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Abstract

Background: HIV infection remainsaglobal public health challenge, with an estimated 42.3 million cumulative deaths to date.
Given the heterogeneity among people living with HIV and AIDS, there is a critical need to develop robust prognostic models
to predict survival and guide individualized clinical management.

Objective: We aimed to develop and externally validate a predictive model for the survival of people living with HIV and AIDS
following the initiation of highly active antiretroviral therapy (HAART) in China.

Methods: We used data from the HIV and AIDS epidemic surveillance system of the National Center for AIDS/STD Control
and Prevention, Chinese Center for Disease Control and Prevention, for this retrospective cohort study. The training set and the
external validation set included people living with HIV and AIDS from the cities of Nanjing and Nantong, respectively. The
prediction model was developed by using the random survival forest (RSF), and its performance was evaluated against the Cox
model, integrated area under the curve (IAUC), consistency index (C index), calibration curves, integrated Brier score (iBS), and
decision curve anaysis.

Results: A total of 8960 patients were eligible for this study, consisting of 5261 (58.71%) cases in the training set (mean age
32.39, SD 13.30 years, n=4891, 92.97% male patients) and 3699 (41.28%) cases in the external validation set (mean age 43.31,
SD 14.18 years; n=3086, 83.42% male patients). The RSF model was devel oped based on the top 7 variables ranked by variable
importance, including hemoglobin, age at HAART treatment, infection route, white blood cell count, education level, blood
glucose, and the CD4 count before HAART. The RSF model exhibited good performance, with an iBS of 0.129 in the internal
validation set and 0.113 in the external validation set, and a C index of 0.896 (95% CI 0.885-0.906) in the internal validation set
and 0.756 (95% Cl 0.730-0.782) in the external validation set, respectively. The iAUC was 0.917 (95% Cl 0.906-0.929) for the
internal validation set and 0.750 (95% CI 0.724-0.776) for the external validation set. Using the Cox model as the benchmark
model, the variablesincluded in the RSF model yielded an iBS of 0.172 and 0.115, a C index of 0.829 (95% Cl 0.815-0.842) and
0.742 (95% Cl 0.714-0.770), and an iAUC of 0.871 (95% CI 0.856-0.885) and 0.740 (95% CIl 0.711-0.768) for the internal and
external validation sets, respectively.
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Conclusions: A machine learning—based RSF model demonstrated promising potential for providing personalized and accurate
survival predictions and effective prognostic stratification for people living with HIV and AIDS following HAART in China
Compared to the Cox model, the RSF model exhibited slightly superior performance. A web-based application of the RSF model
provides a practical tool for risk assessment and clinical decision-making.

(J Med Internet Res 2025;27:€71257) doi: 10.2196/71257
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Introduction

Background

HIV infectionand AIDS are mgjor globa public health problems
that have claimed about 40.4 million livesworldwide so far [1].
With the successful implementation of highly active
antiretroviral therapy (HAART), the life expectancy of people
living with HIV and AIDS hasimproved to alevel comparable
to the general population. However, due to compromised
immune systems, people living with HIV and AIDS still
experience secondary infections or cancer, substantialy
increasing their mortality risk [2], and this underscores the
necessity of a prediction model for the survival outcomes of
people living with HIV and AIDS.

The established survival and prognosis model for peopleliving
with HIV and AlDSrevealed that demographic factors, such as
age, sex, and BMI, aswell aslaboratory indicators, such asthe
World Health Organization (WHO) clinical staging of HIV and
AIDS, CD4 T lymphocyte count (CD4), vira load, and
hemoglobin, significantly impacted the survival and prognosis
of people living with HIV and AIDS [3-14]. However, most
previous prediction model swere based on traditional univariate
and multivariate analyses, which were limited by the inability
to address multicollinearity [4,5]. The random survival forest
(RSF) isan advanced machine learning algorithm that has been
increasingly applied in survival dataanalysis. In contrast to the
conventional Cox proportional hazards model, the RSF is not
constrained by multicollinearity among variables, thereby
eliminating the need for related assumptions. Despite its
ensembl e tree-based structure and inherent “ black-box” nature,
which precludesthe direct estimation of regression coefficients,
the RSF enables a quantitative assessment of each predictor’s
contribution to the outcome via metrics such as variable
importance (VIMP) and Shapley additive explanations values
[15]. By incorporating bootstrap aggregating (bagging) and
introducing randomness in both sample selection and feature
subsets, the RSF enhances robustness to noise and oultliers,
thereby improving model stability and resilience [16]. These
advantages make the RSF a powerful and reliable tool for
analyzing complex survival data[17]. To our knowledge, only
one study has used the RSF method to establish prognostic
modelsfor the survival of people living with HIV and AIDS in
China [18], with good internal performance (area under the
curve [AUC] >0.7); however, the models were not externally
validated.

Performance evaluation of prediction models should not be
limited to the initial dataset (ie, training set) but should be
extended to the external datasets, which can address potential
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performance disparities arising from the differences in
demographics, clinical indicators, medication regimens, and
survival outcomes across different datasets or popul ations[19].
Thorough evaluation in new, spatially distinct datais essential
to ascertain themodels' effectivenessand suitability for clinical
use. In China, some multivariate prognosis models for people
living with HIV and AIDS were established and demonstrated
good performance [4]; however, due to the lack of external
validation, their applicability in diverse clinical settings was
limited.

Objectives

In this study, we aimed to develop a survival prediction model
tailored to Chinese peopleliving with HIV and AIDSfollowing
the initiation of HAART by comparing the predictive
performance of models constructed using the RSF algorithm

and the Cox model in both thetraining set (i, internal validation
set) and a spatialy distinct external validation cohort.

Methods

Ethical Considerations

This study was approved by the Ethics Committee of Wuxi
People’s Hospital (KY24074) and registered in the medical
research registration information system of the National Health
Insurance Information Platform (237920) and the ChinaClinical
Trial Registry (ChiCTR2400091128). Informed consent has
been waived by using cases and biological specimens obtained
from previous clinical diagnoses and treatments. All personal
data in the study have been anonymized during the data
organization and statistical analysis stagesto ensure participant
privacy. No compensation was provided to the participants.
Methods and results are reported according to the TRIPOD
(Transparent Reporting of aMultivariable Prediction Model for
Individual Prognosis or Diagnosis) guidelines (Multimedia
Appendix 1).

Data Source

TheHIV and AIDS epidemic surveillance system of the National
Center for AIDS/STD Control and Prevention (NCAIDS/STD),
Chinese Centers for Disease Control and Prevention (CDC),
comprises a comprehensive, nationwide framework for data
collection and monitoring, aiming at tracking and analyzing
data on people living with HIV and AIDS across China. This
system collects demographic, clinical, and laboratory
information relevant to HIV and AIDS. The demographic
information, clinic characteristics, and routine blood biochemical
examinations used in this study are sourced from the
NCAIDS/STD system.
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Study Design and Participants

From 2005 to 2022, there were 6564 people living with HIV
and AIDS in Nanjing and 6608 people living with HIV and
AIDS in Nantong, based on data from the HIV and AIDS
epidemic surveillance system of the NCAIDS/STD. Patients
were included in the model development and validation if they
(2) initiated HAART between January 1, 2005, and December
31, 2022; (2) underwent a complete blood test within 3 months
before theinitiation of HAART; (3) had at least one follow-up
record within 1 year following the initiation of HAART; (4)
were 18 yearsor younger at thetime of theinitiation of HAART;
and (5) resided within the local area (including temporary
residents). Patients were excluded if the survival status was
unavailable, thefollow-up timewasinsufficient (<1 year), time
of the initiation of HAART was missing or unknown, or with
implausible survival time (<0 days). Among all eligible patients,
peoplelivingwith HIV and AIDSin Nanjing formed thetraining
set and internal validation set, while those in Nantong
constituted the external validation dataset (M ultimedia Appendix
2).

Outcome and Candidate Variables

The outcome of this study was survival time, defined as the
time from the date of the initiation of HAART to the date of
all-cause deaths or the end of observation (December 31, 2022),
whichever camefirst. Candidate factors were selected based on
a combination of literature review and expert consultations
(Multimedia Appendix 3). Details on the percentages of missing
values for each variable in the training and external validation
sets are provided in Multimedia Appendix 4. To ensure data
integrity and reliability, we excluded variables with more than
20% of missing values. Finally, 17 candidate variables were
included in the analysis, including age, sex, marital status,
education level, BMI, infection route, history of sexually
transmitted disease, WHO clinical stage, CD4, blood glucose
(BG), viral load, white blood cell (WBC), platelet, hemoglobin,
serum creatinine, alanine aminotransferase, total bilirubin, and
HAART regimen.

