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Dissertation Abstract 
 
Background: Poorer cancer outcomes have been observed for people with HIV (PWH) 

including more advanced stage at diagnosis, lower uptake of cancer treatment, and 

higher mortality. However, these results have not been consistent.  

Methods: We compared stage at diagnosis, treatment rates, and 5 year restricted mean 

survival time (RMST) between 254 PWH with cancer in the Johns Hopkins HIV Clinical 

Cohort (JHHCC) and similar HIV negative individuals in the National Cancer Institute’s 

Surveillance, Epidemiology, and End Results (SEER) program from 1997-2014. 

Probability differences (PD) and RMST differences due to HIV were calculated using G-

computation with random forest methods. Among the JHHCC, we analyzed the effect of 

cancer treatment on CD4 and viral load trajectories and the association between 

longitudinal CD4 and viral load with all-cause mortality and the competing events of 

AIDS defining illness (ADI) and non-AIDS death (NAD) using joint longitudinal survival 

models. 

Results: PWH were more likely to be diagnosed at localized stage (PD= 0.24; 95% CI= 

0.18, 0.30) and at distant stage (PD=0.36; 95% CI= 0.30, 0.43) than those without HIV. 

HIV did not affect the probability of receiving cancer treatment (PD= -0.04 [95% CI= -

0.09, 0.02]). RMST differences by HIV status were accounted for by stage, except 

among women with HIV and CD4 ≤200 (-11.2 months; 95% CI=-25.6, -2.6). 

Immunosuppressive cancer treatment ([IT]; chemotherapy and/or radiation) resulted in 

an initial decline of 200 CD4 cells (95% CI= 95, 301). IT had no effect on viral load 

among PWH who were suppressed at baseline but was associated with a reduced viral 

load among unsuppressed PWH. A 100 CD4 cell increase reduced mortality in PWH 

(HR=0.81; 95% CI= 0.70, 0.93). A 100 CD4 cell increase resulted in a csHR of 0.84 

(95% CI 0.60-1.13) and an sdHR of 0.91 (95% CI= 0.69-1.18) for ADI. A 100 CD4 cell 
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increase was significantly protective for the hazard of NAD (csHR=0.77, 95%CI= 0.64-

0.91; sdHR=0.73, 95%CI= 0.61-0.85).  

Conclusions: Interventions are needed to address disparities in stage at diagnosis by 

HIV status. CD4 cell count prior to and following cancer treatment is an important 

predictor of mortality, including non-AIDS mortality, in PWH. 
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1. Introduction 
 
1.1 Snapshot of Current HIV Epidemiology in the US 
 

Human immunodeficiency virus (HIV) is an infection that targets the immune 

system, specifically CD4 positive T cells [1]. HIV is a relatively new epidemic in the 

United States, having first been identified in the early 1980’s [1]. As of 2015, there were 

an estimated 1.1 million people living with HIV (PWH) in the United States with 

approximately 38,000 new infections per year [2]. The vast majority of new HIV 

infections occur through sexual contact in the US, primarily among men who have sex 

with men (MSM) (67%) but also through heterosexual contact (24%). Injection drug use 

is also a significant factor in transmission [3]. While people who inject drugs (PWID) 

comprise about 7% of new infections, historically injection drug use was a more common 

risk factor and there are an estimated 196,300 PWID living with HIV in the US as of 

2014, representing approximately 18% of all prevalent cases [3]. While all MSM and 

PWID are considered key populations in the HIV epidemic in the United States, Black 

and Hispanic/Latino MSM comprise a disproportionate percentage of new infections 

among MSM [2]. Black women are also overrepresented among new infections in 

women who acquired HIV via heterosexual contact [2]. Prior to the development of 

effective antiretroviral therapy (ART), HIV/AIDS was one of the leading causes of death 

in the United States and was the top cause of death for those aged 25-44 by 1995 [4]. 

Effective ART began in 1996 and has dramatically improved the life expectancy of PWH 

in the United States [5]. As a result, in the United States and other high-income settings, 

HIV has transitioned to be managed more as a chronic condition and concerns about 

long-term management of HIV and other co-morbid health conditions have emerged [6]–

[8]. While AIDS defining cancers (ADCs) have always been elevated in PWH, with 

effective ART resulting in an aging HIV population and with many traditional risk factors 



 2 

for cancer, the development of non-AIDS defining cancers (NADCs) will become an 

increasing health issue among PWH [9], [10]. 

 
1.2 Cancer Incidence among People with HIV 
 
1.2a AIDS Defining Cancers 

As improvements in ART and care increase life expectancy among PWH [5], 

[11], malignancies have become one of the leading causes of mortality in PWH in the 

United States [12]–[14]. Prior to the development and widespread use of effective ART, 

ADCs were common among PWH and associated with higher levels of immune 

suppression [15], [16]. ADCs are associated with opportunistic infections and are 

classified as an AIDS-defining illness [17]. ADCs included Kaposi Sarcoma (KS), non-

Hodgkin’s lymphoma (NHL), and invasive cervical cancer (ICC), which are caused by 

Human Herpesvirus 8, Epstein-Barr Virus, and Human Papilloma Virus, respectively 

[17]. Increased HIV viral load and decreased CD4 cell count are indicators of poor ART 

adherence and HIV control and are often precursors to the development of ADCs [18]. In 

the pre-ART era, PWH had a 50,000 times higher risk of KS, a 5,000 times higher risk of 

Central Nervous System Lymphoma, a 98 times higher risk of Diffuse Large B-Cell 

Lymphoma, and a 57 times higher risk of Burkitt Lymphoma than individuals without 

HIV/AIDS [12], [19]. These rates have declined in the ART era but remain elevated for 

PWH with standardized incidence rate ratios of approximately 112 for KS and 17 for 

NHL [12], [13], [20], [21]. 

