147 677 (17.87) 298 (18.40) 0.675

  > 4.5 4433 (81.97) 2746 (82.59) 1687 (80.99) 3111 (82.13) 1322 (81.60)

ALT (U/L)

  < 23 2268 (41.94) 1359 (40.87) 909 (43.64) 0.048 1599 (42.21) 669 (41.30) 0.552

  ≥ 23 3140 (58.06) 1966 (59.13) 1174 (56.36) 2189 (57.79) 951 (58.70)

AST (U/L)

  < 25 2696 (49.85) 1635 (49.17) 1061 (50.94) 0.217 1912 (50.48) 784 (48.40) 0.170

  ≥ 25 2712 (50.15) 1690 (50.83) 1022 (49.06) 1876 (49.52) 836 (51.60)

TBIL (μmol/L)

  < 8.5 2232 (41.27) 1405 (42.26) 827 (39.70) 0.068 1551 (40.95) 681 (42.04) 0.473

  ≥ 8.5 3176 (58.73) 1920 (57.74) 1256 (60.30) 2237 (59.05) 939 (57.96)

Initial ART regimen

  NNRTIs 5022 (92.86) 3090 (92.93) 1932 (92.75)  < 0.001 3533 (93.27) 1489 (91.91) 0.077

  PIs 306 (5.66) 169 (5.08) 137 (6.58) 197 (5.20) 109 (6.73)

  INSTIs 80 (1.48) 66 (1.98) 14 (0.67) 58 (1.53) 22 (1.36)

Current ART regimen

  NNRTIs 3281 (60.67) 1983 (59.64) 1298 (62.31) 0.143 2318 (61.19) 963 (59.44) 0.303

  PIs 747 (13.81) 469 (14.11) 278 (13.35) 526 (13.89) 221 (13.64)

  INSTIs 1380 (25.52) 873 (26.26) 507 (24.34) 944 (24.92) 436 (26.91)
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Construction of a prediction model for the CIR in PLWH 
based on the training set
Univariable and multivariable Cox regression analyses 
were performed to identify potential predictors of CIR 
in PLWH. Table  S1 presents the results of the univari-
able  analysis of all 24 candidate predictors individually. 
Based on these results, 20 predictors were included in 
the multivariable Cox regression analyses. Six factors 
with P ≥ 0.2 were excluded from the analysis: CHO, age 
at HIV diagnosis, age at initiation of ART, sex, coinfec-
tion with hepatitis B, and TG. Multivariable Cox regres-
sion analysis identified the following independent 
predictors for CIR: interval from HIV diagnosis to ART 
initiation, infection route, baseline CD4+T cell count, 
baseline CD4/CD8 ratio, and the level of PLT, Glu, Crea, 
HGB, ALT. Consequently, a nomogram was constructed 
using the multivariable analysis results, as shown in 
Fig. 2. Total points were obtained by summing the corre-
sponding points of each index value and then converted 
into the probability of CIR incidence at 4, 5, and 6 years 
according to the nomogram.

Evaluation and evaluation of the prediction models
The discrimination capacity of the prediction model 
was evaluated using C-indices and time-ROC curves. 
The model achieved a C-index of 0.78 (95% CI, 0.77–
0.79), and internal validation yielded a similar C-index 
of 0.76 (95% CI, 0.74–0.78). The time-dependent ROC 
curves for predicting the CIR at 4, 5, and 6  years are 
shown in Fig. 3. The areas under the ROC curve (AUCs) 

reached 0.781 at 4 years, 0.809 at 5 years, and 0.816 at 
6 years in the training cohort. The AUCs of the valida-
tion set reached 0.777 at 4 years, 0.808 at 5 years, and 
0.792 at 6  years. These results indicate that the model 
achieved good predictive performance.

Calibration curves are used to compare observed 
outcomes with model predictions, providing a meas-
ure of model accuracy in estimating absolute risk. The 
agreement between the predicted and observed values 
is evaluated by the degree of alignment between the 
calibration curve and diagonal line [17]. In this study, 
the prediction results strongly agreed with the actual 
observations in both the training and validation sets, 
suggesting that the model accurately and effectively 
captured the actual values (Fig. 4).

Furthermore, DCA was employed to evaluate the 
clinical utility of the prediction model [18], includ-
ing both the training and validation sets. As shown in 
Fig. 5, the model provided a net benefit, ranging from 
approximately 5% to 50%, in both the training and val-
idation sets. These results indicated that the model is 
advantageous for making decisions in clinical settings, 
particularly for scenarios in the sixth year.

