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Abstract

Background. Cross-sectional HIV incidence estimation using recent-infection testing algorithms

(RITAs) underpins counterfactual-controlled pre-exposure prophylaxis (PrEP) efficacy trials. The Kas-

sanjee estimator assumes closed-system observability: that every recently-infected individual within

the recency window is equally present at screening. Populations experiencing structural censoring—

competing-risk hazards from overdose, incarceration, displacement, and related mechanisms—violate

this assumption in a systematic and directional manner.

Methods. We derive the effective mean duration of recent infection under structural censoring,

Ω∗(γ) =
∫ T

0
PR(t)Sc(t) dt, and the joint bias factor on the reported incidence rate ratio (IRR)

incorporating both screening-cohort and intervention-arm observation probabilities. We identify

the standard 90-day no-prior-testing eligibility criterion, common to Phase 3 PrEP trials including

PURPOSE 1 (NCT04994509) and PURPOSE 2 (NCT04925752), as a selection mechanism operating

on the same axis that drives the competing-risk hazard. We apply the framework to 34 high-burden

US metropolitan areas using AIDSVu 2023 surveillance data with late-diagnosis percentage as the

empirical proxy for structural hazard.

Results. Across 34 MSAs, the Kassanjee denominator is inflated by 8.7%–27.3%, with monotone

scaling in late-diagnosis percentage. The joint IRR bias factor BIRR ranges from 0.969 to 0.999,

attenuating reported IRRs by up to 3.1% in the highest-severity cohort. Within the empirical

range, the direction is consistent: reported IRRs understate true IRRs, making interventions appear

artificially superior in populations with elevated structural hazard and correspondingly reduced trial

retention. The bias is bounded within the empirical AIDSVu range and reverts directionally outside

it, providing an operational-envelope characterization of the estimator’s well-posed regime.

Conclusions. The Kassanjee/Gao cross-sectional incidence estimator produces systematically

biased point estimates when applied to populations with elevated structural censoring, and the

bias is structurally guaranteed rather than merely possible when trial-design eligibility criteria

select the Incidence Phase cohort on the testing-engagement axis. Correction requires explicit

modeling of population-specific hazard using surveillance data; the framework presented here is one

such correction, fully reproducible from public data, and generalizes to any RITA-based trial with

analogous eligibility structure.
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1 Introduction

Cross-sectional HIV incidence estimation using recent-infection testing algorithms (RITAs) has

become a foundational tool in modern prevention trials, particularly for establishing a counterfactual

background incidence rate (bHIV) when randomized placebo control is not ethically feasible. The

Kassanjee estimator [1], extended with delta-method variance by Gao and colleagues [2], has been

adopted as the primary analytic framework for counterfactual-controlled pre-exposure prophy-

laxis (PrEP) efficacy trials, including the pivotal PURPOSE 1 (NCT04994509) and PURPOSE 2

(NCT04925752) trials of long-acting injectable lenacapavir [3, 4].

The estimator’s validity rests on a closed-system assumption: that the recency assay’s mean

duration of recent infection (Ω), calibrated on a validation cohort of documented seroconverters,

applies directly to the at-risk population being screened. Specifically, Ω is defined as

Ω =

∫ T

0
PR(t) dt (1)

where PR(t) is the probability that the assay classifies a specimen as “recent” at age-of-infection

t, and T is the recency cutoff (typically 730 days). This definition implicitly assumes that every

individual infected within the window [0, T ] is observable at screening—that is, that the probability

of being alive, non-incarcerated, housed, and presenting for testing is uniformly 1 across the window.

This assumption is not biologically motivated. It is a convenience of calibration.

In populations experiencing structural censoring—competing-risk hazards from overdose mor-

tality, incarceration, displacement, carceral disruption of healthcare, intimate partner violence,

and related mechanisms that disproportionately affect marginalized groups—the closed-system

assumption fails in a specific, directional, and quantifiable way. The failure mode is not random

noise around a correct central estimate; it is systematic deflation of the estimated background

incidence, with deflation magnitude correlated with the very structural vulnerabilities that trial

designs ostensibly aim to serve.

This letter formalizes the structural correction and identifies a specific trial-design feature—the

standard recency eligibility criterion requiring no prior HIV testing within a specified interval—that

structurally guarantees the bias rather than merely permitting it. The 90-day no-testing inclusion

criterion common to Phase 3 PrEP trials selects the bHIV cohort specifically on the axis (testing

engagement) that drives the competing-risk hazard heterogeneity. The calibration-to-deployment

mismatch that results is not an artifact of sampling variability; it is a direct consequence of how the

Incidence Phase is constructed.