1.2b Non-AIDS Defining Cancers 

 NADCs are malignancies that are not considered to be an AIDS defining illness 

and/or associated with opportunistic infections [22]. Several NADCs can still be linked to 

viral infections, such as Hodgkin Lymphoma [23] and liver cancer [24], [25]. The most 

common NADCs among PWH in the United States are lung cancer, anal cancer, 
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prostate cancer, liver cancer, colorectal cancer, Hodgkin Lymphoma, and oral 

pharyngeal cancer, as of 2010 [23]. NADCs have eclipsed ADCs are the most common 

incident cancers in PWH [13], [20], [21]; ADCs represented approximately 78% of all 

incident cancer cases in the pre-ART era but now represent only 34% of incident cases 

[23]. Changes in NADC incidence rates over time vary by cancer type and patterns have 

been inconsistent. Lung cancer, Hodgkin Lymphoma, and melanoma incidence rates are 

relatively stable or decreasing over time [26]–[29]. Colorectal and oral-pharyngeal 

cancer incidence also appears to be stable over time, while anal and liver cancer 

incidence rates have been reported to be either stable or increasing with time [30], [31]. 

Incidence of Hodgkin Lymphoma, lung cancer, anal cancer, and oral-pharyngeal cancer 

appears to be elevated in PWH as compared to individuals without HIV, though rates of 

prostate and colorectal cancers do not appear to differ by HIV status [12], [13], [19], [21], 

[26], [28].  

1.2c Cancer Risk Factors in People with HIV 

The transition from AIDS defining to non-AIDS defining cancers reflects 

increased complexity in the care of PWH. More understanding of the risk factors for 

different cancers in PWH and special considerations for screening and prevention 

approaches are needed. Immune status is strongly associated with the risk of ADCs [9], 

[32]–[34]. Increases in the risk of ADCs and Hodgkin Lymphoma have been observed in 

the first year following ART initiation, perhaps due to residual immune suppression or B-

cell activation [17], [32]. The risk of cancer incidence is strongly associated with age for 

many cancers, specifically NADCs, regardless of HIV status [35], [36]. PWH may also 

develop cancers at younger ages than their counterparts without HIV [35]. Other risk 

factors in PWH also play a role in cancer incidence, including higher rates of smoking 

[37], higher rates of drug and alcohol use [38]–[40], higher rates of viral co-infections 

such as hepatitis C [41], [42], and higher rates of other co-morbidities [43]. Immune 
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suppression and these risk factors can influence cancer characteristics and outcomes in 

PWH, including stage at diagnosis [44], tolerability of and access to cancer treatment 

[45], cancer progression [46], and mortality following cancer diagnosis [47], [48]. 

 

1.3 Stage at Cancer Diagnosis among People with HIV 

There is some evidence that HIV may influence stage at cancer diagnosis [44], 

[49]; however, the mechanisms for the effect of HIV on stage at diagnosis remain 

unclear. It is possible that the increased rate of social-behavioral risk factors detailed 

above put PWH at higher risk of more advanced cancer stage [44], [49]. At the same 

time, PWH who are enrolled in HIV care may be followed more closely than the general 

population and could perhaps be more likely to be diagnosed at earlier stages; however, 

prior studies have found lower screening uptake for PWH [50]–[53]. Because earlier 

identification of cancer often improves an individual’s prognosis [54]–[59], an 

understanding of the effect of HIV on stage at cancer diagnosis could improve care for 

PWH. Finally, more information regarding the stage of diagnosis among PWH is needed 

in order to create evidence-based cancer screening recommendations.  

 
1.4 Cancer Treatment in People with HIV 
 
1.4a Cancer Treatment Recommendations Overview 

More comprehensive guidelines for the use of cancer therapies in PWH are 

needed [60], [61]. Oncologists report limited knowledge of and confidence in the 

treatment of cancer in PWH [61]. HIV is currently an exclusion criterion in many clinical 

trials, limiting data collection on the efficacy and safety of cancer treatments in this 

population [62], [63]. Despite this fact, various studies, either clinical trials specifically 

among PWH or observational studies, have found that standard cancer therapies are 

safe and effective among PWH and in particular, PWH on ART [64]–[68]. However, 



 5 

concerns remain regarding the potential for drug-drug interactions between certain 

cancer therapies and ART [69]–[71]. Despite these concerns, standard of care is moving 

towards the concurrent use of ART during cancer treatment, if possible [60]. Previous 

studies have found lower rates of cancer treatment in PWH as compared to those 

without HIV using cancer registry linkages to HIV databases [72], [73]. Alternatively, 

studies among individuals enrolled in managed care organizations have found no 

differences in rates of cancer treatment by HIV status [74], [75]. These differing results 

may be explained by access to care and socioeconomic differences between the 

populations, among other factors. However, there is a need to understand to what extent 

cancer treatment among PWH is being driven by access to care, provider 

knowledge/choice, issues with treatment tolerability and/or other sociodemographic 

factors. More knowledge about the safety and efficacy of various cancer treatments in 

PWH is also needed.  

1.4b Effect of Cancer Treatments on CD4 

Another concern regarding the use of cancer therapy in PWH is the effect of 

these treatments on immune status. Regardless of HIV status, individuals undergoing 

chemotherapy and/or radiation experience sharp declines in T cell counts [76]–[84]. 