Sample Size

The sample size was estimated based on a 4-step procedure
using the “pmsampsize’ package in R (R Foundation for
Statistical Computing) software (equation 1) [20]. A minimum
sample size of 1501 was required for our study, assuming an
R? value of 0.15 (R’.), the number of events with candidate
predictive parameters of 24 (P) and the risk of all-cause death
in the population of 2% (dmax). Given the substantially lower
number of al-cause deaths compared to the number of
nonevents, a combination of oversampling and undersampling
techniques was used to achieve data balance. To adjust for the
data sampling, the ratio of all-cause deaths to nonevents was
set at 1:3. On the basis of thisratio, thetotal sample size for the
training set was determined to be 2000 individuals:

(1)

P
n = 5

(S—1)In (1—%
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Statistical Analysis

Dataanalysiswas performed in R (version 4.3.2; R Foundation
for Statistical Computing). Continuous variableswith anormal
distribution were described by mean and SD and compared
between the training and external validation sets using
independent sample t tests. Continuous variables that did not
follow anormal distribution were described by the median and
QR and compared between groups by Mann-Whitney U tests.
Categorical variables were presented by frequencies and
percentages and were compared between groups by Pearson
chi-sguare tests. All tests were 2-sided tests, and P<.05 was
considered statistically significant, .5<P<1 was considered
marginally statistically significant [21].

Data Preprocessing

In the training set (ie, interna validation set), al origina
variables were first categorized as either categorical or
continuous to meet the requirements for subsequent modeling
and analysis. For variables with less than 20% missing data,
imputation was performed using the “randomForestSRC”
package, which is based on the random forest framework and
uses asingle-iteration strategy. Under afixed random seed, this
method iteratively refines the imputation results to generate a
complete dataset. Following imputation, data balancing was
conducted using the “ROSE” package, which applies a hybrid
technique combining oversampling and undersampling to
mitigate the impact of classimbalance on model performance.
Asthe external validation set was used to evaluate the model’s
predictive performance and generalizability in real-world clinica
scenarios, we did not apply resampling techniques. The
processed datasets were then used for subsequent model
development and performance eval uation.

Development of the Prediction Models

The “randomForestSRC” package was used to construct the
RSF model. All candidate variables were included to construct
afull-variable RSF model. Asthe RSF model does not generate
regression coefficients for direct results interpretation, the
importance of each variable was assessed using the VIMP
method, which involved applying out-of-bag data into the
surviva tree, allowing for random assignment to any child node
while calculating the new total cumulative risk. Higher VIMP
indicates higher importance of the candidate variables[22]. To
enhance accuracy, the self-lifting sampling method was used
with 100 repetitions, and 95% Cls for VIMP were calcul ated.
Inthemain analysis, al variableswith a statistically significant
VIMP in the full-variable RSF model were initially included.
Subsequently, the least important variable was removed
sequentially until adeclinein model performance was observed.
The most parsimonious model was then designated as the final
RSF model. Hyperparameter tuning was conducted using the
grid search method to optimize model performance [23]. The
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variables asthe final RSF model using the “ Survival” package.

Lietd

The construction process of the model is shown in Figure 1.

Figure 1. Flowchart of model development. C index: consistency index; Cox: Cox proportiona hazards;, DCA: decision curve analysis, HAART:
highly active antiretroviral therapy; IAUC: integral area under the curve; iBS: integrated Brier score; NRI: net reclassification improvement; ROC:
receiver operating characteristic; RSF: random survival forest; tdAUC: time-dependent area under the curve; VIMP: variable importance.

Data collection Data cleaning

Comparison of the Prediction M odels

Net reclassification improvement (NRI) value was used to
comparethe performance of the RSF and the Cox models, which
measured the improvement of the RSF model relative to the
Cox modd (ie, benchmark model), with a positive NRI
indicating better performance of the RSF model. The
performance of the RSF model was compared with that of the
Cox model using the DelLong test for the AUC of receiver
operating characteristic (ROC) and the McNemar test, which
incorporates measures such as sensitivity and specificity.

Evaluation and Validation of the Prediction M odels

Internal validation was performed inthetraining set (ie, internal
validation set) using the bootstrap method with 1000 iterations,
while external validation was performed using a spatialy
independent external cohort. Both internal and spatial external
validation were evaluated using discrimination, calibration, and
clinical applicability. Discrimination indicators include ROC
curves, integrated AUC (IAUC), and time-dependent AUC
(tdAUC). Calibration indicatorsinclude a consistency index (C
index), calibration curve, and integrated Brier score (iBS).
Clinical applicability indicatorsinclude decision curve analysis
(DCA) and risk stratification.

ROC curves were plotted at different time points. AniAUC or
tdAUC of <0.5, 0.5 t0 0.7, and 0.7 indicated no, average, and
good predictive capability, respectively. The calibration curves
were used to assess the consistency of the predicted values and
the observed values. The C index was used to represent the
degree of discrimination, with values of >0.9, 0.7 to 0.9, and
0.5 to 0.7 indicating high, moderate, and low discrimination,
respectively [24]. To determine calibration accuracy, we
evauated the closeness of the calibration curve to the ided
straight line (represented as y=x), where a closer proximity
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Model development

Performance evaluation

signifies higher calibration accuracy. The iBS measured the
closeness between the model’s predi cted risks and the observed
probabilities, with lower scores indicating better performance
[25]. DCA curves were used to evaluate the clinical benefits of
the model, namely its practical utility in influencing clinical
decisions. A higher net benefit at a given threshold indicated
greater patient benefit from using the model for diagnostic
purposes.

Risk Stratification

To guideclinical decision-making and enable precise diagnosis
and treatment, the final RSF model was used for risk
dtratification. Using X-tile software (Yale University),
individual swere categorized into 3 risk groups—low risk (better
survival time), intermediate risk (average survival time), and
high risk (poorer survival time)—or 2 groups—Iow risk (better
survival time) and high risk (poorer survival time).
Kaplan-Meier survival curves were plotted based on the risk
scores predicted by the RSF model, and the differences in
survival timesamong these groupswere evaluated. Furthermore,
survival analysisand Cox model were used to assessthe impact
of risk groups on patient prognosis. To quantify the survival
status across various risk strata, we calculated the survival
probabilities and Cls at specific time points. In addition, the
mean survival times and Cls were derived to comprehensively
evaluate the survival outcomes among the different risk groups.

Sensitivity Analyses

In total, 4 sensitivity analyses were performed. First, previous
studies[6,8] identified viral load asacrucial predictor. However,
dueto the high proportion of missing values (2566/5261, 48.7%
and 1403/3699, 37.9% in the training and external validation
sets, respectively) in this study, it was not included in the main
analysis. In the sensitivity analysis, we included viral load in
the RSF model, and its performance was reevaluated by

JMed Internet Res 2025 | vol. 27 | €71257 | p. 4
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH

comparing the NRI values with the original final RSF model.
Second, Cox models were developed using a stepwise method
and their performance was compared with the original final RSF
model. Third, restricted cubic splines were used to address the
nonlinear relationships between the continuous variables (serum
creatinine, BG, and CD4) and the survival rates in the RSF
models and the Cox models. Finally, stratified analysis by age
groups (<60 years and =60 years) was performed to evaluate
the performance of the RSF modelsin different age groups.

Results

Participant Characteristics

This study included 5261 (N=8960, 58.71%) eligible patients
inthetraining set (mean age 36.5, SD 13.2 years; n=4891, 93%
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male patients) and 3699 (41.28%) patients in the external
validation set (mean age 44.1, SD 14.2 years, n=3086, 83.4%
male patients). Table 1 showsthe differencesin the demographic
and clinical characteristics of patients between the training set
and the external validation set. All variables, except for WBC,
were different between the training set and external validation
set. In the training set, the 1-, 3-, 5-, and 8-year survival rates
were 98.6% (95% Cl 92.7%-99.1%), 97.5% (95% ClI
90.7%-97.7%), 96.9% (95% CI 94.2%-97.5%), and 96.3% (95%
Cl 95.6%-96.9%), respectively. In the validation set, the
corresponding survival rates were 96.5% (95% Cl
95.9%-97.1%), 94.3% (95% Cl 93.5%-95.1%), 92.4% (95%
Cl 91.4%-93.3%), and 90.5% (95% Cl 89.3%-91.8%).
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Table 1. Demographic and clinical characteristics of patientsin the training set and the externa validation set.

