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Objectives: HIV-induced immunodeficiency contributes to an increased risk of non-
AIDS-defining cancers (NADC). This study aims to identify themost predictive viral load
(VL) or CD4þ measures of NADC risk among people with HIV (PWH).

Design: Extracted from South Carolina electronic HIV reporting system, we studied
adult PWH who were cancer-free at baseline and had at least 6months of follow-up
since HIV diagnosis between January 2005 and December 2020.

Methods: Using multiple proportional hazards models, risk of NADC was investigated
in relation to 12 measures of VL and CD4þ cell count at three different time intervals
before NADC diagnosis. The best VL/CD4þ predictor(s) and final model were deter-
mined using Akaike’s information criterion.

Results: Among 10 413 eligible PWH, 449 (4.31%) developed at least one type of
NADC. After adjusting for potential confounders, the best predictors of NADC were the
proportion of days with viral suppression (hazard ratio [HR]: 0.47 (>25% and�50% vs.
0), 95% confidence interval [CI]: [0.28, 0.79]) and proportion of days with low CD4þ

cell count (AIC¼7201.35) (HR: 12.28 (>75% vs.¼0), 95% CI: [9.29, 16.23]).

Conclusions: VL and CD4þ measures are strongly associated with risk of NADC. In
analyses examining three time windows, proportion of days with low CD4þ cell count
was the best CD4þ predictor for each time window. However, the best VL predictor
varied across time windows. Thus, using the best combination of VL and CD4þ

measures for a specific time window should be considered when predicting NADC risk.
Copyright © 2023 Wolters Kluwer Health, Inc. All rights reserved.
AIDS 2023, 37:1949–1957
Keywords: CD4þ cell count, HIV/AIDS, non-AIDS-defining cancers, South
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Introduction

AIDS-related morbidity and mortality in people with
HIV (PWH) have sharply declined since the introduc-
tion of antiretroviral therapy (ART) in 1996 [1–4]. By
2017, in the United States more than one-half of PWH
in the United States (US) are 50 years of age or older [5].
The predicted proportion of older PWH (�50) will
increase from 28% in 2010 to 73% by 2030 [6]. With the
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improvement of life expectancy, non-AIDS-defining
cancers (NADCs) have become increasingly common
among PWH [7–9], and the overall relative risk for
all NADC among PWH is �2-fold higher than in the
general population. Shiels and colleagues predicted
that the total proportion of NADC burden (NADC
out of total cancer cases) in PWH will increase from
66.5% (NADC out of total cancer) cases in 2010 to
89.4% in 2030 [10], underscoring the importance of
atState Center for Healthcare Quality, cDepartment of Health
ine, School of Medicine, and eDepartment of Health Services
sity of South Carolina, Columbia, South Carolina, USA.

t, Columbia, SC 29208, USA.

June 2023.

uwer Health, Inc. All rights reserved. 1949
 Health, Inc. All rights reserved.

mailto:yunqing@email.sc.edu
http://dx.doi.org/10.1097/QAD.0000000000003637


1950 AIDS 2023, Vol 37 No 13

D
ow

nloaded from
 http://journals.lw

w
.com

/aidsonline by lbM
E

G
LfG

h5G
U

b5F
W

Z
kB

LaB
a4M

gfZ
5lG

R
uzV

pam
C

uD
Z

s4Y
5

bsV
Z

vW
I2T

w
D

Y
1nD

iS
daX

U
a4N

3O
1U

qh7X
A

/X
hH

V
e18G

osQ
d/K

R
M

P
+

979IjzB
cR

xtD
980aP

fK
uA

K
j5H

A
Jzw

7w
eJR

/s7X
Lkc=

 on 09
/27/2023
NADC among PWH as a clinical and population health
concern [11].