Some research indicates that PWH may experience a more pronounced period of 

immunosuppression following cancer treatment as compared to those without HIV [45], 

[83], [85], though this may vary by cancer and treatment type [66], [86], [87]. Radiation, 

in particular, may result in a more prolonged period of immunosuppression in PWH as 

compared to other treatments [66], [85]. Individuals who underwent treatment for solid 

tumors that included radiation had the slowest recovery of CD4 cells after treatment and 

the average initial CD4 decline across all treatments was 150 cells/mm3 [85]. A case 

control study of PWH undergoing treatment for solid tumors or hematologic malignancies 

compared to PWH without cancer found a mean CD4 reduction of 283 cells/mm3 with a 
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nadir occurring around 6 months after cancer diagnosis [66]. During chemotherapy 

and/or radiotherapy, anal cancer patients with HIV experienced a 50% reduction in CD4 

but no noticeable effect of cancer treatment on HIV viral load [88], [89].  

1.4c Effect of Cancer Treatments on HIV Viral Load 

PWH diagnosed with cancer in the ART era are more likely to be virally 

suppressed; although this varies by cancer type and rates [68]. It is unlikely that there is 

a biological effect of cancer treatments on HIV viral load independent of ART use and 

adherence [88], [89]. Regardless, HIV viral load is an important marker of HIV disease 

progression and a risk factor for AIDS-related outcomes and mortality [90]. Tolerability of 

cancer treatment and concerns about drug-drug interactions with ART may lead to 

interruptions in ART use [70]. It is unknown to what extent this occurs in PWH 

undergoing cancer treatments and whether more immunosuppressive cancer treatments 

might differentially affect ART adherence. As the evidence supporting concurrent cancer 

therapy and ART use in PWH develops [60], there is a need to further clarify the effects 

of different cancer therapies on ART adherence and HIV viral load.  

 

1.5 Outcomes after Cancer Diagnosis in People with HIV 

1.5a Effect of HIV on Survival after Cancer Diagnosis 

The presence and magnitude of the effect of HIV on cancer progression and 

cancer survival is unclear due to inconsistent evidence [74], [91]–[93]. Some prior 

analyses have found that individuals with HIV have an increased risk of cancer mortality 

compared to those without HIV after accounting for stage at diagnosis, cancer treatment, 

and other relevant confounders [91]. It is hypothesized that immunosuppression due to 

HIV results in an impaired immune response to cancer, which may partially explain this 

observed association. These prior analyses either had limited information on or did not 

include immune markers [73], [74], [91]. Poorer outcomes were observed for PWH who 
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had lower CD4 levels at cancer diagnosis, particularly earlier in the ART era [49], [68], 

[94]; however, cancer-specific survival was often not assessed. If a link between HIV-

related immune suppression and cancer progression/survival is established, then the 

approach to the treatment of cancer of PWH could be further tailored to address their 

immune status.  

Many studies in PWH have analyzed differences in all-cause mortality after 

cancer diagnosis, mostly due to limited information on cancer-specific mortality [49], [94]. 

As with those analyzing cancer-specific mortality, some studies have found increased 

rates of all-cause mortality following cancer diagnosis by HIV status [49], [94] There are 

several potential explanatory factors for higher rates of mortality in PWH, including poor 

immune status affecting cancer progression [95], increased risk of non-cancer mortality 

due to other risk factors such as smoking and drug use [37], [40], and increased risk of 

mortality due to HIV/AIDS related factors [91], [96]. Results from a prior study of the 

causes of death among PWH diagnosed with cancer found that 42% of all deaths were 

due to HIV/AIDS; however, percentages ranged between 25 and 32% for common 

NADCs and between 60 and 65% for certain ADCs [91]. Further exploration of the 

causes of death among PWH diagnosed with cancer can help inform scientific 

knowledge of the role of immune status in cancer progression and help provide 

intervention points to improve survival among PWH. While prior studies have explored 

the role of immune status due to HIV disease, it is also important to consider that 

immune suppression due to cancer treatments may also increase the risk of morbidity 

and mortality among PWH.  

1.5b AIDS Progression in People with HIV after Cancer Diagnosis 

Immune suppression in PWH is often measured by CD4, which is strongly 

predictive of AIDS defining illnesses, AIDS-related death, and non-AIDS mortality [96], 

[97]. The large reductions of CD4 cells and slow CD4 recovery due to cancer treatment 
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are primary clinical concerns related to the use of immunosuppressive cancer therapies 

in PWH. While it is well known that HIV-related immunosuppression increases the risk of 

ADIs [97]–[99], the risk of incident AIDS defining illnesses or AIDS progression following 

cancer diagnosis in PWH is unclear [66]. Prior studies have found that coupled with the 

use of ADI prophylaxis and ART, there was no increase in rates of ADIs during cancer 

treatment [66], [100]–[102]. However, these analyses had relatively small sample sizes 

[100], [102], examined cancers with limited use of immunosuppressive treatment [101],  

or compared incident AIDS-defining illness rates by whether an individual was 

diagnosed with a cancer or not [66]. Despite the lack of evidence, there is a strong 

biologic plausibility that immune suppression during cancer treatment might increase the 

risk of an incident AIDS defining illness. Also, it should be noted that mortality due to 

cancer progression is competing event for an incident AIDS defining illness, as those 

who die from their cancer are then precluded from experiencing a new AIDS event. The 

risk of a new AIDS defining illness following cancer diagnosis may be elevated due to 

cancer treatment-related immune suppression; however, this may only be relevant for 

individuals with less severe cancers who would live long enough to experience a new 

AIDS defining illness.  