To assess the predictive effectiveness of the model, 
the study participants were divided into two risk 
groups based on their calculated risk scores from the 
nomogram: a low-scoring group (total score < 19.9) and 
a high-scoring group (total score ≥ 19.9). As shown in 
Fig.  6, the Kaplan‒Meier curves for both the training 
and validation sets clearly demonstrated that the model 

Fig. 2  The nomogram for predicting the CIR of PLWH. A nomogram was established based on univariable and multivariable Cox regression 
analyses. Significant predictors included the interval from HIV diagnosis to ART initiation, infection route, baseline CD4+T cell count, baseline CD4/
CD8 ratio, platelet count, glucose, creatinine, hemoglobin, and alanine aminotransferase level
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Fig. 3  Time‐dependent ROC analysis for 4, 5, and 6 years of CIR for PLWH after ART. Training set (A) and the validation set (B). The red curve 
represents the ROC for 4-year survival, the blue curve represents the ROC for 5-year survival, and the black curve represents the ROC for 6-year 
survival. The x-axis represents the false positive rate (1-specificity), while the y-axis shows the true positive rate (sensitivity). An AUC value 
of 1 indicates perfect discrimination, while a value of 0.5 suggests no discriminative ability. The closer the AUC is to 1, the better the model’s 
performance

Fig. 4  Calibration curves of the prognostic nomogram for 4-, 5- and 6-year survival after ART. Training set (A-C) and the validation set (D-F). The 
calibration curves illustrate the agreement between the predicted and observed survival probabilities at 4, 5, and 6 years post-ART initiation. 
The x-axis represents the predicted survival probability, while the y-axis shows the actual observed survival probability. The dashed line indicates 
the ideal calibration where predicted probabilities perfectly match observed probabilities. The closer the calibration curve is to the dashed line, 
the better the model’s predictive accuracy
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Fig. 5  Decision curve analysis (DCA) curve of the nomogram. A DCA curve for the training set. B DCA curve for the validation set. The DCA 
evaluates the clinical utility of the nomogram by quantifying the net benefit of using the model across different threshold probabilities. The x-axis 
represents the threshold probability, which reflects the minimum probability at which a patient would opt for a specific intervention. The y-axis 
represents the net benefit, which balances the true positive rate against the false positive rate, weighted by the threshold probability. A higher 
net benefit indicates greater clinical utility of the nomogram

Fig. 6  Kaplan‒Meier curve of the nomogram model. A Kaplan‒Meier curve of the training set. B Kaplan‒Meier curve of the validation set. 
The Kaplan-Meier curves visually demonstrate the ability of the nomogram model to stratify patients into distinct risk groups with significantly 
different survival outcomes. The curve illustrates the survival probability over time for patients in the training set, stratified by risk groups based 
on the nomogram model. The x-axis represents the time (in years) after ART initiation, and the y-axis represents the cumulative survival probability. 
The log-rank test was used to compare survival differences between risk groups, with a p-value of <0.001 indicating significant stratification
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effectively distinguished between the high- and low-
risk groups (log-rank test, P < 0.05).

Discussion
Accurate assessment of the potential for CIR follow-
ing ART is crucial for improving prognosis and guid-
ing treatment decisions for PLWH. This study aimed to 
develop and validate a prediction model to determine 
the likelihood of PLWH achieving CIR at years 4, 5, and 
6 after initiating ART. Participant data for model devel-
opment were derived from initial routine laboratory tests 
performed post-HIV diagnosis, selected for their afford-
ability, ease of collection, and broad applicability.

Direct comparison of our model with others is chal-
lenging due to differences in CIR definitions. In con-
trast to the findings of Zhang et  al. [12], our CIR 
criteria were more stringent, defining the CIR as a 
CD4+T cell count ≥ 500 cells/µL and a CD4/CD8 
ratio ≥ 0.8, which has been proven to more accurately 
evaluate the extent of immune restoration in the "treat 
all" era [15]. Longitudinal research has suggested a 
gradual CIR process following ART, often exhibiting a 
prolonged plateau phase. Studies have indicated that 
total CD4+T and CD8+T cell turnover rates tend to sta-
bilize after 12–36  months of ART and reach a plateau 
after 3–4  years of suppressive treatment [19, 20]. The 
Multicenter AIDS Cohort Study, which involved 314 
PLWH, revealed no increase in CD4+T cell counts after 
2–3 years of ART [21]. Similarly, the AIDS Clinical Tri-
als Group (ACTG) study revealed that most changes in 
CD4+T cell counts occur within the first year of ART, 
with no significant increases in the second or third year 
of therapy [22]. Based on these findings, our model was 
constructed using data from PLWH who had under-
gone ART for a minimum of 3 years, aiming to forecast 
CIR at 4, 5, and 6 years post-ART initiation.