PWH are clearly at increased risk for NADC, and further
research is warranted to more precisely pinpoint the
relative contribution of long-term exposure to antiretro-
viral agents and HIV infection, which is characterized
by immunosuppression and chronic immune activation
[12–15]. Immune dysregulation is considered an impor-
tant contributor to carcinogenesis [16]. According to a
study on US veterans [17], HIV viral suppression was
associated with reduced NADC. HIV treatment response
is well defined in clinical practice using both viral load
(VL) and CD4þ cell count [18]. VL, measured in various
ways including peak VL [19], recent VL [20], and
cumulative VL [21,22], had been found related to cancer
in different ways. Higher viral loads [23] and decreased
duration of viral suppression [24] have been observed to
be associated with increased cancer risk overall; and
cumulative and early viral suppression [25] were also
reported to be associated with low risk of specific cancers
[14,22,26]. In early studies, lower CD4þ cell count at the
time of cancer diagnosis was not predictive of NADC
[27,28]. In more recent studies, however, some time-
updated CD4þ cell count measures were independently
associated with NADC risk with recent CD4þ cell count
being the most common CD4þ cell count predictor for
some specific NADCs [14,22,29]. Lower nadir CD4þ

cell count [20,30–32], cumulative exposure to low
CD4þ cell count (<200 cells/ml), and recent CD4þ cell
count [33] were found to be associated with an increased
NADC risk. In addition, smoking, unhealthy alcohol use,
opioid use, and depression are common among PWH and
individually contribute to increased risk for non-AIDS-
related comorbidities [34].

Many studies have already examined the influence of VL
and CD4þ cell count on NADC risk, but several key
questions remain unanswered. When investigating the
relationship of CD4þ cell count and VL with NADC
risk, cross-sectional studies are unable to capture the
longitudinal measure of CD4þ/VL comprehensively (e.g.
cumulative measures over a time course). Only few
studies have examined recent and cumulative VL in
relation to overall NADC risk independent of CD4þ cell
count [14,20]. Some previous studies have analyzed the
relationship using both VL and CD4þ measures but only
at baseline [30]; there is absence of recent evidence. How
different combination could impact the NADC risk
prediction is unclear. A low CD4þ cell count from a later
time course was associated with an increased risk of
NADC mortality [7]. However, little is known about the
potential clinical value of using VL or CD4þ cell count-
related measures over a short period of time ahead of the
NADC diagnosis.

NADC encompasses various cancers with their own
characteristics [35], including those linked to HIV-related
Copyright © 2023 Wolters Kluwer H
immunodeficiency, e.g. Hodgkin lymphoma, noncervi-
cal HPV-related cancers, and conjunctival cancers [36].
Some cancers are more prevalent due to aging rather than
HIV and immunodeficiency. Certain cancers offer
potential for early detection through targeted screening
or early diagnosis methods, while others do not [37,38].
Grouping NADC in a detailed and specific manner is
beneficial. Classification can be based on virus-caused
cancers such as HPV and HBV [39].

Understanding the relationship between CD4þ, VL, and
NADC is crucial for early detection of NADC risk and
improving outcomes for PWH. This study, using 15 years
of South Carolina statewide electronic health record
(EHR) data, aims to identify key predictors of NADC
risk based on CD4þ cell count and VL measurements. By
assessing various measures among PWH in South
Carolina (such as baseline and cumulative VL and
CD4þ cell count, and duration of low CD4þ or viral
suppression), the study contributes evidence towards
developing a clinical prediction model using CD4þ and/
or VL measures as predictors of NADC risk.
Methods

Study cohort
The population-based cohort was extracted through the
integrated system of statewide electronic health record
(EHR) data in SC. Beginning in 1986, SC Department of
Health and Environmental Control’s (SC DHEC)
enhanced HIV/AIDS reporting system (eHARS) has
collected a statewide confidential name-based reporting of
HIV/AIDS, with CD4þ cell count and viral load tests
becoming required by theCDCsince January 1, 2004 [40].
The de-identified EHR data from SC DHEC’s eHARS
and all payers’ claim data were linked by SC Revenue and
Fiscal Affairs Office (SC RFA). Details of data sources and
data linkage are described elsewhere [41,42].

For this study, we included all adult PWH (age � 18 at
HIV diagnosis) who (1) were cancer-free at the beginning
of follow-up, (2) had at least 6 months follow-up since
HIV diagnosis, (3) hadHIV diagnosed in SC from January
1, 2005 to December 31, 2020, and (4) with at least two
VL and CD4þ test records after HIV diagnosis but before
NADC diagnosis or end of study, whichever occurred
first. In total, there were 10 413 PWH who met the
inclusion criteria.