Variables Total set Training set External valida-  t test (df) P value Chi-square zscore
(N=8960) (n=5261) tion set (n=3699) (dfy
Demographic char acteristics
Age (y), mean (SD) 39.7 (14.1) 365 (13.2) 44.1 (14.2) — <.001 — -25.755
Sex, n (%) — <.001 202.3 (1) —
Male 7977 (89) 4891 (93) 3086 (83.4)
Female 983 (11) 370 (7) 613 (16.6)
Marital status, n (%) — <.001 907.0 (1) —
Unmarried 3914 (43.9) 2991 (57.1) 923 (25)
Married 5011 (56.1) 2244 (42.9) 2767 (75)
Education level, n (%) — <.001 — 35.105
Iliterate or primary 917 (10.2) 324 (6.2) 593 (16)
school
Middle school 2353 (26.3) 883 (16.8) 1470 (39.7)
High school 2041 (22.8) 1173 (22.3) 868 (23.5)
Collegeandabove 3649 (40.7) 2881 (54.8) 768 (20.8)
BMI (kg/m?), n (%) - 07 - 1.806
<185 906 (10.1) 535 (10.2) 371(10)
18.5-23.9 5895 (65.8) 3501 (66.5) 2394 (64.7)
>239 2159 (24.1) 1225 (23.3) 934 (25.3)
Clinical characteristics
Infection route, n (%) — <.001 — -17.298
Homosaual transmis- 5636 (63.1) 3719 (71) 1917 (52)
sion
Heterosexud transmis- 3156 (35.3) 1406 (26.8) 1750 (47.5)
sion
Other 136 (1.5) 117 (2.2) 19 (0.5)
History of STD?, n (%) - 002 10.1(1) -
No 6174 (79.6) 3329 (78.3) 2845 (81.2)
Yes 1583 (20.4) 924 (21.7) 659 (18.8)
WHOP clinical stage, n (%) - <.001 - 11.218
Stage 1 2477 (27.7) 889 (16.9) 1588 (42.9)
Stage 2 2653 (29.6) 2130 (40.5) 523 (14.1)
Stage 3 2092 (23.4) 1287 (24.5) 805 (21.8)
Stage 4 1736 (19.4) 953 (18.1) 783 (21.2)
Biochemical index
CD4° (callguL), megian  290.0(1680-  3140(1960-  2630(137.0-  — <.001 — -11.518
(IOR) 423.0) 447.0) 395.2)
BGY (mmol/L), mean (sD) 57 (1.6) 5.6 (1.4) 6.0 (1.8) 10.368 <.001 — —
(8958)
WBC® (109L), mean (SD) 56 (13.2) 5.7 (2.0) 5.5(20.4) — 7 — -0.382
PLT' (1091 ), median 1880 (151.0-  194.0(1580- 180.0(1440- — <.001 — 9.520
(IOR) 230.0) 234.0) 222.0)
HBY (glL), mean (SD) ~ 1423(157.1)  146.8(2046) 1359(228) — <.001 — 3.728
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Variables Total set Training set Externa valida-  t test (df) P value Chi-square Zscore
(N=8960) (n=5261) tion set (n=3699) (df)
Scr (umol/L), mean (SD)  69-1 (204) 71.6 (19.3) 65.6 (21.5) 12.772 <.001 — —
(8958)
ALT (U/L), median(IQR) 22.9(15.8-35.9)  222(155-350) 24.0(16.0-37.0) — <.001 — -2.646
TBIL (umol/L), mean 11.7 (8.3) 11.9(6.4) 11.5(10.5) — .02 — 2.290
(SD)
HAARTK regimen, n (%) — <.001 — 8.345
NRTI< or Pils" or 226 (2.5) 116 (2.2) 110 (3.0)
Mix"
NNRTI 7308 (81.6) 4167 (79.2) 3141 (84.9)
INSTISP 1426 (15.9) 978 (18.6) 448 (12.1)

83TD: sexually transmitted disease.

BWHO: World Health Organization.

°CD4: CD4 T lymphocyte count.

9BG: blood glucose.

SWBC: white blood cell.

fPLT: platelet.

9HB: hemoglohin.

NSCr: serum crestinine.

IALT: alanine aminotransferase.

ITBIL: total bilirubin.

KHAART: highly active antiretroviral therapy.

INRTI: nucleotide reverse transcri ptase inhibitor.

Mpil: protease inhibitor.

"Mix: different types of medicine compound preparation.
ONINRTI: nonnucleoside reverse transcriptase inhibitor.
PINSTI: integrase inhibitor.

included in the final RSF model: hemoglobin, age, infection

Development of the Prediction Model route, WBC, education level, CD4, and BG. A web-based tool
Figure 2 shows the VIMP values obtained by 100 repeated  was developed based on the RSF model [26].

self-lifting sampling. Thetop 7 variablesranked by VIMP were
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Figure 2. Variable importance (VIMP) plot for each candidate variables in the random survival forest analysis. ALT: alanine aminotransferase; BG:
blood glucose; CD4: CD4 T lymphocyte count; HAART: highly active antiretroviral therapy; HB: hemoglobin; PLT: platelet; SCr: serum creatinine;
STD: sexually transmitted disease; TBIL: total bilirubin; WBC: white blood cell; WHO: World Health Organization.

Variable VIMP (95% ClI)

HB (g/L) —=— (0.347 (0.296 - 0.399)
Age (year) : — 0.265 (0.209 - 0.320)
Infection route — 0.092 (0.045-0.139)
WBC (10° /L) —=— 0.042 (0.013-0.070)
Education level - 0.032 (0.015-0.048)
CD4 (cells/uL) - 0.030 (0.019-0.041)
BG (mmol/L) + 0.029 (0.010-0.048)
BMI (kg/m?) - 0.023 (0.012-0.035)
HAART regimen + 0.023 (0.005 - 0.041)
WHO clinical stage H— 0.022 (0.002 - 0.042)
PLT(10°L) H— 0.019 (-0.002 to 0.040)
TBIL (umol/L) - 0.012 (0.006 - 0.017)
SCr (umol/L) + 0.010 (-0.011 t0 0.032)
Marital status - 0.010 (0.005-0.019)
ALT (U/L) - 0.008 (0.004 - 0.013)
History of STD i 0.005 (-0.002 to0 0.012)
Sex - 0.002 (-0.001 to 0.006)

6 0{1 0!2 0!3

Evaluation and Validation of the Prediction M odels

Model Discrimination

Both the RSF model and Cox model demonstrated good
predictive capability in theinternal validation set, withaniAUC
of 0.917 (95% CI 0.906-0.929) in the RSF model and 0.871
(95% CI 0.856-0.885) in the Cox model (Figures 3A and 3C).
In the external validation set, the iIAUC was 0.750 (95% ClI
0.724-0.776) inthe RSF model and 0.740 (95% Cl 0.711-0.768)
in the Cox model (Figures 3B and 3D). The RSF models
consistently achieved significantly higher AUC valuesthan the
Cox models across all time points in both the internal and

https://www.jmir.org/2025/1/e71257

external validation sets (Table 2). The DeLong test further
provided statistical inference results of the differencesin AUC
values of the 2 models at various time points (Multimedia
Appendix 5). In the internal validation set, the RSF model
demonstrated significantly superior discriminative ability at all
time points (all P<.001). In the external validation set, the
differencesin AUC values at 1 and 3 years achieved marginal
statistical significance (P=.05 and P=.05, respectively), while
the difference at 5 years reached statistical significance
(P=.003), suggesting that the RSF model also exhibited better
predictive performance than the Cox model in the external
validation set.
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Figure 3. Receiver operating characteristic (ROC) curves of the random survival forest (RSF) model and the Cox proportional hazards (Cox) model.
(A) ROC curves of the RSF model in the internal validation set; (B) ROC curves of the RSF model in the external validation set; (C) ROC curves of
the Cox model in the internal validation set; and (D) ROC curves of the Cox model in the external validation set. AUC: area under the curve.
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Table 2. Time-dependent area under the curve (tdAUC) of the random survival forest (RSF) model and the Cox proportional hazards (Cox) model at
various time points following the initiation of highly active antiretroviral therapy.

Time (y) Internal validation set External validation set
RSF modd, tdAUC (95% CI)  Cox model, tdAUC (95% CI)  RSF model, tdAUC (95% CI)  Cox model, tdAUC (95% CI)
1 0.918 (0.902-0.935) 0.834 (0.811-0.856) 0.767 (0.748-0.785) 0.744 (0.721-0.767)
3 0.936 (0.923-0.948) 0.878 (0.859-0.896) 0.784 (0.768-0.799) 0.767 (0.751-0.784)
5 0.922 (0.907-0.937) 0.861 (0.840-0.883) 0.773 (0.754-0.789) 0.746 (0.727-0.765)
8 0.902 (0.880-0.925) 0.841 (0.812-0.871) 0.715 (0.694-0.735) 0.699 (0.675-0.724)

Model Calibration

The RSF model and the Cox model had high consistency
between the predicted and the observed survival rates of people
living with HIV and AIDS in both the internal and external
validation sets (Figure 4). The C index of the RSF model was
0.896 (95% CI 0.885-0.906) in the internal validation set and
0.756 (95% CI 0.73-0.782) in the external validation set. The
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Cindex of the Cox model was 0.829 (95% Cl 0.815-0.842) and
0.742 (95% CI 0.714-0.770) in the internal validation set and
external validation set, respectively. TheiBS of the RSF model
in the internal validation set and external validation set were
0.129 and 0.113, respectively, and the iBS of the Cox model in
theinternal validation set and external validation set were 0.172
and 0.115, respectively (Figure 5).
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Figure4. Cdlibration curves of the random survival forest (RSF) model and the Cox proportional hazards (Cox) model at varioustime pointsfollowing
theinitiation of highly active antiretroviral therapy. (A) Calibration curves of the RSF model in the internal validation set; (B) calibration curves of the
RSF model in the external validation set; (C) calibration curves of the Cox model in the internal validation set; and (D) calibration curves of the Cox
model in the external validation set. OS: overall survival.
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Figure5. Brier curves of the random survival forest (RSF) model and the Cox proportional hazards (Cox) model. (A) Brier curves of the RSF model
and the Cox model in the internal validation set and (B) Brier curves of the RSF model and the Cox model in the external validation set.
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set and the external validation set, and the net benefits of the

Model Clinical Applicability RSF model were better than the Cox model (Figure 6).