 

1.6 Overview of Methodology Used in Aims 

1.6a G-computation 

An statistical method that has been developed for causal inference and is used in 

subsequent chapters is G-computation [103], [104]. G-computation is a so called “g-

method” that is comparable to direct standardization, and it is used to assess the causal 

effect of a particular exposure of interest [103], [104]. In the Aim 1 analysis, we 

standardize the untreated (or unexposed) population to the covariate distribution of that 

of the treated (or exposed) population, yielding an estimate of the average treatment 
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effect among the treated [105], [106]. Snowden et al. provides a helpful step by step 

overview of a simple implementation of G-computation [103]. This G-computation 

process involves the following steps [103]: 1) Model fitting a model that predicts the 

outcome of interest conditional on the treatment (or exposure) of interest and the 

relevant confounders; 2) The model in Step 1 is used to predict the outcomes for the 

population of interest under each possible treatment regimen (or exposure category). 3) 

The entire set of predicted counterfactuals from Step 2 are then regressed onto the 

treatment. 4) The resulting coefficient from Step 3 is the treatment effect. 

 As described in Step 1, a model for the outcome of interest is selected to best 

account for the confounders [103]. The model is then used to predict the outcomes for 

the entire population had they been treated and for the entire population had they not 

been treated, called the potential outcomes [103]. The difference in rates of predicted 

outcomes can then be assessed by a difference in the potential outcomes, or a 

regression of the potential outcomes onto the treatment can yield an estimate of the risk 

ratio [103]. Our approach in this dissertation involves developing the model described in 

Step 1 using random forest methods (described below) and predicting potential 

outcomes only for the treated group (those with HIV) in order to obtain the average 

treatment effect among the treated [105], [106]. We also allow for increased flexibility by 

developing separate models for the treated and untreated data in Step 1.  

Some of the strengths associated with G-computation are that it allows for the 

estimation of a single treatment effect when an interaction exists for the treatment 

variable, that it is analogous to direct standardization and thus can account for strong 

confounding, and it is also compatible with the use of machine learning, which can help 

avoid model misspecification [103], [105], [107] A limitation of G-computation is the 

complexity of its estimation in the context of time-varying data; it is also subject to the 

assumption of correct model specification and positivity, among other assumptions [103]. 
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1.6b Random Forest Methods 

Aim 1 employed random forest methods, which are a data-driven way to choose 

the final form of the outcome model. We used random forest methods [107], [108] to 

predict the probability of several outcomes of interest and random survival forests to 

predict survival times [109]. Both approaches are used in the modeling fitting process of 

our G-computation analysis in Aim 1 [103]. These methods used decision trees to 

classify individuals or predict outcomes based on covariates [108], [109]. The decision 

trees split the covariates of interest according to their predictive value and mean of the 

prediction across all the trees is called the forest [108], [109]. Random forests are 

distinct from other recursive partitioning approaches in that they use a bootstrap sample 

and randomly restrict the set of predictor variables in each split [110]. This approach is 

used to decrease the correlation between trees in the forest and to increase the amount 

that is learned for each additional tree in the ensemble, which can improve predictive 

performance as compared to other methods [110]. A limitation of random forest methods 

is the computation time associated with their implementation [110]. 

1.6c Joint Longitudinal Survival Models 

We also employ joint longitudinal survival models in our analysis. Joint 

longitudinal survival models can be used in a variety of circumstances; for example, 

when a longitudinal process is of primary interest as a risk factor for a time-to-event 

analysis, when there is a need to account for informative censoring of the longitudinal 

process (e.g. loss to follow-up precludes to observation of further longitudinal 

measures), or when time-varying covariates predict survival outcomes [111]. Joint 

longitudinal survival models can take a variety of forms; however, we focus on shared 

parameter models [112]–[114]. 

In addition to addressing the censoring of longitudinal measures due to event 

outcomes, such as death, and these models also account for the measurement error in 
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the longitudinal process [111], [112], [115], [116]. Our joint modeling approach uses 

linear mixed effects models for the longitudinal process and proportional hazards models 

for the time-to-event component [112], [117], [118]. The estimation of these models 

requires the estimation of the baseline hazard in proportional hazards model [117], [119]. 

We discuss this estimation approach in more detail in subsequent chapters. Joint 

longitudinal survival models can be adapted to include multiple longitudinal processes 

[112], [113], [118], [119] and can be used in a competing events framework [114], [120]–

[125]. The main advantage in the use of joint longitudinal survival models is that 

compared to longitudinal and survival processes that are modeled separately, they 

provide valid and efficient estimates and can address measurement error in the 

longitudinal covariates [111]. However, there are still challenges associated with their 

computational complexity and the limited availability of diagnostics, among others [111]. 

1.6d Competing Events Framework 

We examine two competing events in Aim 3 in the context of a joint longitudinal 

survival model. Prior studies involving competing events in joint longitudinal survival 

models have been previously summarized [126]; however, there are limited ways to 

assess model fit and these models can take many forms with a variety of assumptions 

[114], [120]–[125]. In a traditional competing events framework, there are two survival 

outcomes of interest where one event precludes the observation of the other event and 

vice versa [127]. Although a variety of non-parametric, semi-parametric, and parametric 

models can be used [127], we will limit our discussion to proportional hazards models. 