Measures
Outcome
NADC was defined as cancers that do not belong to
ADCs (i.e. non-Hodgkin lymphoma, Burkitt lymphoma,
invasive cervical cancer, and Kaposi sarcoma) [43].
We identified 30 NADCs [44] using International
Classification of Diseases, 9th and 10th revision
ealth, Inc. All rights reserved.
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(ICD-9/10) Diagnostic Codes [45] (Table 1, Supple-
mental Digital Content, http://links.lww.com/QAD/
C914). The entire follow-up time window of patients
started from their initial HIV diagnosis date until the
NADC diagnosis, death, or the end of study (December
31, 2020), whichever occurred first. Time to NADC was
defined as number of days from initial HIV diagnosis to
the first NADC diagnosis. Censoring also occurred due
to death or the end of follow-up.

The categorized of NADCs comprises a heterogeneous
group of malignancies. To attempt to achieve more
refined resolution of the overall results, we also carried
out separate analyses for virus-related NADCs (Table 8,
Supplemental Digital Content, http://links.lww.com/
QAD/C914) and for lung cancer (Table 9, Supplemental
Digital Content, http://links.lww.com/QAD/C914).
Virus-related NADCs were defined according to IARC
Monograph 100b (Table 7, Supplemental Digital
Content, http://links.lww.com/QAD/C914) [39].

CD4R and viral load measures
The historical CD4þ and VL measures were defined
within specific clinically relevant time windows before
NADC diagnosis. We defined six measures for VL
(i.e. baseline, recent, mean, and cumulative VL, propor-
tion of days with viral suppression, and max VL) and six
measures for CD4þ cell count (i.e. baseline, recent, mean,
and cumulative CD4þ cell count, proportion of days with
low CD4þ, and nadir CD4þ cell count). Specifically, we
focused on the historical CD4þ and VL measures falling
into three time windows: (1) entire time interval from
HIV diagnosis to patient endpoint (NADC diagnosis,
death, or end of study), (2) 6months (180 days) before
NADC diagnosis, and (3) 18months (540 days) before
NADC diagnosis.

During the specific time window, cumulative measures
were defined as a weighted average calculated using the
average of product of time and the value ofmeasure. All VL
measures were then categorized into four groups:
<500 copies/ml, 500–10 000 copies/ml, 10 000–100
000 copies/ml, and �100 000 copies/ml; all CD4þ

measures were categorized into four groups: <200 cells/
ml, 200 to 350 cells/ml, 350–500 cells/ml, and� 500 cells/
ml. We also constructed the proportion of days with low
CD4þ or viral suppression over the total follow-up days,
which was categorized as 0, >0 and �25%, >25% and
�50%, >50% and �75%, and >75% and �100%.

Other predictors
Other potential predictors included gender, age at HIV
diagnosis, race, transmission mode for HIV, and residence
area (urban vs. rural). In terms of substance use, we
included alcohol use, tobacco use, and illicit drug
abuse. Preexisting conditions, that is, hypothyroidism,
hypertension, arthritis, chronic obstructive pulmonary
disease (COPD), cardiovascular disease, renal disease,
Copyright © 2023 Wolters Kluwer
diabetes mellitus, obesity, cerebrovascular disease, dysli-
pidemia, hepatitis C, and hepatitis B were identified via
ICD-9/10 code and included in the analysis.

Statistical analysis
Distributions of demographic characteristics and different
VL and CD4þ measures between PWHwith and without
NADC(and the virus-relatedNADCsubgroup alongwith
lung cancer subgroup) were summarized and examined
using analysis of variance (ANOVA). The associations
betweendifferentmeasures ofVLandCD4þ cell count and
NADC(and the virus-relatedNADCsubgroup alongwith
lung cancer subgroup) were examined using the propor-
tional hazards (PH) model. The PH assumptions were
validated through the Schoenfeld residuals [46]. TheWald
test was used to calculate P-values for the association of
each measure with NADC risk. One-sided log-rank test
was used to calculate P-values for trend for each of the
comparisons that showed evidence of a dose-response
trend. In each model, all other potential predictors
mentioned above were adjusted.