The results of the DCA curves showed that the RSF model
achieved good clinical benefits in both the internal validation
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Figure 6. Decision curve analysis (DCA) curves of the random survival forest (RSF) models and the Cox proportional hazards (Cox) models. (A, B,
C, and D) DCA curves of the RSF model and the Cox model in the internal validation set and (E, F, G, and H) DCA curves of the RSF model and the

Cox model in the external validation set.
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The risk dtratification analysis of the RSF model revealed
statistical differencesin overall survival rates among the 3 risk
groups in both the internal and external validation sets (Figure
7). Specifically, within the internal validation set, the risk of
mortality in the high-risk and intermediate-risk groups was
44.41 times and 11.36 times higher, respectively, compared to
thelow-risk group (P<.001). Similarly, in the external validation

https://www.jmir.org/2025/1/e71257

RenderX

Not bonafit

E
Maodels Types
-
. Hora
**1 — BSE model
M =
2
F . 'wﬂﬂw";
#
4
| G,
: 0d
(] oz 0z
Theeshald prodabity
H

Thesshold probabiity

set, the mortality risk was elevated by 13.13 times in the
high-risk group and 5.65 times in the intermediate-risk group,
relative to the low-risk group (P<.001). The 1-, 3-, and 5-year
survival rateswere highest among the low-risk group and lowest
among the high-risk group (Multimedia Appendix 6). When
risk was dichotomized into 2 groups, the risk of mortality was
14.53 times greater in the high-risk group compared to the
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low-risk group in the interna validation set and 4.22 times
higher in the external validation set (P<.001 for both

Lietd

comparisons), respectively.

Figure 7. Comparison of survival rates between different risk stratification groups. (A) Low-, intermediate-, and high-risk groups categories in the
internal validation set; (B) low-, intermediate-, and high-risk groupsin the external validation set; (C) low- and high-risk groupsin theinternal validation

set; and (D) low- and high-risk groupsin the external validation set.
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Comparison of the RSF and Cox Models

On the basis of NRI, the RSF model demonstrated superior
predictive capacity over the Cox model in the first 8 years
post-HAART initiation within theinternal validation set (Table
3). However, in the external validation set, the RSF model did
not outperform the Cox model in thefirst 3 years but exhibited
advantages over the Cox model after 3 years. We evaluated the

T-me (Y&ars)

sensitivity and specificity of both the RSF and Cox models on
both the internal and external validation data (Multimedia
Appendix 7). In the internal validation set, the RSF model
exhibited superior performance over the Cox model, as
evidenced by the McNemar test (P<.001 for both), but not
observed in the external validation set (Multimedia Appendix
8).

Table 3. Net reclassification improvements (NRIs) of the random survival forest (RSF) model compared with the Cox proportional hazards (Cox)
model at various time points following the initiation of highly active antiretroviral therapy in the internal and external validation datasets.

Time (y) Internal validation set, NRI (95% ClI) External validation set, NRI (95% CI)
1 0.386 (0.313-0.463) -0.007 (~0.068 to 0.002)

2 0.268 (0.166-0.334) -0.001 (-0.077 to 0.006)

3 0.261 (0.146-0.312) -0.060 (~0.134 to 0.008)

4 0.223 (0.143-0.291) 0.024 (0.004 to 0.054)

5 0.165 (0.119-0.253) 0.020 (0.004 to 0.060)

6 0.185 (0.116-0.238) 0.040 (0.010 to 0.095)

7 0.181 (0.105-0.235) 0.050 (0.013 to 0.092)

8 0.192 (0.095-0.230) 0.050 (0.016 t0 0.111)
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Sensitivity Analysis

Theincremental model wasbuilt in thefirst sensitivity analysis.
The predictive ability of the incremental RSF model, which
included viral load, was lower compared to the original RSF
model. The performance of the RSF incremental models did
not improve by adding viral load to the RSF model, with or
without log transformation (Multimedia Appendix 9).

In the second sensitivity analysis, the RSF model in the main
analysis demonstrated superior performance compared to the
Cox model developed using a stepwise approach, both in the
internal and external validation sets. Specifically, the RSF model
exhibited higher discrimination, accuracy, and clinical utility.
Theimproved discrimination indicates that the RSF model was
better at distinguishing individuals with higher and lower risks
of the outcome. The increased accuracy suggests that the
predictions made by the RSF model were closer to the observed
outcomes. By calculating the NRI over the first 8 years after
HAART initiation, the RSF model consistently outperformed
the Cox model in theinternal validation set, whilein the externa
validation set, the RSF model surpassed the Cox model starting
from the second year (Multimedia Appendix 10). In the third
sensitivity analysis, we aimed to ensure the applicability of the
Cox model by applying restricted cubic spline transformations
to continuous variablesthat did not exhibit alinear relationship
with the survival outcomes. For variables that violated the
linearity assumption, we categorized them to meet with the Cox
model’s requirements. Through this approach, we reassessed
the performance of the RSF model against the Cox model,
focusing on discrimination, accuracy, and clinical relevance.
Our findings reinforced the superiority of the RSF model for
predicting outcomesin people living with HIV and AIDS, asit
consistently demonstrated superior discriminative power, a
higher degree of accuracy in predictions, and greater clinical
utility compared to the Cox model. By calculating the NRI over
the first 8 years after HAART initiation, the RSF model
consistently outperformed the Cox model in the internal
validation set, while in the external validation set, the RSF
model surpassed the Cox model starting from the third year.
(Multimedia Appendix 11).

In the fourth sensitivity analysis, the generalization ability of
the RSF model wastested in different age subgroups. Theresults
showed that RSF had good discrimination in different age
groups, particularly inindividuals aged <60 years, underscoring
its robustness and applicability across diverse age groups.
(Multimedia Appendix 12).

Discussion

Principal Findings

Although HAART significantly prolonged the life expectancy
of people living with HIV and AIDS, opportunistic infections
and cancer continue to pose seriousthreatsto their survival [2].
In the past decade, efforts have focused on devel oping aprecise
prognosis assessment to optimize clinical decision-making for
people living with HIV and AIDS. Nevertheless, conventional
approaches based on prognostic factors to identify patient
survival outcomes have some limitations, such as insufficient
accuracy for a single prognostic factor and difficulty in
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integrating multiple prognostic factors. The prognostic model,
also known asthe prediction model, offers an effective solution
by generating personalized predictions, addressing these
limitations by integrating various factors for individualized
survival prediction. For people living with HIV and AIDS,
several studies [4,5,27] have presented results of studying
prognostic models to predict overall survival or survival at
specific time points. However, these models showed limited
performance or clinical application, resulting from
multicollinearity or lack of external validation. This study
developed an externally validated RSF model using data from
the HIV and AIDS epidemic surveillance system of
NCAIDS/STD, providing a personalized and accurate survival
prediction for people living with HIV and AIDS after HAART.
We identified 7 critical factors in predicting all-cause deaths
among 17 clinical characteristics. In addition, the performance
of the RSF model was dlightly superior to that of the
conventional Cox regression model regarding discrimination,
calibration, and clinical applicability. Finally, the RSF model
exhibited excellent performancein predicting long-term survival
and survival outcomesin older population.

In this study, 7 key variables, including hemoglobin, age at
HAART treatment, infection route, WBC count, education level,
BG, and CD4 count before HAART, were identified as critical
factors predicting all-cause mortality after HAART in people
living with HIV and AIDS. Variables such as hemoglobin and
ageat HAART treatment have al so been recognized in previous
research as independent predictors highly correlated with
mortality after HAART in people living with HIV and AIDS.
A metaanalysis [28] reported the association between
hemoglobin levels and life span in patients with HIV,
highlighting the need for interventions in patients with anemia
to improve life expectancy and quality. In a comprehensive
review [29], age was found to be inversely correlated with
survival time. A study [30] has indicated that among patients
who tested positive for HIV, lower levels of education were
associated with higher all-cause mortality ratesduring HAART.
Disruption of BG homeostasisisaso acrucial factor influencing
the survival of patientswith AIDS. While HAART hasreduced
the mortality rate among individualswith HIV, it was associated
with increased prevalence of dyslipidemiaamong patientswith
AIDS [31], thereby increasing all-cause mortality through an
alternative pathway. CD4 cell count is closely associated with
the survival rate of patientswith AIDS. Generally, alower CD4
cell count indicates a higher risk of al-cause mortality. More
importantly, our findings substantially confirmed the prognostic
significance of these variables for survival outcomes using
VIMP,

In recent years, various machine learning algorithms have
emerged to handleright-censored datain survival analysis, such
as deep survival forests and survival support vector machines.
These approaches effectively integrate traditiona machine
learning frameworks with principles of survival analysis,
allowing them to manage incomplete observations. Among
these, RSF, a classical ensemble method based on bootstrap
aggregating, has demonstrated strong predictive performance
and model robustness, owing to its dual-layer randomization at
both the sample and feature levels. In this study, RSF was
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selected as the primary modeling approach to explore its
potential in prediction for survival outcomes. The application
of alternative machine learning algorithms for survival
prediction in people living with HIV and AIDS should be
explored in future research. Despite the promising utility of
RSF in medical studies, few studies have reported its application
in Chinese peopleliving with HIV and AIDS. Recently, astudy
[18] reported the use of arandom forest model to predict 10-year
survival rates among people living with HIV and AIDS.
However, the AUC values of the model at various time points
were lower than those of our models. The study relied on
secondary datafrom previoudy published studies, which limited
the selection of candidate predictors and study population, and
lacked external validation, thereby limiting the generalization
of its findings. Furthermore, it did not trand ate the prognostic
model into clinically applicable tools, such as nomograms,
further limiting its practical use. To our knowledge, our study
is the first to develop an externally validated RSF model for
survival prognosisin Chinese peoplelivingwith HIV and AIDS.