We derive the effective MDRI under structural censoring, Ω∗(γ); derive the joint bias factor

on the reported incidence rate ratio incorporating both screening-cohort and intervention-arm

observation probabilities; quantify the amplification introduced by the testing-exclusion selection;

and apply the framework to 34 high-burden US metropolitan areas using publicly available AIDSVu

2023 surveillance data [5], with late-diagnosis percentage as the empirical proxy for testing-avoidance

hazard. The correction can be implemented prospectively in any RITA-based trial SAP without
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access to proprietary data; the framework applies to any cross-sectional incidence estimator with

analogous eligibility structure.

2 The survival-biased effective MDRI

2.1 Effective MDRI under structural censoring

Let γ(t) denote the instantaneous hazard of structural censoring at time t post-infection—the per-

unit-time probability of transition into an unobservable state via death, incarceration, long-distance

displacement, prolonged hospitalization, or any mechanism that removes the individual from the

screening pool. Let Sc(t) = exp
(
−
∫ t
0 γ(u) du

)
denote the corresponding survival function.

The effective mean duration of recent infection, conditional on the population’s structural hazard

profile, is

Ω∗(γ) =

∫ T

0
PR(t)Sc(t) dt (2)

This is the joint probability, integrated over the recency window, that an individual infected at

time 0 (i) tests recent at age t and (ii) remains observable at screening. Since Sc(t) ≤ 1 pointwise

and strictly less than 1 whenever γ > 0 on a set of positive measure, Ω∗(γ) < Ω identically for

any population experiencing structural censoring. This is a distribution-free result: it requires no

parametric form for γ or PR.

Under a piecewise-constant hazard approximation with γ constant over the recency window and an

exponential approximation PR(t) ≈ P0 exp(−t/τ) with τ ≈ Ω for the Sedia LAg-EIA calibration [6]

(we treat γ as independent of age-of-infection within the recency window and assume no differential

hazard between recently-infected and uninfected screening-cohort members; consequences of relaxing

both assumptions are explored in Supplement §S1.2), a closed-form correction obtains:

Ω∗(γ) ≈ Ω

1 + γτ
(3)

For γ on the order of 10−4 per day (general population) through 10−3 per day (structurally

marginalized populations) and τ = 173 days, this yields Ω∗/Ω ratios spanning 0.85 to 0.98—a

deflation range of 2% to 15%.

2.2 Consequence for the Kassanjee point estimate

Substituting Ω∗(γ) into the Gao et al. 2021 cross-sectional incidence estimator,

λ̂0 =
Nrec − βN+

N− (Ω− βT )
(4)

where Nrec is the count of recent-classified specimens, N+ and N− are HIV-positive and HIV-negative

counts respectively, and β is the false-recency rate; when the trial applies the nominal validation-

cohort Ω while the enrolled cohort experiences γ > 0, the expected observed recent-infection count
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E[Nrec] reflects Ω
∗(γ) rather than Ω:

E[λ̂0 | naive Ω] = λtrue ·
Ω∗(γ)

Ω
< λtrue (5)

The reported background incidence is deflated by a factor Ω∗/Ω.

2.3 The intervention-arm counterpart and joint bias factor

Directional attribution of this bias to the reported incidence rate ratio (IRR) requires explicit

accounting on both sides of the ratio. The intervention-arm incidence is also subject to observation-

probability attenuation, through a different mechanism: infections occurring during longitudinal

follow-up are detected only if the participant remains under observation through the next scheduled

HIV test. Let ρint(γ, r) denote the expected fraction of true infections detected in the intervention

arm, given structural hazard γ and retention fraction r:

ρint(γ, r) ≈ 1 + r

2
· exp(−γ · dvisit/2) (6)

where dvisit/2 ≈ 22.5 days is the mean infection-to-detection delay under the active-phase HIV testing

cadence in PURPOSE 1/2 [3, 4], distinct from the Q26W lenacapavir dosing interval. Derivation

under retention-weighted person-time appears in Supplement §S1.3. The corresponding observation

probability for the screening-cohort recent-infection count, integrated over the LAg-EIA window, is

ρscreen(γ) ≈ exp(−γ · τ/2) (7)

Equations 3 and 7 are not the same closed-form approximation evaluated for different purposes.