We consider each of the three time windows separately. In
each timewindowdefined above,we applied the following
steps to choose the best combinations of CD4þ/VL
predictors for NADC. First, each of six VL or six CD4þ

measures was modeled with NADC with PH model
separately adjusting all potential confounders. Second, the
significant measures of VL/CD4þ cell count were selected
and modeled via the PH model to determine the
most significant measure. Then, we determine the best
VL/CD4þ measure based on Akaike’s information
criterion (AIC). A smaller AIC indicates a better model;
a difference in AIC of >10 between two models is
consideredmeaningful [47]. Last, we combine the selected
best VL and CD4þ measure and modeled in a final PH
model adjusting all potential confounders. We used R
version 4.1.2 (R Foundation for Statistical Computing,
Vienna, Austria) for analyses. A two-sided P-value of 0.05
was employed to determine statistical significance.
Results

In this cohort of PWH, the majority were male (75.7%),
Black American (69.5%), from urban areas (83.2%),
and were men who have sex with men (MSM, 51.4%)
(Table 1). The age at HIV diagnosis was between 18 and
30 years for 41.2% of the cohort. There were 449 (4.31%)
individuals diagnosed with at least one type of NADC.
There were 559 specific NADC diagnoses. The most
common NADC diagnosis were lung and bronchus
cancer (17.0%), Hodgkin lymphoma (8.1%), and breast
cancer (7.3%) (Table 1, Supplemental Digital Content,
http://links.lww.com/QAD/C914). PWH with NADC
were older than those without NADC (40.1 vs. 34.9%,
age> 50). PWHwith NADCwere less likely to beMSM
(34.1 vs. 52.2%) compared with those without NADC.
 Health, Inc. All rights reserved.
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http://links.lww.com/QAD/C914
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Table 1. Social demographics and proportion of days with viral suppression/low CD4R cell count for the entire time window among eligible
PWH in South Carolina.

Total NADC

Items N (%) Yes No P valueM

N (%) 10 413 (100) 449 (4.3) 9964 (95.6)
Sex 0.110
Male 7886 (75.7) 326 (72.6) 7560 (75.9)
Female 2527 (24.3) 123 (27.4) 2404 (24.1)

Age <0.001
18–30 4287 (41.2) 53 (11.8) 4234 (42.5)
30–40 2314 (22.2) 62 (13.8) 2252 (22.6)
40–50 2107 (20.2) 150 (33.4) 1957 (19.6)
50–60 1254 (12.0) 129 (28.3) 1125 (11.3)
60þ 451 (4.3) 55 (12.2) 396 (4.0)

Race 0.003
White 2336 (22.4) 106 (23.6) 2230 (22.4)
Black 7234 (69.5) 327 (72.8) 6907 (69.3)
Hispanic 559 (5.4) 8 (1.8) 551 (5.5)
Others 284 (2.7) 8 (1.8) 276 (2.8)

Transmission mode <0.001
Heterosexual 1983 (19.0) 132 (29.4) 1851 (18.6)
MSM 5350 (51.4) 153 (34.1) 5197 (52.2)
Injecting drug use/MSM 549 (5.3) 25 (5.6) 524 (5.3)
Others 2531 (24.3) 139 (31.0) 2392 (24.0)

Residence area 0.012
Rural 1753 (16.8) 95 (21.2) 1658 (16.6)
Urban 8660 (83.2) 354 (78.8) 8306 (83.4)

Proportion of days with viral suppression <0.001
0 608 (5.8) 29 (6.5) 579 (5.8)
0–25% 733 (7.0) 25 (5.6) 708 (7.1)
25%–50% 1301 (12.5) 29 (6.5) 1272 (12.8)
50%–75% 2117 (20.3) 45 (10.0) 2072 (20.8)
>75% 5654 (54.3) 321 (71.5) 5333 (53.5)

Proportion of days with low CD4þ cell count <0.001
0 5973 (57.4) 140 (31.2) 5833 (58.6)
0–25% 2345 (22.5) 111 (24.7) 2234 (22.4)
25%–50% 887 (8.5) 49 (10.9) 838 (8.4)
50%–75% 577 (5.5) 39 (8.7) 538 (5.4)
>75% 629 (6.0) 110 (24.5) 519 (5.2)

MP values were calculated using ANOVA test (Pearson’s chi-squared test).
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PWH with and without NADC had similar patterns of
each VL measure (Fig. 1). However, a higher proportion
of individuals with max VL over 100 000 copies/ml was
generally observed in PWH with NADC (e.g. maximum
>100 000 copies/ml: 51.7 vs. 42.0%). The proportion of
days with viral suppression (50–75%) for PWH with
NADC (10.0%) was lower than those without NADC
(20.8%). The patterns of CD4þ measures for PWH with
and without NADC had a slightly larger variation than
VL measures (Fig. 2). For example, mean value of CD4þ

cell count was mostly between 200 and 350 cells/ml
among PWHwithout NADC (51.9%), but<200 cells/ml
for PWH with NADC (65.7%). The descriptive analysis
results for 180 days’ and 540 days’ time windows were
similar (Table 2, Supplemental Digital Content, http://
links.lww.com/QAD/C914, Table 3, Supplemental
Digital Content, http://links.lww.com/QAD/C914).