There are two different types of hazard ratios that can be estimated in a competing 

events analysis: the cause-specific hazard ratio (csHR) and the subdistribution hazard 

ratio (sdHR) [127]. Estimation of the subdistribution hazard is based on the Fine and 

Gray approach [128].  
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The risk sets vary for these two approaches. The cause-specific Cox proportional 

hazard models censor individuals when they have the event of interest or the competing 

event, whichever occurs earlier [127]. The subdistribution Cox proportional hazard 

models keep individuals who experience the competing event in the risk set as a place 

holder [127], [128]. This results in the subdistribution hazard being tied to the cumulative 

incidence function, while the cause specific hazard is not; therefore, an sdHR greater 1 

implies an increased cumulative incidence of the event among the exposed as 

compared to among the unexposed, while a csHR greater than 1 does not necessarily 

imply a greater cumulative incidence of the event among the exposed as compared to 

among the unexposed [127], [128]. Similarly, the relationship between the csHR and 

sdHR for a particular event will vary as a factor of the csHR for the competing event 

[127]. For example, in instances where the csHR is less than 1 for the primary event and 

less than 1 for the competing event, the sdHR will be greater (i.e. attenuated) than the 

csHR for the same event [127]. Conversely, for instances where the csHR is greater 

than 1 for both events, the sdHR will be de-attenuated (i.e. of greater magnitude) than 

the csHR. However, the magnitude of these differences can vary [127].  

 

1.7 Summary of Gaps in Knowledge 

 As cancer becomes more common in PWH, the effect of HIV on various cancer 

outcomes needs to be addressed. Differences in outcomes by HIV status could be 

attributed to variety of factors, including immune suppression, behavioral risk factors, 

viral co-infections, and access to care, among others [65], [72]–[74], [129], [130]. The 

following research focuses on a population of PWH who are enrolled and engaged in 

HIV care, thus access to care issues play less of a role in this population. Information on 

viral co-infections and history of injection drug use in this population will also allow us to 

further attempt to isolate the effect of immune suppression on cancer outcomes in PWH; 
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however, differences due to all of these factors should be addressed to achieve parity in 

outcomes with the general population. There are several gaps in current knowledge we 

seek to address with this research. First, is to address the conflicting evidence on the 

effect of HIV and immune suppression on stage at cancer diagnosis. Second is to 

assess to what extent PWH experience disparities in cancer treatment. Third is to 

quantify the difference in survival following cancer treatment by HIV status. Beyond 

comparing outcomes between PWH and those without HIV, we also want to address 

concerns about cancer treatment among PWH and evaluate the role of immune 

suppression on cancer outcomes in PWH. There is inconsistent evidence on the effect of 

cancer treatments on CD4 and HIV viral load in PWH [67], [85]–[88], [131]–[133], and an 

understanding of the longitudinal trajectories of these measures is needed. It has been 

suggested that immune suppression due to HIV plays a role in mortality following cancer 

diagnosis; however, the effect of immune suppression due to cancer treatment on 

mortality has not been sufficiently explored. Finally, the risk of both incident AIDS 

defining illness and cancer-specific mortality after cancer diagnosis among PWH and 

their association with longitudinal CD4 and HIV viral load should be quantified. 

 

1.8 Specific Aims and Hypotheses 

AIM 1. Determine the effect of HIV on stage at cancer diagnosis, rates of cancer 

treatment, and all-cause mortality comparing individuals with incident cancers in the 

Johns Hopkins HIV Clinical Cohort and in the NCI’s SEER cancer registries from 1997-

2014.  

Hypotheses: We hypothesize that people with HIV will be diagnosed at more 

advanced stages at cancer diagnosis, will have lower rates of cancer treatment, 

and will have shorter mean survival following cancer diagnosis as compared to 

the general population.  
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AIM 2a. Quantify the effect of cancer treatment on CD4 and HIV viral load among 

individuals diagnosed with an incident cancer in the Johns Hopkins HIV Clinical Cohort 

between 1997-2014. 

Hypotheses: We hypothesize that people with HIV receiving chemotherapy 

and/or radiation will experience a sharp decline followed by a subsequent 

recovery in CD4 while HIV viral load will remain unchanged. Radiation will result 

in the slowest rate of CD4 recovery. 

 

AIM 2b. Estimate the association between longitudinal CD4 and HIV viral load following 

cancer diagnosis with the risk of all-cause mortality among individuals enrolled in the 

Johns Hopkins HIV Clinical Cohort between 1997-2014. 

Hypotheses: We hypothesize that lower longitudinal CD4 and higher HIV viral 

load will result in an increased risk of all-cause mortality after cancer diagnosis in 

people with HIV. 

 

AIM 3. Estimate the association between longitudinal CD4 and HIV viral load and the 

risk of the competing events of an incident AIDS defining illness and non-AIDS death 

among individuals enrolled in the Johns Hopkins HIV Clinical Cohort between 1997-

2014. 

Hypotheses: We hypothesize that lower longitudinal CD4 and higher HIV viral 

load will result in an increased risk of both incident AIDS defining illness and non-

AIDS death in people with HIV. 
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Abstract 

Background: The effect of HIV infection on cancer stage, treatment, and survival is 

unclear and may be influenced by immune suppression, sociodemographic factors, 

and/or access to care. We assess differences in cancer stage, probability of cancer 

treatment, and 5 year restricted mean survival time (RMST) following cancer diagnosis 

between people with HIV (PWH) enrolled in clinical care and the general US population. 