Equation 3 is the exact integral of Ω∗(γ) under an exponential PR(t) basis; Equation 7 is the

small-γτ approximation under a uniform-window PR(t) basis. Both are projections of the true

LAg-EIA response onto a one-parameter family. They agree to first order in γτ but diverge in

the tails. We retain the uniform-basis form for ρscreen throughout because it is the conventional

comparator for a scheduled-detection arm and because the directional claim of this paper is robust

to the basis choice within the empirical AIDSVu range, with boundary behavior characterized in §4.
The reported IRR relates to the true IRR via

ÎRR = IRRtrue ·
ρint

ρscreen
≡ IRRtrue ·BIRR(γ, r) (8)

The bias factor BIRR is less than 1—the reported IRR understates the true IRR and the intervention

appears artificially superior—whenever ρint < ρscreen. This condition obtains whenever the retention-

weighted person-time loss in the intervention arm exceeds the cross-sectional observation loss in

the screening-cohort recency window. For realistic trial retention (r = 0.75 to 0.94) coupled to

the associated hazard regime, BIRR ranges from approximately 0.97 to 0.999, with the magnitude

scaling with structural severity.
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The bias direction is conditional on the joint (γ, r) structure, not universal across all trial

designs. Under retention schemes in which higher-hazard cohorts also experience lower retention—

the empirically documented pattern in real-world long-acting injectable PrEP deployment—the

direction is systematic: BIRR < 1 monotonically across the structural-severity range.

3 Selection on testing engagement: the 90-day eligibility amplification

3.1 The eligibility criterion

Phase 3 cross-sectional incidence cohorts in contemporary PrEP trials routinely exclude individuals

with prior HIV testing within a specified interval preceding screening. The PURPOSE 1 and

PURPOSE 2 trials, which established lenacapavir efficacy via counterfactual bHIV estimation

under the Kassanjee/Gao framework [3, 4], both specify the Incidence Phase inclusion criterion in

equivalent language: HIV-1 status unknown at screening and no prior HIV-1 testing within the last

3 months (NCT04994509; NCT04925752).

This criterion is inherited from standard RITA protocols. Its conventional justification is assay

calibration integrity: recency-biomarker interpretation may be disrupted by prior testing events that

trigger immune responses or coincide with recent seroconversion uncertainty. The 90-day exclusion

is not in itself controversial on RITA-operational grounds.

The structural consequence of the criterion, however, is that the Incidence Phase cohort is explic-

itly sampled on testing engagement—specifically, the cohort is constructed to exclude individuals

whose testing interval is shorter than 90 days. This selection is not incidental. It is a deliberate

feature of trial design, and it operates precisely on the behavioral axis that correlates most strongly

with the competing-risk hazard γ.

3.2 Realized cohort composition and the lower-bound character of ϕ

The selection amplification factor ϕ ≈ 1.5 used throughout the city-stratified analysis is a theoretical

lower bound derived from the bimodal testing-behavior partition under the 90-day eligibility criterion

alone (Supplement §S6). The realized PURPOSE 2 enrollment composition, as reported in the trial’s

primary publication [4], departed from the design-phase demographic recruitment goals specified for

the US screening cohort. The departure operates in the same direction as the 90-day eligibility-

criterion selection: both shift the realized γenrolled distribution further toward the low-γ tail of the

at-risk population than would be predicted by the design-phase protocol alone. The empirically

realized amplification cannot be precisely quantified without participant-level testing-interval data,

but is directionally larger than the bimodal-partition lower bound. The city-stratified BIRR values

reported in §4 and the directional claims that follow from them are therefore conservative under

realistic assumptions about the realized PURPOSE 2 cohort composition; the true bias magnitudes

in the populations to which the trial’s pooled efficacy is now being transported are larger than the

values reported here.
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3.3 Late-diagnosis percentage and γ as joint structural functions of the barrier sub-

strate

Testing-interval behavior integrates a family of structural determinants: healthcare access, insurance

continuity, housing stability, carceral exposure, distrust of clinical infrastructure driven by racialized

and criminalization-based harms, and geographic proximity to testing sites. These same determinants

drive γ—the hazard of being removed from the observable population by death, incarceration,

displacement, or prolonged disengagement from care. The correlation is not merely statistical; it is

mechanistic. Testing avoidance and structural censoring are two observable manifestations of the

same underlying barrier substrate.

We make this dependence structure explicit. Let U denote the (latent, multidimensional)

configuration of structural barriers operating in a given catchment population at a given time.

Let L denote the late-diagnosis percentage observable in that population, and let γ denote the

structural-removal hazard during the recency window. Both L and γ are structural functions of U

with their own exogenous noise components:

L = fL(U, εL), γ = fγ(U, εγ) (9)

where fL integrates barrier exposures over the multi-year diagnostic-delay window that produces a

late-diagnosis classification, and fγ integrates barrier exposures over the recency-window timescale

that produces structural censoring. The two functions act on overlapping but not identical temporal

projections of U , and their joint distribution is induced by their shared dependence on U rather

than by a measurement relationship between them.