In the entire population, after adjusting for potential
confounders, all 6 separate models for VLmeasures and all
six models for separate CD4þ measures showed signifi-
cant associations with risk for any NADC (Table 2). All
Copyright © 2023 Wolters Kluwer H
predictors except for cumulative VL (P-value¼ 0.052)
showed the significance of a dose–response trend.
Proportion of days with viral suppression was the best
VL measure among significant VL measures
(AIC¼ 7378.94), and proportion of days with low
CD4þ cell count was the best CD4þ cell count measure
(AIC¼ 7201.35, Table 2). Thus, our final prediction
model consisted of two predictors, proportion of days
with viral suppression (>25 and �50% vs. 0; HR: 0.47,
95% CI: [0.28, 0.79]) and proportion of days with low
CD4þ cell count (>75% vs. 0; HR: 12.28, 95%CI: [9.29,
16.23]), adjusted for all potential confounders (Table 4,
Supplemental Digital Content, http://links.lww.com/
QAD/C914), which resulted in an AIC of 7209.34.

In the time window of 18months prior to NADC
diagnosis, the final model included baseline VL (>100 000
vs. �500; HR: 3.30, 95% CI: [2.42, 4.49], Table 3) and
proportion of dayswith lowCD4þ cell count (>75% vs. 0;
HR: 4.78, 95% CI: [3.49, 6.55]) with AIC¼ 6153.83. In
the time window of 6months prior to NADC diagnosis,
the final model included cumulative VL (>10 000 and
ealth, Inc. All rights reserved.
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http://links.lww.com/QAD/C914
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Fig. 1. Percentage of PWH in different categories among five VL predictors for the entire time window. PWH, people with HIV;
VL, vial load.
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�100 000 vs.�500;HR: 3.31, 95%CI: [2.37, 4.63], Table
3) and proportion of days with low CD4þ cell count
(>75% vs 0; HR: 5.30, 95% CI: [3.77, 7.43]) with
AIC¼ 5071.07.

For the virus-related subgroup analysis, cumulative VL
(>100 000 vs. �500; HR: 2.41, 95% CI: [1.21, 4.79],
Table 8, Supplemental Digital Content, http://links.lww.
com/QAD/C914) and proportion of days with low
CD4þ cell count (>75% vs. 0; HR: 22.74, 95% CI:
[13.42, 38.51]) were included in the final model. For the
lung cancer subgroup analysis, cumulative VL (>100 000
vs. �500; HR: 2.26, 95% CI: [1.11, 4.58], Table 9,
Supplemental Digital Content, http://links.lww.com/
QAD/C914) with and proportion of days with low
CD4þ cell count (>75% vs. 0; HR: 11.68, 95%CI: [6.53,
20.88]) were included in the final model.
Discussion

Based on population-based data from PWH in SC, we
identified the proportion of days with viral suppression
and low CD4þ cell count as the top predictors for NADC
risk. Ongoing viral replication and sustained low CD4þ
Copyright © 2023 Wolters Kluwer
levels emerged as the most significant factors compared to
other VL and CD4þ measures.

In the analyses of either 6-month or 18-month time
windows, proportion of days with low CD4þ cell count
was persistently the best CD4þ cell count predictor in both
models, implying more attention ought to be paid to the
optimal immune recovery to protect against NADC
development. This result reinforces prior findings from
several studies [14,26]. Although the best VL predictor
varied between 6-month (cumulative VL is the best) and
18-month (baseline VL is the best) timewindow, the slight
difference ofAICswhen comparing the baselineVLmodel
and cumulative VL model in either 6-month (i.e. 5151.65
vs. 5159.20) or 18-month (i.e. 6245.32 vs. 6246.00) time
windows demonstrating the nearly equal importance of
these two measures in predicting NADC risk. Similar
results were observed in virus-related and lung cancer
subgroups, indicating that even though NADCs are made
up of malignancies with important differences in their
etiologic pathways and clinical course, cumulative VL and
proportion of days with low CD4þ cell count retained
consistent predictive ability in these two key subgroups.