Methods: We compared 254 PWH enrolled in the Johns Hopkins HIV Clinical Cohort 

(JHHCC) diagnosed with cancer between 1997 and 2014 to an NCI’s Surveillance, 

Epidemiology and End Results (SEER) Program sample, presumed to be HIV negative. 

We performed G-computation, using random forest methods, to estimate stage and 

treatment prevalence differences (PD) and 5-year RMST differences by HIV status, 

adjusting for confounders. Analyses were also conducted for non-AIDS defining cancers, 

by sex, and by CD4 ≤200 or >200 cells/mm3 at cancer diagnosis. 

Results: PWH in JHHCC were more likely to be diagnosed at localized stage (PD= 0.24; 

95% CI= 0.18, 0.30) or distant stage (PD=0.36; 95% CI= 0.30, 0.43) than those in 

SEER. There was no difference in probability of receiving cancer treatment (PD= -0.04 

[95% CI= -0.09, 0.02]). There was evidence of decreased survival among PWH with 

CD4 ≤200 (-11.7 months; 95% CI=-19.5, -4.7); however, differences did not persist after 

accounting for stage. Adjusting for stage and treatment did not account for the lower 

survival among women with HIV and CD4 ≤200 compared to SEER women (-11.2 

months; 95% CI=-25.6, -2.6). 

Conclusion: Cancer stage differs by HIV status. Differences in stage largely explain 

higher mortality among PWH; however, women with HIV and low CD4 had higher 

mortality despite accounting for stage and treatment.
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INTRODUCTION 
 

In the era of antiretroviral therapy (ART), cancer is a leading cause of morbidity 

and mortality among people with HIV (PWH)[1]–[3]. There is some evidence, although 

inconsistent, that PWH are diagnosed at more advanced cancer stages for lung, breast, 

prostate, melanoma, and bladder cancer[4], have lower rates of cancer treatment[5], [6], 

and experience higher rates of mortality after cancer diagnosis[7]–[12]. Several factors 

could have an effect on cancer treatment and outcomes in PWH compared to the 

general population. In particular, immunosuppression from HIV could result in the 

development of more aggressive cancers and may reduce tolerability of treatment or 

physician willingness to provide cancer treatment to PWH[4], [5]. In addition, PWH also 

experience higher rates of other risk factors, such as smoking and viral co-infections, 

that may affect cancer stage at presentation, treatment, and mortality[13]–[20]. Barriers 

in access to and engagement in care also play an important role in cancer outcomes 

among PWH[13], [17].    

In this study, we compared cancer outcomes between individuals enrolled in an 

urban HIV clinic and individuals in the National Cancer Institute’s Surveillance, 

Epidemiology, and End Results Program (SEER). The primary goal of this analysis was 

to assess whether PWH who are enrolled in care are diagnosed at more advanced 

stages, have lower rates of initial cancer treatment, and have higher all-cause mortality 

than the general US population. As a secondary goal, we analyzed differences in these 

outcomes taking into account CD4 cell count at cancer diagnosis as a measure of HIV-

related immune suppression. Furthermore, we examined whether the effect of HIV on 

cancer outcomes differed by sex. 

 

METHODS 

Data Sources 
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Incident cancer cases among individuals enrolled in the Johns Hopkins HIV 

Clinical Cohort (JHHCC) between January 1, 1997 and September 30, 2014 were 

identified using a protocol developed by the Centers for AIDS Research Network of 

Integrated Clinical Systems[21]. JHHCC is a longitudinal clinical cohort that collects 

demographic, clinical, and behavioral information on consenting adults with HIV who are 

enrolled in continuity care in the Johns Hopkins HIV Clinic. The cohort’s data collection 

process has been previously described[22]. A total of 399 incident cancers in 382 

individuals were identified among the 5,410 JHHCC enrollees, who contributed 22,793 

person-years of follow up during the study period. We restricted the dataset to the 382 

incident, first cancers identified in the JHHCC during the study period. 

Information on cancers identified at the Johns Hopkins Hospital and affiliated 

institutions is reported to the Maryland Cancer Registry (MCR), including cancer type, 

date of diagnosis, stage at diagnosis, and first course of treatment.a Among the 382 

incident, first cancers in the JHHCC, 296 (77%) cases had data reported the registry and 

were linked to the corresponding staging and treatment information. We excluded all 

Kaposi’s sarcoma (KS) cases (N=32 in JHHCC), given the high likelihood that KS cases 

in SEER were among PWH[23]. We further excluded all cases where cancer type was 

deemed too broad to be accurately compared across datasets (e.g. skin cancers), 

resulting in a final analytic dataset of 254 incident, first cancers from the JHHCC-MCR 

linkage. 

We obtained information on all cancer cases reported to SEER registries 

between 2000-2014. We did not included data between 1997-1999, as SEER expanded 

from 13 registries to 18 registries in 2000, covering approximately 28% of the US 

population[24]. The SEER program collected demographic, cancer site, cancer stage, 

first course of cancer treatment, and vital status data[25]. Cancer cases in SEER are 

presumed to be representative of cancer cases among the general US population[25], 
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and the vast majority of these cases are thought to be among HIV negative 

individuals[26]–[28]. Note that the Maryland does not report information to SEER, and 

thus the JHHCC cancer cases are not included [24]. Both the MCR and SEER classify 

cancer type according to SEER Site Groups for Primary Site[29] and follow the SEER 

Summary Staging 2000 guidelines[30] to identify the stage at diagnosis. We restricted 

the SEER data to first cancers, to the cancers types in JHHCC-MCR linkage, and to 

individuals diagnosed between the ages of 21 and 80 yielding a total of 1,888,279 

incident, first cancers in the SEER data. 