Late-diagnosis percentage is therefore not used here as a proxy for γ in the measurement-error

sense [11]. Both L and γ are joint manifestations of shared structural confounding rather than noisy

realizations of a single latent [12, 13]. Under this framing, L does not stand in for γ; rather, the

two observables are linked through their shared dependence on U , and Equation 9 can be inverted

to express one structural function as a parameterization of the other:

γcity = γbase ·
(

late-dxcity
late-dxnational

)α

(10)

where γbase is anchored to published per-day structural hazards for the target population [7–9] and α

is a convexity parameter encoding the relative tail-sensitivity of fγ versus fL to the underlying barrier

configuration. The validity of Equation 10 is therefore a structural claim about the data-generating

process—specifically, that L and γ are co-driven by U through structural functions whose relative

tail-sensitivity is approximately captured by a power-law parameterization—rather than a statistical

claim about the conditional distribution P (γ | L). The structural-functions framing is the standard

apparatus for joint manifestations of shared latent structure in modern causal inference [14, 15];

we adopt it here as the appropriate methodological framework for recency-assay calibration in

populations whose barrier substrate is heterogeneous across deployment geographies.
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A clean empirical anchor for U is available in US surveillance data. The CDC’s late-HIV-diagnosis

metric—the percentage of newly diagnosed HIV cases with AIDS-defining illness or CD4 < 200

within three months of first positive test—captures the integrated barrier-exposure history of the

at-risk population in a given geography. Individuals classified as late diagnoses have, by definition,

existed as HIV-infected in the community for long enough that CD4 decline or AIDS-defining

illness has occurred, typically five to ten years [7]. They are not rare in high-burden US cities.

The AIDSVu 2023 downloadable dataset [5] reports late-diagnosis percentages ranging from 14.3%

(Milwaukee, low-barrier) to 37.2% (Hartford, high-barrier) across 34 high-burden metropolitan areas.

The empirical grounding is transparent and fully reproducible from public data; sensitivity to the

choice of α and to alternative single-variable and multivariate parameterizations of the barrier

substrate is reported in Supplement §S2 and §S7.

3.4 The selection amplification

The Incidence Phase cohort is not a random sample of the at-risk population. Under the 90-day

exclusion, it is specifically the subset whose testing interval exceeds 90 days. For any positive

correlation between testing-interval behavior and structural hazard,

γenrolled = E[γ | testing interval > Texcl] > E[γ] = γgeneral (11)

Under a bimodal partition with regular-tester fraction π and between-mode hazard ratio κ = γH/γL,

the selection amplification factor admits the closed form

ϕ ≡ E[γ | non-tester]
E[γ]

=
κ

π + (1− π)κ
(12)

(derivation in Supplement §S6). For plausible US PrEP-eligible-population parameters anchored to

NHBS 2023 testing-frequency data [8] (π ∈ [0.4, 0.6], κ ∈ [3, 5]), ϕ ranges from 1.29 to 1.79; we use

ϕ = 1.5 as a conservative central value throughout the city-stratified analysis. The Ω∗ deflation and

resulting BIRR attenuation are therefore larger for the enrolled Incidence Phase cohort than for the

at-risk population from which it was drawn.

3.5 Why this is structural rather than correctable by standard sensitivity analysis

Conventional sensitivity analyses for RITA-based estimators consider variation in the nominal

MDRI, the false recency rate, and the recency cutoff, typically through bootstrap resampling or

assumption-varying scenarios within the delta-method framework [2]. None of these capture Ω∗(γ)

deflation because none of them model the competing-risk survival function. A sensitivity analysis

that varies Ω within ±10% of its nominal value captures calibration measurement error but does

not capture the structural bias introduced by population-level γ.

The 90-day selection effect is further invisible to standard sensitivity analysis because the

selection operates before the estimator is computed. No resampling within the enrolled cohort
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recovers the pre-selection distribution; the counterfactual cohort including regular testers no longer

exists in the data. Correction requires explicit modeling of γenrolled using external information.

4 Application to 34 US metropolitan areas

4.1 Data and parameterization

Late-diagnosis percentages, viral suppression rates, linkage-to-care rates, IDU prevalence, Gini

coefficients, and poverty rates for 34 high-burden US metropolitan areas were obtained from the

AIDSVu 2023 downloadable dataset [5]. The national late-diagnosis reference was taken as 20%.

Per-city competing-risk hazard was parameterized as in Equation 10, with γbase = 5× 10−4 per

day [7–9] and α = 1.2. The 90-day selection amplification factor was set at 1.5. Intervention-arm

retention was modeled as a decreasing function of late-diagnosis severity:

rcity = max(0.93− 0.008 · (late-dxcity − 15), 0.70) (13)

anchored at 0.93 for Milwaukee-tier cohorts (approximating aggregate PURPOSE 1/2 retention)

and declining to 0.75 for Hartford-tier cohorts (consistent with published real-world LAI-PrEP

persistence in marginalized cohorts). The retention function is assumed monotonically decreasing

in late-diagnosis percentage, consistent with the empirically documented joint structure of (γ, r)

across LAI-PrEP deployment cohorts; the directional consequences of relaxing this monotonicity

assumption are reported in Supplement §S2.2.