The second key finding was that combining the best VL
and CD4þ cell count measures outperformed using VL or
 Health, Inc. All rights reserved.
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http://links.lww.com/QAD/C914
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Fig. 2. Percentage of PWH in different categories among five CD4R predictors for the entire time window. PWH, people with
HIV.
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CD4þ cell count alone for predicting NADC risk.
Through a comprehensive assessment, the combination
of VL and CD4þ cell count (i.e. proportion of days with
viral suppression/low CD4þ) emerged as the best
predictors among significant variables, surpassing the
predictive ability of VL or CD4þ measures alone. This
supports previous observations that long-term VL status
and sustained CD4þ cell count are both important factors
in predicting NADC risk [14,25,26].

The innovative approach involved evaluating prediction
models in different time windows relative to NADC
diagnosis. Findings indicated that the best measure of
CD4þ remained consistent across all three time windows.
Although the best measure of VL varied, the minimal
changes of AICs in the separate models of baseline VL and
cumulative VL highlighting the importance of both
timely HIV diagnosis and ART initiation to avoid the
rapid viral replication after HIV diagnosis and maintain an
optimal viral suppression over time to reduce the risk
of NADC.

Strengths of our study included its large size, coverage of
almost two decades, validated HIV diagnosis, longitudinal
assessment of multiple VL and CD4þ measures, and
population-based study. The innovative approach of
Copyright © 2023 Wolters Kluwer H
investigating time windows based on time to NADC
diagnosis merits further evaluation as it could be superior
to examining these measures during the entire time
courses, which varies by individual.

Our study’s limitations included unavailability of infor-
mation on antiretroviral therapy (ART), although we
assume that those with suppressed VL were taking ART.
Other limitations included possible selection bias result-
ing from exclusion criteria, and potentially missing
variable, such as smoking status, due to incomplete data.
Additionally, our data only pertained to SC, leading to
incomplete information for individuals who migrated in
and out of the state. The small number of total NADC
cases in the cohort prevented analyses of each specific type
of cancer, but subgroup analyses that were possible
indicated the overall findings were consistent for viral
associated NADCs and for lung cancer. Even so, there
were limitations to grouping the virus-related cancers due
to lack of specificity in defining specific malignancies
using large claims databases. It is important to consider
that clinical cancer is the terminal result of a complex
series of steps occurring during a preclinical ‘latent
period’ and full consideration of the impact of VL and
CD4þ in relation to the time course of carcinogenesis
warrants further investigation.
ealth, Inc. All rights reserved.
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Table 2. Results for predictors selection with best VL/CD4R cell count predictors of the entire time window.

VL predictors
HR

(95% CI)a,b,c
AICc,d

(trend test P-valuesf)
CD4þ

predictors HR (95% CI)a,b,c
AICc,d (trend test

P-valuesf)

Baseline VL (viral copies/ml) 7429.63 Baseline CD4þ cell count (cells/ml) 7421.44
�500 1 (<0.0001) <200 1 (<0.0001)
500–10 000 1.06 (0.90, 1.53) 200–50 0.96 (0.75, 0.92)M

10 000–100 000 1.25 (0.90, 1.73) 350–00 0.69 (0.51, 0.92)M

>100 000 1.49 (1.09, 2.07)M �500 0.62 (0.48, 0.81)M

Maximum VL (viral copies/ml) 7428.05 Nadir CD4þ cell count (cells/ml) 7371.20
�500 1 (0.0004) <200 1 (<0.0001)
500–10 000 0.93 (0.57, 1.52) 200–350 0.62 (0.49, 0.78)M

10 000–100 000 1.25 (0.85, 1.85) 350–500 0.34 (0.23, 0.51)M

>100 000 1.49 (1.02, 2.18)M �500 0.31 (0.20, 0.49)M

Recent VL (viral copies/ml) 7427.15 Recent CD4þ cell count (cells/ml) 7315.74
�500 1 (0.0374) <200 1 (<0.0001)
500–10 000 1.50 (1.03, 2.18)M 200–350 0.63 (0.48, 0.82)M

10 000–100 000 1.43 (0.98, 2.09) 350–500 0.33 (0.24, 0.45)M

>100 000 1.78 (1.17, 2.73)M �500 0.27 (0.21, 0.34)M

Mean VL (viral copies/ml) 7427.20 Mean CD4þ cell count (cells/ml) 7402.51
�500 1 (0.0036) <200 1 (<0.0001)
500–10 000 1.23 (0.89, 1.71) 200–350 0.56 (0.46, 0.68)M