In this study, we identified several factors influencing 
the CIR, including diagnosis-treatment interval, infec-
tion route, baseline CD4+T cell count, CD4/CD8 ratio, 
and various hematological and biochemical parameters. 
The significance of baseline CD4+T cell counts and the 
CD4/CD8 ratio in immune recovery has been extensively 
studied [15, 23–28]. For instance, among PLWH with 
baseline CD4+T cell counts of less than 50, 50–199, 200–
349, and 350–499 cells/μL, the probabilities of achieving 
CD4+T cell counts of 500 cells/μL or higher after ART 
vary considerably, ranging from 1.97%, 7.84%, 62.85%, 
and 71.07%, respectively [15]. Similarly, among PLWH 
who started ART with less than 200 cells/μL, 57% did 
not reach 600 cells/μL after 7  years, while those with 
baseline counts of 200–349 CD4+T cells/μL achieved 
this count in less than 2 years [23]. Previous studies have 
also demonstrated that the time required to achieve a 

90% probability of CIR after two years of ART is signifi-
cantly longer for PLWH with a CD4/CD8 ratio less than 
0.5 compared to those with a ratio greater than 0.5 [29] 
These studies consistently demonstrated that higher 
baseline CD4+T cell counts and CD4/CD8 ratioplay a 
crucial role in determining the rate and extent of immune 
recovery after ART, underscoring the importance of ini-
tiating ART at higher CD4+T cell counts. Additionally, 
homosexual transmission was significantly associated 
with a lower rate of CIR. The impact of different infec-
tion routes on immune reconstitution is complex, with 
factors such as viral tropism, intestinal flora, and core-
ceptor switching linked to CIR in men who have sex with 
men (MSM) [30–32]. Research has indicated that only 
60.5% of Chinese MSM have undergone HIV testing [33], 
which is attributed to limited awareness, social discrimi-
nation, and concealment of sexual orientation. Conse-
quently, approximately 50% of Chinese MSM living with 
HIV are unaware of their serostatus, impacting timely 
diagnosis and access to treatment, which are crucial for 
effective immune reconstitution [33, 34]. In deciding 
on medication use, physicians consider various factors, 
including CD4+T cell counts, virological efficacy, and 
drug tolerability. Preference is often given to more potent 
ART regimens when CD4+T cell counts are low. In our 
cohort, participants who were initially prescribed INSTI-
based regimens had average baseline CD4+T cell counts 
of only 230 cells/μL. In contrast, those on NNRTI-based 
regimens had average baseline CD4+T cell counts of 265 
cells/μL, while those on PI-based regimens had average 
baseline CD4+T cell counts of 320 cells/μL.

Regarding other influential factors, both a longer 
interval between HIV diagnosis was associated with 
lower baseline CD4+T cell counts. An extended interval 
between diagnosis and treatment can lead to increased 
HIV replication, more severe immune system dam-
age, and an increased incidence of opportunistic infec-
tions. Previous studies have shown positive correlations 
between the length of the diagnosis-to-treatment inter-
val and the progression of AIDS and mortality [35]. This 
study also revealed associations between immune recon-
stitution and various hematological and blood biochemi-
cal parameters, including HGB, Crea, PLT, Glu, and ALT. 
Previous research has demonstrated that PLWH with 
suboptimal CD4+T cell recovery often have elevated 
platelet counts [36]. This could be attributed to the abil-
ity of platelets to directly interact with HIV, facilitating 
viral binding and entry into cells, with platelets further 
acting as a reservoir for the virus during chronic infec-
tion. In addition, platelet-CD4+T cell aggregates display 
increased levels of activation, depletion, and apoptotic 
markers, suggesting a potential role for platelets in 
CD4+T cell depletion [37]. However, further research is 
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needed to clarify the relationships between the CIR and 
other blood biochemical parameters.

