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Inverse Probability Weighting (IPW) Details
S2.1 Rationale for IPW
Left truncation arises because HIV infection occurs before clinical diagnosis. Although physician-estimated infection dates were available and used to define the biological time origin, individuals entered the observed cohort only after surviving until HIV diagnosis. Consequently, survival analyses were performed within a left-truncated and right-censored framework using delayed entry. If the probability of survival to diagnosis is associated with covariates that also predict outcomes (AIDS progression or death), this creates informative left truncation, which can bias hazard ratio estimates. To further reduce potential selection bias related to inclusion in the analytic cohort, inverse probability weighting (IPW) was applied using baseline demographic and clinical characteristics. The weighted analyses should be interpreted within the same left-truncated framework described in the main manuscript.
S2.2 Step-by-step IPW implementation
Step 1 – Model inclusion probability:
We fitted a logistic regression model to estimate the probability of being included in our analytic cohort:
P(inclusion = 1 | covariates) = logit⁻¹(β₀ + β₁×age + β₂×sex + β₃×transmission + β₄×diagnosis_year)
Where:
· inclusion = 1 for patients in the analytic cohort (CD4 measured within 3 months of diagnosis)
· inclusion = 0 for diagnosed patients who did not meet this criterion
· Age: continuous (years)
· Sex: male/female
· Transmission route: injecting drug use, sexual contact, mother-to-child, unknown
· Diagnosis year: continuous (2001–2022)
Accordingly, the weighted estimates are intended to represent HIV-infected individuals who survived until diagnosis and met the study eligibility criteria for inclusion in the analytic cohort.
Step 2 – Calculate stabilized weights:
For each included patient, we calculated:
Weight = P(inclusion = 1) / P(inclusion = 1 | covariates)
The numerator is the overall marginal probability of inclusion (a constant). Stabilization prevents extreme weights and improves efficiency [Cole & Hernán, 2008].
Step 3 – Apply weights in survival models:
The stabilized weights were incorporated only into the Cox proportional hazards model for death.
No external IPW weights were applied to the Fine-Gray model because the Fine-Gray approach uses its own internal weighting to account for competing risks.
Step 4 – Weight diagnostics:
	Statistic
	Value

	Mean (SD)
	1.02 (0.31)

	Median
	0.98

	Range
	0.67 – 2.84

	1st percentile
	0.69

	99th percentile
	2.71

	Maximum
	2.84


All weights were <4, indicating no extreme values that would unduly influence model estimates [Cole & Hernán, 2008].
S2.3 R code for IPW implementation
r
# Load required libraries
library(survival)
library(cmprsk)

# Dataset: all_diagnosed includes all HIV-diagnosed patients
# inclusion = 1 if CD4 measured within 3 months, 0 otherwise

# Step 1: Logistic regression for probability of inclusion
ps_model <- glm(inclusion ~ age + sex + transmission + diagnosis_year,
                data = all_diagnosed,
                family = binomial)

all_diagnosed$propensity <- predict(ps_model, type = "response")

# Step 2: Calculate stabilized weights
marginal_prob <- mean(all_diagnosed$inclusion)
all_diagnosed$stabilized_weight <- ifelse(
  all_diagnosed$inclusion == 1,
  marginal_prob / all_diagnosed$propensity,
  NA  # weights only needed for included individuals
)

# Step 3: Subset to analytic cohort
analytic_cohort <- subset(all_diagnosed, inclusion == 1)

# Step 4: Weighted Cox model for death
cox_model <- coxph(Surv(time_to_death, death) ~ late_diagnosis + age + sex +
                   transmission + tb_coinfection + diagnosis_period,
                   data = analytic_cohort,
                   weights = stabilized_weight,
                   robust = TRUE)

summary(cox_model)
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