Some variables previously considered important predictors of
survival in peopleliving with HIV and AIDS were not included
inour model based on the VIMP criterion. For instance, previous
studies have reported poorer treatment outcomes for female
patients compared to male patients due to physiological and
sociocultural differences. However, in this study, sex wasfound
to be the least important variable based on the VIMP criterion.
This may be attributed to the significantly lower number of
female individuas living with HIV and AIDS in China and
insufficient representation of female patients in this study,
limiting the manifestation of this variable’s importance. Viral
load, an established risk factor for increased mortality in
individuals infected with HIV [4,32], is associated with faster
immune system damage and an elevated risk of opportunistic
infections. In our study, viral load was excluded from the main
analysis due to a high proportion of missing data. However,
sensitivity analyses indicated that the exclusion of viral load
from the final model did not compromise the model’s
performance (Multimedia Appendix 9).

In this study, we comprehensively compared the discriminative
ability, calibration, and clinical benefit differences between RSF
and Cox modelsin both theinternal and external validation sets.
In the internal validation set, the RSF model demonstrated a
higher C index, iIAUC values, and tdAUC values at all specific
time points. It also showed a higher consistency between the
predicted results and the observed survival rates, lower iBS
values, and exhibited better clinical benefits. These results
indicated that the RSF model possessed superior discriminative
ability, calibration, and clinical benefits compared to the Cox
model. In the external validation set, although all performance
metrics of the RSF model declined compared to the internal
validation set, severa metrics remained dlightly superior to
those of the Cox model, suggesting that the RSF model
demonstrated dlightly superior predictive performance,
particularly in long-term prognosis assessment. Moreover, we
applied a stepwise selection and incorporated restricted cubic
splinesto variablesincluded in the Cox model. The Cox model’s
performance remained inferior to that of the RSF model
(Multimedia Appendices 10 and 11).
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Enhance Clinical Utility

Clinical application is a crucia step in trandating predictive
models from theoretical constructs and formulas into clinical
practice, requiring thorough consideration of database
representativeness, predictor accessibility, and model
practicality. Regrading database representativeness, this study
leveraged data from the HIV and AIDS epidemic surveillance
system of NCAIDS/STD to develop the predictive models. This
database covers information on demographics, treatment, and
outcomes of people living with HIV and AIDS from all cities
across China. The variables collected in this database are
uniformly defined and consistently measured, and all municipal
CDCscan accessinformation within their jurisdictions, ensuring
broad coverage and standardization across regions. Regarding
the predictor accessibility, the 7 predictors included in this
model are routinely monitored and reported in the daily work
of CDCs. These predictors are objective indicators with
established and cost-effective detection methods. Some
indicators with higher costs for detection, such as viral load,
were not included in the model. Similarly, variables such as
failure of first-line antiretroviral therapy (ART) were excluded
from the model because we aimed to predict the survival
outcomes of people living with HIV and AIDS after the
initiation of HAART. In addition, to address the limitation of
machine learning algorithms being difficult to be applied in
clinical settings, we developed a web-based, interactive
prediction model. Thisinterface offers personalized predictions
for surviva in people living with HIV and AIDS, alowing
researchers and clinicians to apply the model in their routine
practice.

Given the favorable predictive performance of the RSF model
developed in this study, its potential for informing clinical
decision-making warrants further exploration through model
optimization. Such efforts could advance the precision
management of peopleliving with HIV and AIDS by providing
both theoretical support and practical tools. First, for individuals
at ahigh risk of mortality, differentiated management strategies
could be implemented, such as prioritizing drug resistance
testing, initiating ART at an earlier stage[33,34], and integrating
psychologica interventions with community-based support
services[35], to enhance treatment adherence and delay disease
progression. Second, the RSF model could be integrated into
hospital information systemsto enablereal-timeindividual risk
assessment and automated alerts, thereby assisting cliniciansin
timely adjustments of treatment strategies. For example, earlier
initiation of second-line ART [36] or adoption of optimized
regimens based on dolutegravir could be considered [37],
ultimately improving the scientific basis and timeliness of
clinical interventions. In addition, in light of the uneven
distribution of HIV prevention and treatment resourcesin China,
this model could also inform the precise allocation of medical
resources. For instance, patients with a predicted low 5-year
survival probability could be prioritized for access to newer,
more potent integrase inhibitors and targeted for intensified
screening of opportunistic infections (eg, tuberculosis and
cryptococcal meningitis) [38,39], thereby maximizing resource
efficiency. Finally, the model’s superior predictive performance
in older people living with HIV and AIDS underscores its
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potential utility in guiding targeted interventions for this
population. For older individuals at a high risk of mortality,
comprehensive application of the aforementioned strategies
may help reduce HIV-related mortality and contribute to the
overal goal of improving outcomes in vulnerable populations
affected by the HIV epidemic in Chinain recent years[40,41].

Strengths and Limitations

In this study, we rigorously assessed and minimized the risk of
bias in accordance with the Prediction model Risk of Bias
Assessment Tool [42]. The study population was sourced from
the HIV and AIDS epidemic surveillance system of the
NCAIDS/STD, using registry cohort data that adhered to clear
and uniform inclusion and exclusion criteria, ensuring the
representativeness of people living with HIV and AIDS
nationwide. Our predictive model accurately reflected the
relationship between predictors and all-cause mortality
outcomes. All predictorswere consistently defined and measured
using standardized methods, thereby ensuring thereliability and
accessibility of the predictors. The outcomes for al study
participants were uniformly determined using the
guideline-recommended method, and al participants had at
least one follow-up record, ensuring the validity of the outcomes.
In data analysis, we ensured adequate sample sizes for both
model development and external validation and avoided
categorizing continuous variables to present overestimating
model performance. In addition, this study used a resampling
method combining oversampling and undersampling to address
class imbalance, which reduced selection bias, improved
statistical efficiency, and ensured the robustness and reliability
of the model [43]. We comprehensively assessed the model’s
discrimination, calibration, and clinical utility. Meanwhile, we
conducted multiple sensitivity analysesto avoid overestimating
model performance. Despite statistical differencesin nearly all
candidate variables between theinternal and external validation
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cohorts, the model demonstrated strong validation performance,
confirming its generalizability.

Thelimitations of this study are asfollows. First, the relatively
low positive predictive value (Multimedia Appendix 7) of the
RSF model suggeststhat asubstantial proportion of individuals
classified as high risk may actually have alow risk of mortality,
thereby limiting the model’s ability in accurately identifying
high-risk patients. Consequently, the RSF model should not be
used asthe sole basisfor initiating intensive interventions, such
as adjustments to ART. In clinical applications, intervention
decisions should be informed by a combination of this model,
other validated risk assessment tools, and individualized clinical
judgment. Future studies should focus on improving themodel’s
positive predictive value by optimizing its algorithmic
framework and integrating additional clinical variables and
multisource data, thereby enhancing its utility and reliability in
high-risk patient identification and clinical decision support.
Second, we used data exclusively from regional databases of
the NCAIDS/STD, and only 7 variables were included in the
model development. Some potential factors that may be
associated with the prognosis of people living with HIV and
AIDS were not included in this research. Third, we did not
include peopleliving with HIVV and AIDS aged <18 years. Due
to differences between adult and pediatric patients, our findings
may not be generalizable to pediatric patients.

Conclusions

In this study, a machine learning—based RSF model offered
personalized and accurate survival prediction and remarkable
prognostic stratification for people living with HIV and AIDS
following theinitiation of HAART in China. The RSF algorithm
may outperform thetraditional Cox model in survival prediction
for people living with HIV and AIDS. The survival prediction
tool constructed in this study may improve clinica
decision-making for people living with HIV and AIDS.

This research was funded by the National Natural Science Foundation of China (grant 82103896), Nanjing Medical Science and
Technology Devel opment Project (grants ZK X 23059 and Y KK 23192), Preventive M edicine Research Project of Jiangsu Provincia
Health Commission (grant Y m2023079), and Nantong Municipal Health Commission Project (grant MB2021075).

Data Availability

Study data will not be publicly available. Data can be made available by the corresponding author to any interested researcher
following approval of a concept sheet summarizing the analysis to be done. Deidentified participant data and a data dictionary
can be made available and shared under a data transfer agreement. Requests for access to the study data should be sent to the
corresponding author by email.

Authors Contributions

Xiaoshan Li, YL, and ZZ contributed to conceptualization, data curation, formal analysis, methodology, project administration,
resources, software, supervision, validation, visualization, writing the original draft, and review and editing.

BT, XZ, HS, and XL had accessto and verified al the data and were responsible for the decision to submit the manuscript.

PZ and Y X contributed to methodology, supervision, vaidation, visualization, and writing the original draft, and they served as
co-corresponding authors for this paper.