Given the complexity and importance of immune 
reconstitution, various studies have examined adjuvant 
therapeutic strategies to enhance CIR, including interleu-
kin 2 (IL-2), statins, metformin, and other immunomodu-
lators [38–40]. Furthermore, various immunotherapeutic 
approaches, such as broadly neutralizing antibodies, 
stem cell transplants, and therapeutic vaccines, are cur-
rently under investigation [41–43]. Recent clinical trials 
have shown the potential of (5R)−5-hydroxytriptolide to 
promote CD4+T cell recovery and reduce inflammation 
in PLWH, suggesting that this is a new approach for the 
treatment of IIR [44]. Despite these developments, many 
current clinical trials and research initiatives have yet to 
achieve success, spurring ongoing efforts to develop more 
efficient immunomodulators and therapeutic strategies.

Our study is distinguished by a relatively large sam-
ple size (N = 5 408) and extended follow-up period, with 
85.11% of participants monitored for more than 5 years. 
However, several limitations should be considered. First, 
the retrospective nature of the study inherently lim-
ited the scope of the analysis and may have introduced 
biases. Furthermore, as the study was conducted at a 
single center without external evaluation, the generaliz-
ability of the findings may be limited. Therefore, cau-
tion should be exercised when extrapolating the results 
to other populations or regions. Of particular note is the 
selection of PLWH treated for more than three years in 
our inclusion criteria. This selection was primarily based 
on our objective to accurately determine whether PLWH 
achieved CIR based on long-term treatment outcomes. 
However, this inclusion criterion inevitably limits the 
applicability of the model, particularly for patients who 
were lost to follow-up or discontinued treatment within 
the first three years of initiating ART. We clarify that our 
model is specifically designed for patients who remain 
on treatment and survive, which may be particularly 
relevant for guiding long-term management strategies 
in stable patient populations. Simultaneously, we rec-
ognize that future studies will need to incorporate fac-
tors such as early mortality and loss to follow-up into 
predictive models to more comprehensively assess the 
long-term immune recovery of patients after ART. Sec-
ond, the study primarily focused on PLWH examination 
results at baseline and at the most recent follow-up. The 
predictors were derived from the initial test results fol-
lowing diagnosis, while the outcome indicators were 
based on the most recent test results. It is important to 
note that all immunological, virological, blood biochemi-
cal, and relevant indicators of routine laboratory tests 
in PLWH change over time. Our study did not consider 
these dynamic changes during ART, which are crucial for 

a comprehensive understanding of the CIR, potentially 
leading to inaccurate estimations of the true risk of IIR 
in PLWH. Finally, the absence of data on baseline viral 
load, viral load rebound, comorbidities, coinfections, 
treatment adherence, drug resistance, adverse effects, 
and changes in ART regimens for most participants is a 
significant limitation, as these factors could differentially 
impact the CIR but were not considered in our analysis.

Recent advances in medical research have deepened 
our understanding of HIV and the human immune sys-
tem. Novel indicators, such as the percentage of naïve 
CD4+T cells prior to ART in PLWH, the ratio of naïve/
effective memory CD4+T cells [45], and the activity of the 
immunomodulatory kynurenine pathway in tryptophan 
catabolism, have emerged. These metrics show promise 
in predicting the normalization of CD4+T cell counts. 
Although the current evidence remains inconclusive, 
these findings offer new possibilities for diagnosis and 
prediction. Additionally, advancements in artificial intel-
ligence and machine learning are expected to yield new 
models and algorithms that can adapt to the dynamic 
shifts in PLWH metrics, aiding healthcare professionals 
in making more informed decisions and improving lon-
gevity and quality of life for PLWH.

Conclusion
This study successfully developed a prediction model 
with robust performance, identifying interval from HIV 
diagnosis to ART initiation, infection route, baseline 
CD4+T cell count, baseline CD4/CD8 ratio, platelet, glu-
cose, creatinine, hemoglobin, and alanine aminotrans-
ferase level as independent predictors for CIR in PLWH 
after ART. The prediction model developed in this study, 
derived from baseline data, effectively predicted the 
probability of CIR in PLWH undergoing ART. The model 
demonstrated high accuracy and discriminatory power 
during internal evaluation, and the clinical utility of the 
nomogram was evaluated and confirmed using DCA. 
Based on our findings, we recommend the adoption of 
the model as a diagnostic tool to facilitate timely provi-
sion of appropriate therapeutic interventions, adjustment 
of ART regimens, precise and individualized manage-
ment of PLWH, and optimization of cost-effectiveness.