4.2 Results

Across the 34 MSAs, late-diagnosis percentages ranged from 14.3% to 37.2%. The corresponding

enrolled-cohort hazard range was γ ∈ [5.0, 15.8]× 10−4 per day. Applying Equation 3 yields effective

MDRI estimates from 158.9 days (Milwaukee) to 135.9 days (Hartford).

The Kassanjee denominator inflation Ω/Ω∗ ranges from 1.089 (Milwaukee, +8.9% bHIV deflation)

to 1.273 (Hartford, +27.3%). The joint IRR bias factor BIRR ranges from 0.999 (Milwaukee) to

0.969 (Hartford), corresponding to IRR attenuations of 0.1% to 3.1%. Table 1 reports selected cities;

Figure 1 displays the complete 34-MSA distribution. All values regenerated from the canonical

analytic table; the full 34-city table appears as Table S1 in the Supplement.

4.3 What the distribution shows

Three features of the distribution are worth naming explicitly.

First, the bias is not negligible in the high-severity tail. A 27% denominator inflation is

substantially larger than the calibration uncertainty typically acknowledged for the Sedia LAg-EIA

in Gao-framework sensitivity analyses.

Second, the bias is structured—monotone in late-diagnosis percentage, which is itself monotone

in the structural-testing-avoidance substrate. Cities with the worst late-diagnosis indicators are
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Table 1: Selected cities (n=11 of 34; full table in Supplement). Late-diagnosis percentage from
AIDSVu 2023; enrolled-cohort competing-risk hazard γenr derived from Eq. 10 with α = 1.2 and
1.5× selection amplification; retention from Eq. 13; effective MDRI Ω∗ from Eq. 3; Kassanjee
denominator inflation Ω/Ω∗; joint IRR bias factor from Eq. 8.

City State Late-dx % γenr (10
−4/d) r Ω∗ (d) Ω/Ω∗ BIRR

Milwaukee WI 14.6 5.1 0.933 158.9 1.089 0.999
San Juan PR 16.1 5.8 0.921 157.3 1.100 0.997
Miami-Dade FL 18.2 6.7 0.904 155.0 1.116 0.994
Atlanta GA 19.4 7.2 0.895 153.8 1.125 0.992
Austin TX 20.6 7.8 0.885 152.5 1.134 0.991
Houston TX 22.1 8.5 0.873 150.9 1.146 0.989
Charleston SC 22.8 8.8 0.868 150.2 1.152 0.988
Palm Beach Co. FL 25.9 10.2 0.843 147.0 1.177 0.984
New Haven CT 28.3 11.4 0.824 144.6 1.197 0.981
Columbia SC 28.4 11.4 0.823 144.5 1.198 0.981
Hartford CT 37.2 15.8 0.752 135.9 1.273 0.969

cities with the largest correction. Any claim of efficacy transportability across these cities must

account for heterogeneous bias in the estimator, not merely heterogeneous biology of the populations.

Third, the correction applies even at the low-severity end. Even Milwaukee, the best-performing

city in the dataset, shows an 8.9% denominator inflation. The closed-system assumption fails at

every city; the magnitude simply scales with structural context.

4.4 Boundary behavior and the operational envelope

The bias factor BIRR(γ, r) is bounded and directionally consistent across the empirical AIDSVu

range (γτ ∈ [0.087, 0.273]): BIRR < 1 in all 34 MSAs, with magnitude monotone in late-diagnosis

severity and an upper bound on attenuation of 3.1%. Outside this empirical range the bias reverts

directionally. At late-diagnosis percentages below approximately 14%, retention approaches the

upper bound and the screening-side observation loss exceeds the intervention-side loss, yielding

BIRR > 1. At late-diagnosis percentages above approximately 55%, retention has saturated at

the floor of 0.70 and the screening-side exp(−γτ/2) collapses faster than the intervention-side

exp(−γdvisit/2), again yielding BIRR > 1.

This boundary behavior should be read as an operational-envelope characterization of the

estimator’s well-posed regime, not as a limitation. An estimator without a characterized envelope

is an estimator whose failure modes have not been mapped; characterizing the envelope is the

methods-side analog of establishing an assay’s analytic measurement range, and is a precondition

for responsible deployment. The framework is well-posed for the AIDSVu MSA distribution that

comprises the operationally-relevant deployment populations for US PrEP programs. Extension

to extreme regimes outside this range requires additional modeling of the underlying PR(t) basis-

function shape, which we treat as future work.