 

Statistical Analysis 

We examined differences in three cancer outcomes between PWH in JHHCC 

and the general US population in SEER: the probability of being diagnosed at a 

particular cancer stage, the probability of receiving any initial (first course) cancer 

treatment, and the restricted mean survival time (RMST) [31], [32] through 5 years 

following cancer diagnosis based on all-cause mortality. The RMST can be interpreted 

as the expected or mean survival time in the 5 years following cancer diagnosis. Stage 

at diagnosis was re-categorized into localized, regional, distant, or unstaged using the 

SEER Summary Staging 2000 information. Initial cancer treatment information was 

categorized into indicators for any chemotherapy, any radiation, and/or any surgery. Any 

initial cancer treatment was defined as any chemotherapy, any radiation, and/or any 

surgery. 

Given the significant differences in demographics and cancer type distribution 

between JHHCC and SEER, we sought an analytic approach that would appropriately 

account for these differences. Attempts at propensity score matching did not adequately 

balance the covariates, therefore we chose to employ G-computation [33], [34]. G-

computation is directly comparable to direct standardization where the standard 
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population is the JHHCC and can account for the differences in covariate distributions 

between JHHCC and SEER[33], [35]. It is implemented by defining an equation using 

the covariates to best predict the outcome of interest among the treated group (JHHCC) 

and among the untreated group (SEER). The models are then used to predict the 

difference in the potential outcomes with and without HIV infection (as represented by 

membership in JHHCC or SEER) for persons in the JHHCC[33], [36]. For example, 

when comparing initial cancer treatment rates between JHHCC and SEER, we 

developed models for the probability of receiving treatment in the JHHCC and SEER 

data separately. We then predicted the probability that each individual in JHHCC would 

receive treatment using the JHHCC models, which can be thought of as the expected 

probability for PWH in JHHCC, and using the SEER models, which can be thought of as 

the expected probability had those in JHHCC not had HIV, and obtained the difference in 

predicted probability of treatment for each individual in JHHCC. This difference can be 

interpreted as the difference in the probability of receiving any initial cancer treatment 

that we would expect for an individual with HIV based on their specific set of covariates 

and the probability that we would see if that individual did not have HIV but had the 

same set of covariates. The mean of these differences in predicted treatment probability 

across all individuals in JHHCC yields the overall difference in rates of initial cancer 

treatment between PWH and the general population standardized to the distribution of 

the covariates among PWH in the JHHCC. 

A key assumption of G-computation is that the models for the outcome are 

specified correctly. Random forest methods are a data-driven way to choose the final 

form of the outcome model. We used random forest methods[37]  to predict the 

probability of being diagnosed with a particular cancer stage and the probability of 

receiving any initial cancer treatment based on our covariates of interest[34]. Similarly, 

we used random survival forest methods[38] to predict survival times (up to 5 years) 
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following cancer diagnosis. Random forest and random forest survival methods involve 

the construction of multiple decision trees that classify individuals or predict outcomes 

based on splits in the model covariates; the forests yields a mean of the prediction 

across all the trees[37], [38].  

We included the following covariates in the random forest models for cancer 

stage at diagnosis: cancer type, age, sex, race, and year of diagnosis, termed the Model 

1 covariates. The random forest models for initial cancer treatment rates included the 

Model 1 covariates plus stage at diagnosis. We compared differences in RMST at 5 

years after cancer diagnosis using three sets of covariates in the random survival forest 

models: the Model 1 covariates, the Model 1 covariates with stage, and the Model 1 

covariates with stage and initial cancer treatment, using indicators for any 

chemotherapy, any surgery, and any radiation. (The latter two choices for adjustment 

sets are an attempt to estimate the direct effect of HIV on survival after cancer diagnosis 

not through stage at diagnosis or through stage at diagnosis and initial cancer treatment, 

respectively).  

We repeated the analysis described above for each outcome among several 

subgroups, including: those diagnosed with an NADC (N=201 in JHHCC), cancers 

among males (N=176 in JHHCC), and cancers among females (N=78 in JHHCC). 

Analyses restricted to males or females excluded sex from the model covariates. Due to 

large computational time, we estimated the random forest and random survival forest 

models using a 1% sample of the SEER data (~18,900 cases). We obtained all 

confidence intervals using the bootstrap variance of the effect estimates based on 200 

iterations. The bootstrap included the random sampling procedure for SEER and JHHCC 

and estimated the random forest and random survival forest models for each iteration. 

All analyses were performed in R[39], including the randomForest[40] and 

randomForestSRC[41] packages. 



 30 

Sensitivity Analyses 

To examine the effect of immune status on initial cancer treatment rates and 

RMST, we stratified the JHHCC by whether or not an individual had a CD4 cell count 

≤200 cells/mm3 (N=72 in JHHCC) or >200 cells/mm3 (N=154 in JHHCC) at cancer 

diagnosis and compared each subgroup to the SEER sample. We used the closest CD4 

measure within six months before and 30 days after cancer diagnosis. In this sub-

analysis, the JHHCC random forest models included the Model 1 covariates and 

continuous CD4, termed the Model 2 covariates. CD4 is not available for the SEER data 

and thus only the Model 1 covariates were used; however, it was assumed that 

individuals in SEER were likely to have CD4 levels well above 200 cells/mm3.  