Conflicts of Interest
None declared.

https://www.jmir.org/2025/1/e71257 JMed Internet Res 2025 | vol. 27 | €71257 | p. 15

(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Lietd

Multimedia Appendix 1

TRIPOD (Transparent Reporting of aMultivariable Prediction Model for Individual Prognosis or Diagnosis) statement checklist.
[DOCX File, 19 KB-Multimedia Appendix 1]

Multimedia Appendix 2

The flowchart of participant selection.
[DOCX File, 114 KB-Multimedia Appendix 2]

Multimedia Appendix 3

Definitions and coding of variables.
[DOCX File, 18 KB-Multimedia Appendix 3]

Multimedia Appendix 4

The number and proportion of missing data of each variable.
[DOCX File, 19 KB-Multimedia Appendix 4]

Multimedia Appendix 5

Comparison of areaunder the curve performance between random survival forest and Cox proportional hazards model s, evaluated
by DelL ong testsin the internal and external validation sets.
[DOCX File, 14 KB-Multimedia Appendix 5]

Multimedia Appendix 6

Predicted survival ratesin the random survival forest models by risk groupsin the internal and external validation sets.
[DOCX File, 16 KB-Multimedia Appendix 6]

Multimedia Appendix 7

Validity and reliability of the random survival forest model and the Cox proportional hazards model at 1, 3, 5, and 8 yearsfollowing
the initiation of highly active antiretroviral therapy in the internal and external validation sets.
[DOCX File, 25 KB-Multimedia Appendix 7]

Multimedia Appendix 8

Performance comparison of random survival forest model versus Cox proportional hazards model, evaluated by Fisher exact test
for sengitivity in the internal and external validation sets.
[DOCX File, 21 KB-Multimedia Appendix 8]

Multimedia Appendix 9

Sensitivity analysis 1: net reclassification improvement comparing the random survival forest (RSF) models that included
log-transformed viral load and the RSF model s that included non- og-transformed viral load in theinternal and external validation
sets.

[DOCX File, 13 KB-Multimedia Appendix 9]

Multimedia Appendix 10

Sensitivity analysis 2: Cox proportiona hazards models using the stepwise method.
[DOCX File, 16 KB-Multimedia Appendix 10]

Multimedia Appendix 11

Sensitivity analysis 3: comparative analysis of random survival forest models and Cox proportional hazards modelsfor predicting
outcomes, with emphasis on linear variabl e transformation and selection.
[DOCX File, 3321 KB-Multimedia Appendix 11]

https://www.jmir.org/2025/1/e71257 JMed Internet Res 2025 | vol. 27 | €71257 | p. 16
(page number not for citation purposes)

RenderX


https://jmir.org/api/download?alt_name=jmir_v27i1e71257_app1.docx&filename=07d6290754c9f466186a02ac55fc7189.docx
https://jmir.org/api/download?alt_name=jmir_v27i1e71257_app1.docx&filename=07d6290754c9f466186a02ac55fc7189.docx
https://jmir.org/api/download?alt_name=jmir_v27i1e71257_app2.docx&filename=195b3a84a7ddd3b120d9b91fe95d12d6.docx
https://jmir.org/api/download?alt_name=jmir_v27i1e71257_app2.docx&filename=195b3a84a7ddd3b120d9b91fe95d12d6.docx
https://jmir.org/api/download?alt_name=jmir_v27i1e71257_app3.docx&filename=50c3b01e5ac14db037603ba3ab0fe266.docx
https://jmir.org/api/download?alt_name=jmir_v27i1e71257_app3.docx&filename=50c3b01e5ac14db037603ba3ab0fe266.docx
https://jmir.org/api/download?alt_name=jmir_v27i1e71257_app4.docx&filename=dbb488f7e411f06b6d298969d4277b2b.docx
https://jmir.org/api/download?alt_name=jmir_v27i1e71257_app4.docx&filename=dbb488f7e411f06b6d298969d4277b2b.docx
https://jmir.org/api/download?alt_name=jmir_v27i1e71257_app5.docx&filename=d5e03bf42e2543bc22950d0d23d873f0.docx
https://jmir.org/api/download?alt_name=jmir_v27i1e71257_app5.docx&filename=d5e03bf42e2543bc22950d0d23d873f0.docx
https://jmir.org/api/download?alt_name=jmir_v27i1e71257_app6.docx&filename=a6096aac797c9cb9e0164a0e0614d8cb.docx
https://jmir.org/api/download?alt_name=jmir_v27i1e71257_app6.docx&filename=a6096aac797c9cb9e0164a0e0614d8cb.docx
https://jmir.org/api/download?alt_name=jmir_v27i1e71257_app7.docx&filename=cc7081d5c950aee8d68b6d426a1d6dbd.docx
https://jmir.org/api/download?alt_name=jmir_v27i1e71257_app7.docx&filename=cc7081d5c950aee8d68b6d426a1d6dbd.docx
https://jmir.org/api/download?alt_name=jmir_v27i1e71257_app8.docx&filename=4d214d0d06cf8f454b5060a5d6082b2a.docx
https://jmir.org/api/download?alt_name=jmir_v27i1e71257_app8.docx&filename=4d214d0d06cf8f454b5060a5d6082b2a.docx
https://jmir.org/api/download?alt_name=jmir_v27i1e71257_app9.docx&filename=0f5e7f1d3b52378432f906f9f80c5944.docx
https://jmir.org/api/download?alt_name=jmir_v27i1e71257_app9.docx&filename=0f5e7f1d3b52378432f906f9f80c5944.docx
https://jmir.org/api/download?alt_name=jmir_v27i1e71257_app10.docx&filename=98e45e86775acf1e28b8820aa3b20244.docx
https://jmir.org/api/download?alt_name=jmir_v27i1e71257_app10.docx&filename=98e45e86775acf1e28b8820aa3b20244.docx
https://jmir.org/api/download?alt_name=jmir_v27i1e71257_app11.docx&filename=19c45f82a70ee9be624fbfc78a71d8c6.docx
https://jmir.org/api/download?alt_name=jmir_v27i1e71257_app11.docx&filename=19c45f82a70ee9be624fbfc78a71d8c6.docx
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Lietd

Multimedia Appendix 12
Sensitivity analysis 4: the performance of the random survival forest models by age groupsin theinternal and external validation

sets.

[DOCX File, 13 KB-Multimedia Appendix 12]

References

1.

2.

10.

11.

12.

13.

14.

15.

16.

17.

18.

HIV and AIDS. World Health Organization. Jul 22, 2024. URL : https://www.who.int/news-room/fact-sheets/detail/hiv-aids
[accessed 2025-05-19]

Grulich AE, Jin F, Bavinton BR, Yeung B, Hammoud MA, Amin J, et a. Long-term protection from HIV infection with
ora HIV pre-exposure prophylaxisin gay and bisexual men: findings from the expanded and extended EPIC-NSW
prospectiveimplementation study. Lancet HIV. Aug 2021;8(8):e486-e494. [doi: 10.1016/S2352-3018(21)00074-6] [Medline:
34217426]

Blatt SP, McCarthy WF, Bucko-Krasnicka B, Méelcher GP, Boswell RN, Dolan MJ, et al. Multivariate modelsfor predicting
progressionto AlDS and survival in human immunodeficiency virus-infected persons. JInfect Dis. Apr 1995;171(4):837-844.
[doi: 10.1093/infdis/171.4.837] [Medline: 7535828]

Hou X, Wang D, Zuo J, Li J, Wang T, Guo C, et al. Development and validation of a prognostic nomogram for HIV/AIDS
patients who underwent antiretroviral therapy: data from a China population-based cohort. EBioMedicine. Oct
2019;48:414-424. [FREE Full text] [doi: 10.1016/].ebiom.2019.09.031] [Medline: 31594752]

Jang F, XuY, LiuL, Wang K, Wang L, Fu G, et al. Construction and validation of a prognostic nomogram for predicting
the survival of HIV/AIDS adults who received antiretroviral therapy: a cohort between 2003 and 2019 in Nanjing. BMC
Public Health. Jan 06, 2022;22(1):30. [FREE Full text] [doi: 10.1186/s12889-021-12249-8] [Medline: 34991536]

May M, Boulle A, Phiri S, Messou E, Myer L, Wood R, et al. Prognosis of patientswith HIV-1 infection starting antiretroviral
therapy in sub-Saharan Africa: a collaborative analysis of scale-up programmes. Lancet. Aug 2010;376(9739):449-457.
[doi: 10.1016/50140-6736(10)60666-6]

Ning S, XueZ, Wei J, Mu S, Xu Y, JiaS, et al. [HIV/AIDS related mortality in southern Shanxi province and its risk
factors]. Zhonghua Liu Xing Bing Xue Za Zhi. Mar 2015;36(3):245-249. [Medline: 25975402]

Roussanov BV, Taylor IM, Giorgi JV. Calculation and use of an HIV-1 disease progression score. AIDS. Dec 01,
2000;14(17):2715-2722. [doi: 10.1097/00002030-200012010-00011] [Medline: 11125890]

Yao SJ, LV YN, Wang L, Yao WQ. The survival analysisin 7 255 AIDS patients on antiretroviral therapy in Liaoning
Province in 2003-2015. Chin J Dis Control Prev. 2016;20(12):1203-1207. [FREE Full text] [doi:
10.16462/j.cnki.zhjbkz.2016.12.005]