9



Figure 1: Kassanjee bias across 34 US high-burden metropolitan areas under AIDSVu-derived
structural hazard. Panel A: Ω∗(γ) deflation as a function of AIDSVu late-diagnosis percentage.
Denominator inflation ranges from 8.9% (Milwaukee) to 27.3% (Hartford). Panel B: Joint reported-
IRR attenuation 100 × (1 − BIRR), reflecting the net bias after accounting for intervention-arm
retention loss and cross-sectional screening-cohort censoring. Both panels display monotone scaling
with late-diagnosis severity, demonstrating the structural nature of the bias rather than stochastic
variation.

4.5 Transportability implications

A trial reporting IRR = 0.04 (96% efficacy) in an aggregate analysis across cohorts with γenrolled

concentrated at the low-severity end of the distribution cannot have that IRR applied without

correction to deployment populations at the high-severity end. The Kassanjee bias factor differs

by approximately 3 percentage points across the full AIDSVu range—small relative to the primary

biological constraints on transportability [10] but, as developed in the next section, non-trivial for

populations at the margin of clinical and regulatory decisions.

5 Implications and prospective correction

5.1 Operational consequences in network-clustered populations

The bias structures derived here act on observed bHIV (via Ω∗ deflation) and on observed efficacy

(via BIRR attenuation) in the same direction in populations with elevated structural hazard:

both attenuate toward apparent superiority. For coverage-planning frameworks calibrated against

observed incidence to derive PrEP-coverage targets, the two biases compound. True incidence in

trajectory-non-stationary populations is systematically larger than the Kassanjee-derived estimate,

and the per-person efficacy used to back-calculate required coverage is systematically larger than

the deployment-population value. The combined error is a coverage target set against an incidence

floor that is too low and an efficacy ceiling that is too high.
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The operational consequence of this compounding is determined by the joint probability of

three empirically-documented convergences that co-locate in the same US subpopulations. The

first convergence is testing engagement failure: trajectory-non-stationary populations exhibit low

HIV testing frequency, with surveillance data indicating fewer than 2% of HIV-negative persons

who inject drugs (PWID) report PrEP use [16] and a recent systematic review documenting near-

complete exclusion of PWID from the PrEP best-practice implementation evidence base [17]. This

is the empirical substrate of elevated γ formalized in the present paper. The second convergence is

network density above critical threshold: the same populations exhibit injection-network connectivity

sufficient to sustain outbreak propagation, driven by stimulant co-injection, housing instability,

and structural displacement [18, 19]. The third convergence is empirical outbreak occurrence:

HIV outbreaks among PWID in the United States during the past decade have been confined

to populations exhibiting both convergences one and two. Scott County, Indiana [20, 21], the

Massachusetts opioid-associated outbreak of 2015–2018 [22], the Kanawha County, West Virginia

outbreak of 2019–2021 [23, 24], and the King County methamphetamine-associated expansion [25]

are not geographically random. They are the populations the CDC’s 220-county vulnerability

assessment specifically identified as carrying both elevated testing-avoidance and elevated network-

density burden [26].

The product structure is what makes the consequence operationally consequential under the

framework’s assumptions. For trajectory-stationary populations with low γ, low network density,

and no documented historical outbreak signal, the joint probability of capsid-resistance emergence

at population scale is bounded near zero regardless of the LEN deployment regime, because at

least one convergence factor is small. For trajectory-non-stationary populations in the AIDSVu

high-severity tail, the joint probability is bounded below by the documented historical outbreak

frequency, multiplied by the fraction of those populations LEN reaches, multiplied by the fraction

reached under rapid-only same-day initiation protocols. None of those factors is small. In stochastic

models of branching transmission with effective reproduction number Reff = R0(1− cϵ), where c is

coverage and ϵ is per-person efficacy, outbreak probability is sharply nonlinear near Reff = 1. The

Kassanjee bias enters this product as the factor influencing whether the deployment-population

coverage target is set high enough to push Reff below criticality: an underestimated bHIV is

consistent with an underestimated coverage requirement, the resulting coverage gap would be

expected to leave Reff above one in the high-γ subpopulation, and the outbreak that the empirical

surveillance literature has already documented in that subpopulation could continue to occur—now

under conditions in which capsid resistance may be selected at breakthrough infections occurring on

a same-day-rapid-initiation protocol that cannot resolve acute HIV [33, 36].