Abbreviations
CIR	� Complete immune reconstitution
PLWH	� People living with human immunodeficiency virus
ART​	� Antiretroviral therapy
AIDS	� Acquired immunodeficiency syndrome
ROC	� Receiver operating characteristic
HIV	� Human immunodeficiency virus
IRR	� Incomplete immune reconstitution
DCA	� Decision curve analyses
TRIPOD	� Transparent Reporting of a Multivariate Prediction Model for 

Individual Prognosis or Diagnosis
WBC	� White blood cell count



Page 12 of 13Li et al. BMC Infectious Diseases          (2025) 25:264 

HGB	� Hemoglobin
PLT	� Platelet
TBIL	� Total bilirubin
ALT	� Alanine aminotransferase
AST	� Aspartate aminotransferase
Crea	� Creatinine
Ccr	� Creatinine clearance rate
Glu	� Blood glucose
TG	� Triglyceride
CHO	� Total cholesterol
HBV	� Hepatitis B virus
HCV	� Hepatitis C virus
ELISA	� Enzyme-linked immunosorbent assay
HBsAg	� Anti-HBV or HCV surface antigen
NRTIs	� Nucleoside reverse transcriptase inhibitors
NNRTIs	� Nonnucleoside reverse transcriptase inhibitors
PIs	� Protease inhibitors
INSTIs	� Integrase strand transfer inhibitor
AIC	� Akaike information criterion
C statistics	� Concordance statistics
AUCs	� Areas under the ROC curve
ACTG​	� AIDS Clinical Trials Group
MSM	� Men who have sex with men
IL-2	� Interleukin 2

Supplementary Information
The online version contains supplementary material available at https://​doi.​
org/​10.​1186/​s12879-​025-​10673-4.

Supplementary Material 1. 

Acknowledgements
We are sincerely grateful for the support and assistance received for this 
study. We would like to thank all the medical staff and colleagues who were 
involved in the data collection and analysis for their support and assistance. 
Importantly, we express our gratitude to all the anonymous participants who 
participated in this study. Furthermore, our sincere gratitude goes to Yunnan 
Infectious Disease Hospital for providing valuable data resources that enabled 
us to conduct this study.

Authors’ contributions
The authors’ contributions in this study are as follows: Profs. Z-Q Shen and Y-T 
Zheng proposed the initial conception and design of the study and provided 
important guidance throughout its design and implementation. Profs. X-Q Dong 
and H-Q Li managed the study, including data collection and coordination, and 
provided the source of clinical data. Na Li and Rui Li were responsible for the data 
analysis, graphical presentation of the results, and writing of the first draft of the 
paper. Authors H-Y Zheng and R-R Tian conducted a comprehensive literature 
review and made substantial revisions to the paper. W-Q He, R-F Duan, and Xia Li 
carefully checked the clinical data and the reasonableness of the corresponding 
statistical methods. All authors read and approved the final manuscript.

Funding
This work was supported by grants from the National Key R & D Program of 
China (2023YFC2306700), the National Natural Science Foundation of China 
(U23A20473), the Yunnan Key R & D Program (202403AC100011), and the Key 
Laboratory of Bioactive Peptides of Yunnan Province (HXDT-2022–3).

Data availability
Data requests can be addressed to the corresponding author.

Declarations

Ethics approval consent to participate
This study was approved by the Ethics Committee of Yunnan Infectious 
Disease Hospital (approval No. Ke2024005), and informed consent from the 
participants was waived due to the use of anonymous data. The study was 
conducted in accordance with the Helsinki Declaration.

Consent for publication
Not applicable.

Competing interests
The authors declare no competing interests.

Author details
1 School of Pharmaceutical Sciences and Yunnan Key Laboratory of Pharma-
cology for Natural Products, Kunming Medical University, Kunming, Yunnan 
650500, China. 2 State Key Laboratory of Genetic Evolution & Animal Models, 
Key Laboratory of Bioactive Peptides of Yunnan Province, KIZ‑CUHK Joint 
Laboratory of Bioresources and Molecular Research in Common Diseases, Kun-
ming Institute of Zoology, Chinese Academy of Sciences, Kunming, Yunnan 
650223, China. 3 Yunnan Provincial Hospital of Infectious Disease, Kunming, 
Yunnan 650302, China. 4 Department of Cancer Prevention and Control, The 
Third Affiliated Hospital of Kunming Medical University, Yunnan Cancer Hospi-
tal/Yunnan Cancer Center, Kunming, Yunnan 650118, China. 

Received: 9 August 2024   Accepted: 18 February 2025

References
	1.	 Bekker L-G, Alleyne G, Baral S, Cepeda J, Daskalakis D, Dowdy D, et al. 