Wang J, Yuan T, Ding H, Xu J, Keusters WR, Ling X, et a. Development and external validation of a prognostic model
for survival of people living with HIV/AIDS initiating antiretroviral therapy. Lancet Reg Health West Pac. Nov
2021;16:100269. [FREE Full text] [doi: 10.1016/j.lanwpc.2021.100269] [Medline: 34590068]

XuY,ZhuzZ,WuS, Liul, GuoL, Li X. Survival analysis of HIV/AIDS patients who received antiretroviral treatment for
thefirst time among men who have sex with men in Nanjing from 2004 to 2016. Chin JAIDS STD. 2018;24:697-701. [doi:
10.13419/j.cnki.aids.2018.07.15]

XuYY,Li XS, WuSS. Survival of HIV/AIDS patients receiving highly antiretroviral therapy in Nanjing city, 2004 —2016.
Chin J Public Health. 2018;34(4):473-478. [FREE Full text]

Yan H, Yang H, Li J, Wel C, Xu J, Liu X, et a. Emerging disparity in HIVV/AIDS disease progression and mortality for
men who have sex with men, Jiangsu Province, China. AIDS Behav. Jan 22, 2014;18 Suppl 1(0 1):S5-10. [FREE Full text]
[doi: 10.1007/s10461-013-0520-2] [Medline: 23695520]

Zhang G, Gong Y, Wang Q, Deng L, Zhang S, Liao Q, et a. Outcomes and factors associated with survival of patients
with HIV/AIDSinitiating antiretroviral treatment in Liangshan Prefecture, southwest of China: aretrospective cohort study
from 2005 to 2013. Medicine (Batimore). Jul 2016;95(27):€3969. [FREE Full text] [doi: 10.1097/M D.0000000000003969]
[Medline: 27399071]

Ishwaran H, Kogalur UB, Blackstone EH, Lauer MS. Random survival forests. Ann Appl Stat. Sep 1, 2008;2(3):841-860.
[doi: 10.1214/08-a0as169]

Mohammed M, MboyalB, Mwambi H, Elbashir MK, Omolo B. Predictors of colorecta cancer survival using cox regression
and random survival forests models based on gene expression data. PLoS One. Dec 29, 2021;16(12):e0261625. [FREE
Full text] [doi: 10.1371/journal.pone.0261625] [Medline: 34965262]

Lul,LinP Yanzhang T. Random survival forest predicted survival of elderly patients with colorectal cancer in M1 stage.
Chin J Gerontol. Dec 25, 2023;43(24):5903-5908. [doi: 10.3969/].issn.1005-9202.2023.24.004]

Hui W, Wel W, Yanhua S, Hui Z, YouxiaZ. Development and validation of prediction model for AIDS-related death after
antiretroviral therapy based on random survival forest algorithm. Int J Epidemiol Infect Dis. 2024;51(2):84-92. [doi:
10.3760/cma.j.cn331340-20231011-00056]

https://www.jmir.org/2025/1/e71257 JMed Internet Res 2025 | vol. 27 | €71257 | p. 17

(page number not for citation purposes)


https://jmir.org/api/download?alt_name=jmir_v27i1e71257_app12.docx&filename=73d9e94c5075913fef22caedb39fdf97.docx
https://jmir.org/api/download?alt_name=jmir_v27i1e71257_app12.docx&filename=73d9e94c5075913fef22caedb39fdf97.docx
https://www.who.int/news-room/fact-sheets/detail/hiv-aids
http://dx.doi.org/10.1016/S2352-3018(21)00074-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34217426&dopt=Abstract
http://dx.doi.org/10.1093/infdis/171.4.837
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=7535828&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2352-3964(19)30658-9
http://dx.doi.org/10.1016/j.ebiom.2019.09.031
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31594752&dopt=Abstract
https://bmcpublichealth.biomedcentral.com/articles/10.1186/s12889-021-12249-8
http://dx.doi.org/10.1186/s12889-021-12249-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34991536&dopt=Abstract
http://dx.doi.org/10.1016/s0140-6736(10)60666-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25975402&dopt=Abstract
http://dx.doi.org/10.1097/00002030-200012010-00011
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=11125890&dopt=Abstract
https://zhjbkz.ahmu.edu.cn/en/article/doi/10.16462/j.cnki.zhjbkz.2016.12.005#:~:text=Results%20Among%207%20225%20HIV,fatality%20ratio%20was%201.99%2F100
http://dx.doi.org/10.16462/j.cnki.zhjbkz.2016.12.005
https://linkinghub.elsevier.com/retrieve/pii/S2666-6065(21)00178-4
http://dx.doi.org/10.1016/j.lanwpc.2021.100269
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34590068&dopt=Abstract
http://dx.doi.org/10.13419/j.cnki.aids.2018.07.15
https://www.zgggws.com/en/article/doi/10.11847/zgggws1116546
https://europepmc.org/abstract/MED/23695520
http://dx.doi.org/10.1007/s10461-013-0520-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23695520&dopt=Abstract
https://europepmc.org/abstract/MED/27399071
http://dx.doi.org/10.1097/MD.0000000000003969
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27399071&dopt=Abstract
http://dx.doi.org/10.1214/08-aoas169
https://dx.plos.org/10.1371/journal.pone.0261625
https://dx.plos.org/10.1371/journal.pone.0261625
http://dx.doi.org/10.1371/journal.pone.0261625
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34965262&dopt=Abstract
http://dx.doi.org/10.3969/j.issn.1005-9202.2023.24.004
http://dx.doi.org/10.3760/cma.j.cn331340-20231011-00056
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Lietd

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

35.

36.

37.

38.

39.

40.

41.

Collins GS, Dhiman P, MaJ, Schlussel MM, Archer L, Van Calster B, et al. Evaluation of clinical prediction models (part
1): from devel opment to external validation. BMJ. Jan 08, 2024;384:€074819. [FREE Full text] [doi:
10.1136/bmj-2023-074819] [Medline: 38191193]

Riley RD, Ensor J, Snell KI, Harrell FEJ, Martin GP, Reitsma JB, et al. Calculating the sample size required for devel oping
aclinical prediction model. BMJ. Mar 18, 2020;368:m441. [doi: 10.1136/bmj.m441] [Medline: 32188600]

Tang MX, Jacobs D, Stern Y, Marder K, Schofield P, Gurland B, et a. Effect of oestrogen during menopause on risk and
age at onset of Alzheimer's disease. Lancet. Aug 1996;348(9025):429-432. [doi: 10.1016/50140-6736(96)03356-9]

Sadig S, Yan Y, Shyu ML, Chen SC, Ishwaran H. Enhancing multimedia imbalanced concept detection using VIMP in
random forests. Proc IEEE Int Conf Inf Reuse Integr. Jul 2016;2016:601-608. [FREE Full text] [doi: 10.1109/IR1.2016.87]
[Medline: 28929141]

Chen Z, XuHM, Li ZX, Zhang Y, Zhou T, You WC, et al. [Random survival forest: applying machine learning algorithm
in survival analysis of biomedical data]. Zhonghua Yu Fang Yi Xue Za Zhi. Jan 06, 2021;55(1):104-109. [doi:
10.3760/cma.j.cn112150-20200911-01197] [Medline: 33455140]

Debray TP, Damen JA, Snell KI, Ensor J, Hooft L, Reitsma JB, et al. A guide to systematic review and meta-analysis of
prediction model performance. BMJ. Jan 05, 2017;356:16460. [FREE Full text] [doi: 10.1136/bmj.i6460] [Medline:
28057641]

Zeyu L, Xiran P, Xuechao H, Tao Z. Devel oping a prediction model for postoperative acute kidney injury in elderly patients
by using machine learning methods. J Clin Anesthesiol. Dec 15, 2023;39(12):1249-1254. [doi: 10.12089/jca.2023.12.003]
rsfmodel 1. shinyapps. URL: https://rsfmodel 1.shinyapps.io/rsf1/ [accessed 2025-05-29]

Zhang N, Zhu XY, Wang GY, Tao XR, Wang N, Kang DM. [Survival status and influencing factors of HIV/AIDS on
highly active anti-retrovial therapy in Shandong province]. ZhonghuaLiu Xing Bing Xue ZaZhi. Jan 10, 2019;40(1):74-78.
[doi: 10.3760/cma.j.issn.0254-6450.2019.01.015] [Medline: 30669735]

Cao G, Wang Y, Wu Y, Jing W, Liu J, Liu M. Prevalence of anemia among people living with HIV: a systematic review
and meta-analysis. EClinicalMedicine. Feb 2022;44:101283. [FREE Full text] [doi: 10.1016/j.eclinm.2022.101283] [Medline:
35128369]

Meng W, Lin P, Zunyou W. Research progress on factors affecting mortality among HIV/AIDS population. Chin JAIDS
STD. Oct 27, 2008;14(2):195-197. [doi: 10.3969/j.issn.1672-5662.2008.02.040]

Rodrigues A, Struchiner CJ, Coelho LE, Veloso VG, Grinsztejn B, Luz PM. Late initiation of antiretroviral therapy:
inequalities by educational level despite universal accessto care and treatment. BMC Public Health. Feb 19, 2021;21(1):389.
[FREE Full text] [doi: 10.1186/s12889-021-10421-8] [Medline: 33607975]