10 000–100 000 1.49 (1.08, 2.06)M

>100 000 1.82 (1.22, 2.70)M

Proportion of days with VL suppression 7378.94M Proportion of days with low CD4þ cell
count

7201.35M

0 1 (<0.0001) 0 1 (<0.0001)
0–0.25 0.61 (0.36, 1.04) 0–0.25 1.21 (0.94, 1.56)
0.25–0.50 0.38 (0.23, 0.64)M 0.25–0.50 1.79 (1.29, 2.48)M

0.50–0.75 0.30 (0.19, 0.49)M 0.50–0.75 2.49 (1.74, 3.57)M

�0.75 0.82 (0.56, 1.21) �0.75 9.46 (7.26, 12.34)M

Cumulative VL (viral copies/ml) 7424.84 Cumulative CD4þ cell count (cells/ml) 7390.08
�500 1 (0.0518) <200 1 (<0.0001)
500–10 000 1.01 (0.78, 1.31) 200–350 0.74 (0.56, 0.64)M

10 000–100 000 1.37 (1.04, 1.80)M 350–500 0.48 (0.35, 0.64)M

>100 000 1.65 (1.17, 2.33)M �500 0.42 (0.32, 0.54)M

Baseline modele 7433.10 Baseline modele 7433.10

VL, vial load.
aHR, hazard ratio, CI, confidence interval.
bMSignificant predictors when a¼0.05.
cHRs and AIC were calculated through multiple PH models, that is, all significant predictors were modeled respectively adjusting all potential
confounders.
dMThe best VL/CD4þ cell count predictor based on AIC.
eBaseline model was a PH model using only confounders.
fP-values for trend test were calculated using one-sided log-rank test.

Table 3. Final models with best VL and CD4R predictors for different time windows.

Entire time window, N¼10413 18 month time window, N¼8143 6 month time window, N¼6309

Best predictors HR (95% CI)1 Best predictors HR (95% CI)1 Best predictors HR (95% CI)1

Proportion of days with viral suppression Baseline VL (viral copies/ml) Cumulative VL (viral copies/ml)
0 1 �500 1 �500 1
0–25% 0.54 (0.31, 0.92)M 500–10 000 2.37 (1.67, 3.37)M 500–10 000 2.81 (1.91, 4.15)M

25%–50% 0.47 (0.28, 0.79)M 10 000–100 000 3.01 (2.21, 4.10)M 10 000–100 000 3.31 (2.37, 4.63)M

50%–75% 0.52 (0.32, 0.83)M >100 000 3.30 (2.42, 4.49)M >100 000 2.15 (1.45, 3.18)M

>75% 1.71 (1.14, 2.56)M

Proportion of days with low CD4þ cell count Proportion of days with low CD4þ cell
count

Proportion of days with low CD4þ cell
count

¼0 1 ¼0 1 ¼0 1
0–25% 1.12 (0.87, 1.45) 0–25% 1.18 (0.90, 1.54) 0–25% 1.12 (0.84, 1.50)
25%–50% 2.30 (1.65, 3.21)M 25%-50% 1.42 (1.00, 2.01)M 25%-50% 1.51 (1.03, 2.20)M

50%–75% 3.95 (2.71, 5.76)M 50%-75% 1.74 (1.18, 2.56)M 50%-75% 1.90 (1.26, 2.87)M

>75% 12.28 (9.29, 16.23)M >75% 4.78 (3.49, 6.55)M >75% 5.30 (3.77, 7.43)M

Final model AIC 7104.14 Final model AIC 6153.83 Final model AIC 5071.07

CI, confidence interval; HR, hazard ratio; VL, viral load.

Copyright © 2023 Wolters Kluwer Health, Inc. All rights reserved.
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In summary, our findings indicate that considering both
VL and CD4þ cell count measures is preferable for
NADC risk prediction compared to using either measure
alone. Combining the best VL and CD4þ cell count
predictors enhances prediction performance compared to
using VL or CD4þ alone. The optimal measure of VL
may vary depending on the timing of NADC diagnosis,
making it important to prioritize long-term VL status and
sustained CD4þ cell count across different time windows.
The evidence on this topic will become more clinically
meaningful via future research that (1) moves past the
broad categorization of NADCs to investigate either
individual malignancies or meaningful groupings of
malignancies and (2) has longer-term follow-up to
evaluate these associations more completely throughout
the carcinogenic process.
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