Advancing global health and strengthening the HIV response in the era 
of the sustainable sevelopment goals: The International AIDS Society—
Lancet Commission. The Lancet. 2018;392(10144):312–58.

	2.	 Smiley CL, Rebeiro PF, Cesar C, Belaunzaran-Zamudio PF, Crabtree-Ram-
irez B, Padgett D, et al. Estimated life expectancy gains with antiretroviral 
therapy among adults with HIV in Latin America and the Caribbean: a 
multisite retrospective cohort study. Lancet HIV. 2021;8(5):e266–73.

	3.	 Trickey A, Sabin CA, Burkholder G, Crane H, Monforte A d’Arminio, Egger 
M, et al. Life expectancy after 2015 of adults with HIV on long-term 
antiretroviral therapy in Europe and North America: a collaborative analy-
sis of cohort studies. Lancet HIV. 2023;10(5):e295-e307.

	4.	 Akanbi MO, Bilaver LA, Achenbach C, Hirschhorn LR, Rivera AS, Adekolujo 
OS, et al. Incident Kaposi sarcoma during the expansion of antiretroviral 
therapy eligibility in Nigeria: a retrospective cohort study. BMC Cancer. 
2023;23(1):890.

	5.	 Kazer SW, Walker BD, Shalek AK. Evolution and diversity of immune 
responses during acute HIV infection. Immunity. 2020;53(5):908–24.

	6.	 Lau C-Y, Adan MA, Maldarelli F. Why the HIV reservoir never runs dry: 
clonal expansion and the characteristics of HIV-infected cells challenge 
strategies to cure and control HIV infection. Viruses. 2021;13(12):2512.

	7.	 Xiao Q, Yu F, Yan L, Zhao H, Zhang F. Alterations in circulating markers 
in HIV/AIDS patients with poor immune reconstitution: Novel insights 
from microbial translocation and innate immunity. Front Immunol. 
2022;13:1026070.

	8.	 Yang X, Su B, Zhang X, Liu Y, Wu H, Zhang T. Incomplete immune recon-
stitution in HIV/AIDS patients on antiretroviral therapy: Challenges of 
immunological non-responders. J Leukoc Biol. 2020;107(4):597–612.

	9.	 Zhao J, Schank M, Wang L, Li Z, Lam Nhat Nguyen, Dang X, et al. Mito-
chondrial functions are compromised in CD4 T cells from ART-controlled 
PLHIV. Front. Immunol. 2021;12:658420.

	10.	 Zhou Z-R, Wang W-W, Li Y, Jin K-R, Wang X-Y, Wang Z-W, et al. In-depth 
mining of clinical data: the construction of clinical prediction model with 
R. Ann Transl Med. 2019;7(23):796–796.

	11.	 Agrawal SK, Shrank WH. Clinical and social risk adjustment — reconsider-
ing distinctions. N Engl J Med. 2020;382(17):1581–3.

	12.	 Zhang W, Yan J, Luo H, Wang X, Ruan L. Incomplete immune reconstitu-
tion and its predictors in people living with HIV in Wuhan, China. BMC 
Public Health. 2023;23(1):1808.

	13.	 Lu L, Li X, Liu X, Qiu Z, Han Y, Song X, et al. The pattern and magnitude of 
T cell subsets reconstitution during ten years of ART with viral suppres-
sion in HIV-infected patients. Aging. 2022;14(23):9647–67.

	14.	 Burke HB. Transparent reporting of a multivariable prediction model for indi-
vidual prognosis or diagnosis (TRIPOD). Ann Intern Med. 2015;350: g7594.

	15.	 Liu J, Wang L, Hou Y, Zhao Y, Dou Z, Ma Y, et al. Immune restoration in HIV-
1-infected patients after 12 years of antiretroviral therapy: a real-world 
observational study. Emerg Microbes Infect. 2020;9(1):2550–61.

https://doi.org/10.1186/s12879-025-10673-4
https://doi.org/10.1186/s12879-025-10673-4


Page 13 of 13Li et al. BMC Infectious Diseases          (2025) 25:264 	

	16.	 Acquired Immunodeficiency Syndrome and Hepatitis C Professional 
Group, S.o.I.D., Chinese Medical Association, Chinese Center for Disease 
Control and Prevention., Chinese Guidelines for Diagnosis and Treatment 
of Human Immunodeficiency Virus Infection/Acquired Immunodefi-
ciency Syndrome (2021 edition). Medical Journal of Peking Union Medi-
cal College Hospital, 2022;13(2):203–226.16.