Zhihui L, Min S, Jiangiang W. Research status of glucolipid metabolism in AIDS patients. Adv Clin Med.
2022;12(08):7307-7313. [doi: 10.12677/ACM.2022.1281055]

Shoko C, Chikobvu D. A superiority of viral load over CD4 cell count when predicting mortality in HIV patients on therapy.
BMC Infect Dis. Feb 15, 2019;19(1):169. [FREE Full text] [doi: 10.1186/s12879-019-3781-1] [Medline: 30770728]
ChenH, Hao J,Hu J, Song C, Zhou Y, Li M, et al. Pretreatment HIV drug resistance and the molecular transmission network
among HIV-positive individual s in Chinain 2022: multicenter observational study. IMIR Public Health Surveill. Nov 17,
2023;9:e50894. [FREE Full text] [doi: 10.2196/50894] [Medline: 37976080]

Van Hecke C, Trypsteen W, Malatinkova E, De Spiegelaere W, Vervisch K, Rutsaert S, et al. Early treated HIV-1 positive
individuals demonstrate similar restriction factor expression profile as long-term non-progressors. EBioMedicine. Mar
2019;41:443-454. [FREE Full text] [doi: 10.1016/j.ebiom.2019.02.006] [Medline: 30770230]

Consolidated guidelines on HIV prevention, testing, treatment, service delivery and monitoring: recommendations for a
public health approach. World Health Organization. Jul 16, 2021. URL : https.//www.who.int/publications/i/item/
9789240031593 [accessed 2025-05-19]

Shen M, Xiao Y, Rong L, MeyersLA, Bellan SE. Early antiretroviral therapy and potent second-line drugs could decrease
HIV incidence of drug resistance. Proc Biol Sci. Jun 28, 2017;284(1857):20170525. [FREE Full text] [doi:
10.1098/rsph.2017.0525] [Medline: 28659449]

Mondi A, Cozzi-Lepri A, Tavelli A, Rusconi S, Vichi F, Ceccherini-Silberstein F, et al. Effectiveness of dolutegravir-based
regimens as either first-line or switch antiretroviral therapy: data from the Icona cohort. JInt AIDS Soc. Jan 20,
2019;22(1):e25227. [FREE Full text] [doi: 10.1002/jia2.25227] [Medline: 30663278]

Gandhi RT, Landovitz RJ, Sax PE, Smith DM, Springer SA, Gunthard HF, et al. Antiretroviral drugs for treatment and
prevention of HIV in adults: 2024 recommendations of the international antiviral society-USA panel. JAMA. Feb 18,
2025;333(7):609-628. [doi: 10.1001/jama.2024.24543] [Medline: 39616604]

Shroufi A, Chiller T, Jordan A, Denning DW, Harrison TS, Govender NP, et al. Ending deathsfrom HIV-related cryptococcal
meningitis by 2030. Lancet Infect Dis. Jan 2021;21(1):16-18. [doi: 10.1016/s1473-3099(20)30909-9]

Progress of AIDS prevention and control in 2023. Jiangsu Commission of Health. 2023. URL: https://wjw.jiangsu.gov.cn/
art/2023/11/30/art_7312 11084979.html [accessed 2025-05-19]

Ruohan S, Yantao J, QivjiaK, Yanmin M, XiuxiaM, Jun Y. Analysis of the dose-response rel ationship between CD4+T
lymphocyte counts and mortality in elderly HIV/AIDS patients based on restricted cubic spline model. Chin J Dermatol.
Jan 27, 2025;39(01):81-87. [doi: 10.13735/j.cjdv.1001-7089.202406104]

https://www.jmir.org/2025/1/e71257 JMed Internet Res 2025 | vol. 27 | €71257 | p. 18

(page number not for citation purposes)


https://www.bmj.com/lookup/pmidlookup?view=long&pmid=38191193
http://dx.doi.org/10.1136/bmj-2023-074819
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38191193&dopt=Abstract
http://dx.doi.org/10.1136/bmj.m441
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32188600&dopt=Abstract
http://dx.doi.org/10.1016/s0140-6736(96)03356-9
https://europepmc.org/abstract/MED/28929141
http://dx.doi.org/10.1109/IRI.2016.87
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28929141&dopt=Abstract
http://dx.doi.org/10.3760/cma.j.cn112150-20200911-01197
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33455140&dopt=Abstract
https://core.ac.uk/reader/76978904?utm_source=linkout
http://dx.doi.org/10.1136/bmj.i6460
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28057641&dopt=Abstract
http://dx.doi.org/10.12089/jca.2023.12.003
https://rsfmodel1.shinyapps.io/rsf1/
http://dx.doi.org/10.3760/cma.j.issn.0254-6450.2019.01.015
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30669735&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2589-5370(22)00013-X
http://dx.doi.org/10.1016/j.eclinm.2022.101283
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35128369&dopt=Abstract
http://dx.doi.org/10.3969/j.issn.1672-5662.2008.02.040
https://bmcpublichealth.biomedcentral.com/articles/10.1186/s12889-021-10421-8
http://dx.doi.org/10.1186/s12889-021-10421-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33607975&dopt=Abstract
http://dx.doi.org/10.12677/ACM.2022.1281055
https://bmcinfectdis.biomedcentral.com/articles/10.1186/s12879-019-3781-1
http://dx.doi.org/10.1186/s12879-019-3781-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30770728&dopt=Abstract
https://publichealth.jmir.org/2023//e50894/
http://dx.doi.org/10.2196/50894
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37976080&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2352-3964(19)30078-7
http://dx.doi.org/10.1016/j.ebiom.2019.02.006
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30770230&dopt=Abstract
https://www.who.int/publications/i/item/9789240031593
https://www.who.int/publications/i/item/9789240031593
https://europepmc.org/abstract/MED/28659449
http://dx.doi.org/10.1098/rspb.2017.0525
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28659449&dopt=Abstract
https://air.unimi.it/handle/2434/614747
http://dx.doi.org/10.1002/jia2.25227
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30663278&dopt=Abstract
http://dx.doi.org/10.1001/jama.2024.24543
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39616604&dopt=Abstract
http://dx.doi.org/10.1016/s1473-3099(20)30909-9
https://wjw.jiangsu.gov.cn/art/2023/11/30/art_7312_11084979.html
https://wjw.jiangsu.gov.cn/art/2023/11/30/art_7312_11084979.html
http://dx.doi.org/10.13735/j.cjdv.1001-7089.202406104
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Lietd

42. Moons KG, Wolff RF, Riley RD, Whiting PF, Westwood M, Collins GS, et al. PROBAST: atool to assess risk of bias and
applicability of prediction model studies: explanation and elaboration. Ann Intern Med. Jan 01, 2019;170(1):W1-33. [doi:
10.7326/m18-1377]

43. Megahed FM, Chen Y J, Megahed A, Ong Y, Altman N, Krzywinski M. The class imbalance problem. Nat Methods. Nov
15, 2021;18(11):1270-1272. [doi: 10.1038/s41592-021-01302-4] [Medline: 34654918]

Abbreviations

ART: antiretroviral therapy

AUC: areaunder the curve

BG: blood glucose

Cindex: consistency index

CDC: Centersfor Disease Control and Prevention
CD4: CD4T lymphocyte count

DCA: decision curve analysis

HAART: highly active antiretroviral therapy
iIAUC: integrated area under the curve

iBS: integrated Brier score

NCAIDS/STD: Nationa Center for AIDS/STD Control and Prevention
NRI: net reclassification improvement

ROC: receiver operating characteristic

RSF: random survival forest

tdAUC: time-dependent area under the curve
VIMP: variable importance

WBC: white blood cell

WHO: World Health Organization

Edited by J Sarvestan; submitted 14.01.25; peer-reviewed by R Mpofu, P \Wang; commentsto author 01.04.25; revised version received
21.04.25; accepted 08.05.25; published 02.06.25

Please cite as:

Li X, Li Y, Zhu Z, Tan B, Zhou X, Shi H, Li X, Zhu P, Xu'Y

Development and Spatial External Validation of a Predictive Model of Survival Based on Random Survival Forest Analysis for People
Living With HIV and AIDS After Highly Active Antiretroviral Therapy in China: Retrospective Cohort Study

J Med Internet Res 2025;27:€71257

URL: https://mww.jmir.org/2025/1/€71257

doi: 10.2196/71257

PMID:

©Xiaoshan Li, Yanhui Li, Zhengping Zhu, Bingxin Tan, Xiaoyi Zhou, Hongjie Shi, Xin Li, Ping Zhu, Yuanyuan Xu. Originally
published inthe Journa of Medical Internet Research (https.//www.jmir.org), 02.06.2025. Thisisan open-access article distributed
under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits
unrestricted use, distribution, and reproduction in any medium, provided the original work, first published in the Journa of
Medical Internet Research (ISSN 1438-8871), is properly cited. The complete bibliographic information, a link to the original
publication on https://www.jmir.org/, as well as this copyright and license information must be included.

https://www.jmir.org/2025/1/e71257 JMed Internet Res 2025 | vol. 27 | €71257 | p. 19
(page number not for citation purposes)

RenderX


http://dx.doi.org/10.7326/m18-1377
http://dx.doi.org/10.1038/s41592-021-01302-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34654918&dopt=Abstract
https://www.jmir.org/2025/1/e71257
http://dx.doi.org/10.2196/71257
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