The transportability question is therefore not whether capsid-resistant LEN failure is a population-

level concern in the abstract. It is unlikely to be at the global scale, because the joint probability

of the three convergences is small in most populations. The transportability question is whether

capsid-resistant LEN failure is a population-level concern in the specific US subpopulations where the

three convergences already empirically co-occur and where LEN is now being deployed. Within the
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framework’s assumptions, the bias structures derived here are consistent with that concern in those

populations. The surveillance literature documents that the outbreak substrate already exists in

those populations [18, 19, 26], and the documented historical pattern of PWID HIV outbreaks during

the past decade has been confined to populations exhibiting the structural conditions the framework

characterizes as high-bias—a consistency between framework prediction and empirical surveillance

pattern that we treat as the form of external validation the framework admits in the absence

of independent incidence measurement. The resistance pharmacology literature documents that

breakthrough infection on functional monotherapy can select N74D within weeks of exposure [33, 34].

Current CDC PEP guidance acknowledges the compressed parenteral prevention window that drives

the testing-resolution gap [27], and a recent systematic review of PrEP best practices documents

the near-complete exclusion of PWID from the implementation evidence base on which clinical

guidelines are built [17]. What appears in the cross-sectional incidence literature as nuanced

statistical correction in trajectory-stationary trial cohorts has, for the clinician initiating a long-

acting injectable in a patient in Charleston or Kanawha or Boston next month, the practical

character of an operational hinge between containment and uncontrolled transmission of a resistance-

bearing variant in a network the estimator was never calibrated to measure. The Kassanjee bias is

not a methods-paper abstraction; under the framework’s assumptions it is a clinically actionable

indicator of which patients warrant additional bridging coverage of the acute-detection window

before initiation under the current rapid-only protocol.

5.2 The 22.5-day window: detection-lag is biological, not operational

The intervention-arm detection-lag parameter dvisit/2 = 22.5 days, introduced in Eq. 6 as the mean

infection-to-detection delay under active-phase trial testing cadence, is not solely a feature of trial

design. It corresponds to the upper boundary of the HIV-1 acute-infection eclipse-to-Fiebig-II window,

during which an individual may be productively infected and viremic but remain undetectable on

standard rapid fourth-generation antigen/antibody testing [28]. The p24 antigen component of rapid

4G assays has shown sensitivity of 0% for Fiebig stage I/II infection in field-accuracy systematic

review [29]; emergency-department surveillance against laboratory 4G algorithms identifies acute

infections as missed by point-of-care rapid testing at non-trivial rates [30, 31]. Only HIV-1 RNA

NAT achieves reliable Fiebig I/II sensitivity [32]. The 22.5-day parameter therefore tracks the

biological boundary at which the observation process becomes adequate to the underlying signal,

not an arbitrary trial-operations choice.

This boundary is operationally consequential for current implementation guidance on long-acting

injectable PrEP. The PURPOSE 1 and PURPOSE 2 trials initiated lenacapavir under a triple

algorithm of rapid 4G Ag/Ab, laboratory 4G Ag/Ab, and quantitative HIV-1 RNA testing [3, 4].

The 2025 WHO implementation guidance [36] and the PrEP4U pragmatic trial (NCT07335289) [37]

substitute rapid 4G testing alone, with confirmatory laboratory testing returning post-injection.

PrEP4U’s pre-specified secondary outcome explicitly measures the proportion of individuals in whom

rapid and laboratory Ag/Ab test results are consistent, and a pre-specified other outcome measures
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lenacapavir resistance in seroconverters [37]. These specifications quantitatively acknowledge that

the rapid-only protocol is expected to generate test-discordant initiations and resistance events at

non-trivial rates.

The PURPOSE 2 trial reported two HIV acquisitions in the lenacapavir arm; both seroconverters

developed the N74D capsid resistance mutation [4, 36], consistent with N74D selection observed

within three weeks of lenacapavir exposure under monotherapy conditions [33]. Capsid resistance-

associated mutations including M66I, N74D, Q67H, and K70H confer 6-fold to greater than 1000-fold

reductions in lenacapavir susceptibility [34, 35]; some carry substantial replication-fitness costs, but

the M66I and Q67H/N74D variants retain sufficient fitness for clinical relevance [34]. The bias

structure derived in this paper implies that the populations most likely to harbor undetected acute

infection at LEN initiation are precisely the populations with elevated γ, in whom Ω∗ deflation is

largest. These are the same populations toward whom same-day initiation is operationally targeted

as an equity intervention [27]. The convergence is structural: the populations for whom rapid-only

same-day initiation is most consequential as a barrier-removal strategy are the populations in

whom the testing-protocol’s resolution gap is most likely to admit acute infection at injection, the

populations in whom subsequent emergent capsid resistance will be most concentrated, and the

populations for whom loss of LEN as a future therapeutic option carries the heaviest opportunity

cost.