	17.	 Binuya MAE, Engelhardt EG, Schats W, Schmidt MK, Steyerberg EW. 
Methodological guidance for the evaluation and updating of clini-
cal prediction models: a systematic review. BMC Med Res Methodol. 
2022;22(1):316.

	18.	 Vickers AJ, van Calster B, Steyerberg EW. A simple, step-by-step guide to 
interpreting decision curve analysis. Diagn progn res. 2019;3:18.

	19.	 Bacchus-Souffan C, Fitch M, Symons J, Abdel-Mohsen M, Reeves DB, Hoh 
R, et al. Relationship between CD4 T cell turnover, cellular differentiation 
and HIV persistence during ART. PLoS Pathog. 2021;17(1): e1009214.

	20.	 Kelley Colleen F, Kitchen Christina MR, Hunt Peter W, Rodriguez B, Hecht 
Frederick M, Kitahata M, et al. Incomplete peripheral CD4+ cell count 
restoration in HIV-infected patients receiving long-term antiretroviral 
treatment. Clin Infect Dis. 2009;48(6):787–94.

	21.	 Tarwater PM, Margolick JB, Jin J, Phair JP, Detels R, Rinaldo CR, et al. 
Increase and plateau of CD4 T-Cell counts in the 3½ years after initia-
tion of potent antiretroviral therapy. J Acquir Immune Defic Syndr. 
2001;27(2):168–75.

	22.	 Valdez H, Connick E, Smith KY, Lederman MM, Bosch RJ, Kim RS, et al. 
Limited immune restoration after 3 years’ suppression of HIV-1 replication 
in patients with moderately advanced disease. AIDS. 2002;16(4):1859–66.

	23.	 Pantazis N, Papastamopoulos V, Paparizos V, Metallidis S, Adamis G, Anto-
niadou A, et al. Long-term evolution of CD4+ cell count in patients under 
combined antiretroviral therapy. AIDS. 2019;33(10):1645–55.

	24.	 Gras L, May MT, Ryder LP, Trickey A, Helleberg M, Obel N, et al. Determi-
nants of restoration of CD4 and CD8 cell counts and their ratio in HIV-1–
positive individuals with sustained virological suppression on antiretrovi-
ral therapy. J Acquir Immune Defic Syndr. 2019;80(3):292–300.

	25.	 Mussini C, Lorenzini P, Cozzi-Lepri A, Lapadula G, Marchetti G, Nicastri 
E, et al. CD4/CD8 ratio normalisation and non-AIDS-related events in 
individuals with HIV who achieve viral load suppression with antiretroviral 
therapy: an observational cohort study. Lancet HIV. 2015;2(3):e98–106.

	26.	 Roul H, Mary-Krause M, Ghosn J, Delaugerre C, Pialoux G, Cuzin L, et al. 
CD4+ cell count recovery after combined antiretroviral therapy in the 
modern combined antiretroviral therapy era. AIDS. 2018;32(17):2605–14.

	27.	 Li C-X, Li Y-Y, He L-P, Kou J, Bai J-S, Liu J, et al. 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 observa-
tion in China. BMC Immunol. 2019;20(1):31.

	28.	 Dos Santos Guedes MC, Carvalho-Silva WHV, Andrade-Santos JL, Brelaz-
de-Castro MCA, Souto FO, Guimarães RL. Thymic exhaustion and increased 
immune activation are the main mechanisms involved in impaired immuno-
logical recovery of HIV-positive patients under ART. Viruses. 2023;15(2):440.

	29.	 Torti C, Prosperi M, Motta D, Digiambenedetto S, Maggiolo F, Paraninfo G, 
et al. Factors influencing the normalization of CD4+ T-cell count, percent-
age and CD4+/CD8+ T-cell ratio in HIV-infected patients on long-term 
suppressive antiretroviral therapy. Clin Microbiol Infec. 2012;18(5):449–58.

	30.	 Maffongelli G, Alteri C, Gentilotti E, Bertoli A, Ricciardi A, Malagnino V, 
et al. Impact of HIV-1 tropism on the emergence of non-AIDS events in 
HIV-infected patients receiving fully suppressive antiretroviral therapy. AIDS. 
2016;30(5):731–41.

	31.	 Lee SC, Chua LL, Yap SH, Khang TF, Leng CY, Raja Azwa RI, et al. Enrich-
ment of gut-derived fusobacterium is associated with suboptimal 
immune recovery in HIV-infected individuals. Sci Rep. 2018;8(1):14277.