Bridging strategies that cover the 22.5-day window with short-acting oral antiretrovirals during

the rapid-to-confirmed testing transition are not, in this framework, a clinical convenience or

a precautionary measure. They are a structural requirement for the operational regime that

makes rapid-only initiation defensible, and the populations in whom bridging matters most are the

populations for whom omitting it generates the highest expected resistance burden. The parallel to

the Prevention Theorem formalization for HIV-1 PEP [10] is exact: both papers describe a hard

biological deadline (proviral integration; rapid-test seroconversion) that current implementation

guidance treats as negotiable, and both demonstrate that the cost of treating it as negotiable falls

disproportionately on populations whose structural conditions make timely engagement with the

standard testing protocol least achievable.

5.3 For completed trials

Published IRR estimates should be read as conditional on the enrolled cohort’s structural hazard

profile, with the understanding that transportability to deployment populations requires explicit

consideration of whether the deployment population’s hazard profile differs from the enrolled

cohort’s. For populations at the high-severity end of the AIDSVu distribution, the correction factor

is non-negligible and should be reported alongside the uncorrected estimate.

5.4 For prospective trial design

Three recommendations follow for cross-sectional incidence cohorts in future prevention trials:
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(i) The Statistical Analysis Plan should specify the structural hazard profile of the enrolled Inci-

dence Phase cohort using population-level surveillance indicators available at screening—minimally,

late-diagnosis percentage for the catchment population.

(ii) The primary analysis should report both the standard Kassanjee/Gao estimate and a

Ω∗(γ)-corrected estimate, with γ estimated from the catchment population’s surveillance profile.

The correction does not require modifying the estimator itself; it is a post-hoc adjustment to the

nominal MDRI. Variance propagation follows from the Gao 2021 delta-method formulation with

an additional variance component σ2
γ entering additively under standard regularity conditions; the

explicit propagation derivation appears in the Supplement.

(iii) Where eligibility criteria include a testing-interval exclusion, the SAP should explicitly

acknowledge the selection mechanism and report the cohort’s enrolled hazard under an assumed or

empirically estimated amplification factor relative to the catchment population.

5.5 For regulatory interpretation

Regulatory agencies evaluating efficacy claims from counterfactual-controlled prevention trials

should consider requesting, as part of standard review, explicit documentation of the enrolled

cohort’s structural hazard profile and its relationship to the deployment population envisioned in

the proposed label. Where these profiles differ substantially, the efficacy claim should be annotated

with the appropriate Kassanjee correction factor.

5.6 Limitations

Four limitations warrant acknowledgment.

First, the closed-form correction in Equation 3 assumes an exponential basis for PR(t) and

the screening-side observation factor in Equation 7 assumes a uniform-window basis. These are

projections of the true LAg-EIA response curve onto distinct one-parameter families. They agree to

first order in γτ within the empirical AIDSVu range; outside this range the directional behavior

of BIRR depends on basis choice (Supplement, §S2). Exact correction under the published Sedia

calibration with a non-monotone PR(t) shape is an extension that would refine but is unlikely to

overturn the empirical-range conclusions.

Second, the parameterization of γcity from late-diagnosis percentage is a one-variable approxima-

tion; richer parameterizations incorporating viral suppression, linkage-to-care, and IDU prevalence

as independent components are straightforward extensions and are explored in the Supplement.

Third, the assumption that γ acts identically on recently-infected and uninfected individuals

within the screening window is a first-order approximation. Differential hazard between these

subpopulations would modify but not eliminate Ω∗ deflation.

Fourth, the 1.5× selection amplification factor is derived from plausible bimodal testing-behavior

models rather than direct empirical measurement; direct estimation using participant-level testing-

interval data from completed trials would refine this factor.
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None of these limitations reverses the directional claim within the empirical range. The correction

is conservative in all four dimensions.

5.7 Conclusion

The Kassanjee cross-sectional incidence estimator is a powerful and broadly adopted tool in

contemporary prevention-trial epidemiology. Its validity depends on a closed-system assumption

that is systematically violated in populations experiencing structural censoring, and the violation is

compounded by trial-design selection mechanisms that recruit the Incidence Phase cohort specifically

on the testing-engagement axis that drives the underlying hazard. The bias is quantifiable, corrigible,

and can be addressed prospectively in trial design without modifying the estimator itself.

The correction matters most for the populations who can least afford to have their prevention

needs misestimated—those whose structural context produces both elevated risk and elevated

measurement bias. Responsible use of RITA-based incidence estimation in these populations requires

explicit acknowledgment of the calibration-to-deployment mismatch and transparent reporting

of corrected estimates alongside the conventional ones. The conventional practice—applying a

validation-cohort Ω without correction—is no longer defensible for populations with substantially

elevated structural hazard relative to the calibration set.
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