	32.	 Cui H, Geng W, Sun H, Han X, An M, Jiang Y, et al. Rapid CD4+ T-cell 
decline is associated with coreceptor switch among MSM primarily 
infected with HIV-1 CRF01_AE in northeast China. AIDS. 2019;33(1):13–22.

	33.	 Yun K, Xu J, Leuba S, Zhu Y, Zhang J, Chu Z, et al. Development and vali-
dation of a personalized social media platform–Based HIV incidence risk 
assessment tool for men who have sex with men in china. J Med Internet 
Res. 2019;21(6): e13475.

	34.	 Chu Q, Zhang X, Lan J, Zhang Q, Wei T, Fu Y, et al. Prevalence and factors 
associated with late diagnosis among older adults living with HIV in 
Liuzhou, China: 2010–2020. J Med Virol. 2022;95(1): e28288.

	35.	 Pacheco PRG, Zara ALSA, Silva e Souza LC, Turchi MD. Late onset of 
antiretroviral therapy in adults living with HIV in an urban area in Brazil: 
prevalence and risk factors. J. Trop. Med. 2019;5165313.

	36.	 Real F, Capron C, Sennepin A, Riccardo Arrigucci, Zhu A, Gérémy Sannier, 
et al. Platelets from HIV-infected individuals on antiretroviral drug therapy 
with poor CD4 + T cell recovery can harbor replication-competent HIV 
despite viral suppression. Sci. Transl. Med. 2020;12(535):eaat6263.

	37.	 Dai X-P, Wu F-Y, Cui C, Liao X-J, Jiao Y-M, Zhang C, et al. Increased Platelet-
CD4+ T Cell Aggregates Are Correlated With HIV-1 Permissiveness and 
CD4+ T Cell Loss. Front Immunol. 2021;12: 799124.

	38.	 Zhang Y, Jiang T, Li A, Li Z, Hou J, Gao M, et al. Adjunct therapy for CD4+ T-cell 
recovery, inflammation and immune activation in people living with HIV: A 
systematic review and meta-analysis. Front Immunol. 2021;12: 632119.

	39.	 Heyckendorf J, Aries SP, Greinert U, Richter E, Schultz H, Lange C. Func-
tional immune reconstitution by interleukin-2 adjunctive therapy for HIV/
mycobacterial co-infection. Emerg Infect Dis. 2015;21(9):1685–7.

	40.	 Zaongo SD, Chen Y. Metformin may be a viable adjunctive therapeutic 
option to potentially enhance immune reconstitution in HIV-positive 
immunological non-responders. Chin Med J. 2023;136(18):2147–55.

	41.	 Zhang W, Ruan L. Recent advances in poor HIV immune reconstitution: 
what will the future look like? Front Microbiol. 2023;14:1236460.

	42.	 Asaf Yanir, Schulz A, Lawitschka A, Nierkens S, Eyrich M. Immune reconsti-
tution after allogeneic haematopoietic cell transplantation: from observa-
tional studies to targeted interventions. Front Pediatr. 2022;9:786017.

	43.	 De Vito A, Colpani A, Trunfio M, Fiore V, Moi G, Fois M, et al. Living with HIV 
and getting vaccinated: A narrative review. Vaccines. 2023;11(5):896.

	44.	 Cao W, Liu X, Han Y, Song X, Lu L, Li X, et al. (5R)-5-hydroxytriptolide 
for HIV immunological non-responders receiving ART: a randomized, 
double-blinded, placebo-controlled phase II study. The Lancet Regional 
Health - Western Pacific. 2023;34: 100724.

	45.	 Mirte Scherpenisse, Kootstra NA, Bakker M, Berkhout B, Pasternak 
AO. Cell-associated HIV-1 unspliced-to-multiply-spliced RNA ratio at 
12 weeks of ART predicts immune reconstitution on therapy. mBio. 
2021;12(2):e00099–21.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.


	Establishment and evaluation of a predictive model for immune reconstitution in people living with HIV after antiretroviral therapy
	Abstract 
	Background 
	Methods 
	Results 
	Conclusions 

	Introduction
	Methods
	Study design and participants
	Study outcomes
	Candidate predictor variables
	Sample size and missing data
	Statistical methods

	Results
	Characteristics and clinical features of participants
	Construction of a prediction model for the CIR in PLWH based on the training set
	Evaluation and evaluation of the prediction models

	Discussion
	Conclusion
	Acknowledgements
	References