We implemented a sensitivity analysis to address concerns about the low 

sensitivities of the SEER chemotherapy and radiation measures [42]. As there are fewer 

concerns about the validity of the surgery measure in SEER[43], [44], we examined 

differences in treatment rates among cancers for which surgery is a standard cancer 

treatment modality, according to National Comprehensive Cancer Network guidelines[5], 

[45], effectively excluding anal cancer and hematologic malignancies, in order to improve 

the sensitivity of our outcome. Note that we based the definition of standard cancer 

treatment modality on being diagnosed at local or regional stage. In many instances, 

surgery may be a standard cancer treatment modality for a particular cancer type if the 

cancer is able to be resected; if not, then chemotherapy and/or radiation are the likely 

alternative [45]. Apart from staging, information on the resectability of a particular cancer 

is not available in this data, thus the use of any chemotherapy, any radiation, or any 

surgery is still likely to be the most sensitive outcome to determine probability of initial 

cancer treatment. 

 Due to small sample sizes for each specific cancer in the JHHCC, we are 

examining outcomes across all cancers; however, we conducted a sensitivity analysis to 
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determine the consistency of the results for each cancer type with the overall results 

across all cancers. We replicated the analyses described above and determined the 

probability of being a particular stage at diagnosis (excluding unstaged), the probability 

of receiving initial cancer treatment, and the restricted mean survival time within each 

cancer type strata. All cancer types that had at least one JHHCC individual in each level 

of that particular outcome (e.g. localized, regional, and distant stage at diagnosis) and at 

least 5 individuals in JHHCC were included in the sensitivity analysis. Cancer types with 

fewer than 5 individuals were collapsed into an “other cancers” category. Results, 

including the other cancers and results from the total population, are presented as forest 

plots. 

 

RESULTS 

JHHCC Cancer Overview 

Because the G-computation standardizes the covariates to that of the JHHCC, 

Table 2.1 includes information only among individuals in the JHHCC with an incident, 

first cancer between 1997 and 2014 for the sake of clarity. Among these 254 individuals, 

176 (69%) were male and 199 (78%) were non-Hispanic black. Their median age was 

50 years (IQR 45-56). Common cancer types in the JHHCC include: Non-Hodgkin’s 

lymphoma (NHL) (N= 53, 20.9%), lung cancer (N=42, 16.5%), liver cancer (N=23, 9.1%), 

Hodgkin lymphoma (N=18, 7.1%), prostate cancer (N=18, 7.1%), breast cancer (N=16, 

6.3%), and anal cancer (N=15, 5.9%). Across all cancers in JHHCC, 77 (30.3%) had a 

localized stage, 52 (20.5%) had a regional stage, 114 (44.9%) individuals presented with 

a distant stage at diagnosis, and 11 (4.3%) were unstaged at diagnosis. Overall, 206 

(81.1%) received any type of cancer treatment after diagnosis; 69 (27.2%) received 

radiation, 96 (37.8%) had surgery, and 124 (48.8%) had chemotherapy. The mortality 

rate at five years after diagnosis was 59.4% for the JHHCC.  
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Differences in Stage at Diagnosis 

 A comparison of stage at cancer diagnosis by HIV is presented in Table 2.2. The 

probabilities and prevalence differences (PD) are provided for all cancers, all NADC, 

cancers among males, and cancers among females. JHHCC probability refers to the 

predicted probability of being a particular cancer stage for PWH using the JHHCC data, 

accounting for the Model 1 covariates (age, sex, race, year of diagnosis, and cancer 

type). SEER probability refers to the probability of being a particular cancer stage had 

those in JHHCC been HIV negative (i.e. included in SEER) but otherwise retained the 

same conditional distribution of the Model 1 covariates. Cancer cases more likely to be 

localized and distant versus regional, if persons were HIV-infected. The predicted 

probability of a cancer case being diagnosed as localized stage was 0.30 for persons 

with HIV and 0.06 had those same persons been HIV-uninfected, resulting in an PD of 

0.24 (95% CI= 0.18, 0.30). Similarly, the probability of having a distant stage at 

diagnosis is 0.45 for PWH and 0.09 for had those PWH been HIV negative yielding a PD 

of 0.36 (95% CI= 0.30, 0.43). Those with HIV were more likely to be unstaged (PD= 

0.02; 95% CI= 0.0003, 0.06). The results are similar when the data are restricted to 

NADC, males, or females. Unstaged cancers were excluded from the male and female 

models due to small sample size. 

 The estimated mean probability of being diagnosed at a localized stage, at a 

regional stage, and at a distant stage within the particular cancer types and 

corresponding 95% confidence intervals for PWH (JHHCC) and those without HIV 

(SEER) are presented in Figures 2.1, 2.3, and 2.5, respectively. The estimated mean 

difference in probability (and 95% CIs) of being diagnosed at a localized, regional, or 

distant stage by HIV status are presented in Figures 2.2, 2.4, and 2.6, respectively. 

While there is a large amount of variability in the estimated stage probabilities for PWH, 

the difference in probability of each stage by HIV status is somewhat consistent between 
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the individual cancers and the pooled results for all cancers. Note that NHL is not shown 

in the individual cancer analysis because all but one individual with NHL in JHHCC was 

diagnosed at distant stage. As NHL is the most common cancer in the JHHCC, we see 

that the estimated mean probability of distant stage for all cancers is higher relative to 

many of the specific cancer strata. 

Differences in Initial Cancer Treatment 

 Probabilities of initial cancer treatment, presented in Table 2.3, are similar 

between PWH in JHHCC and what would have been seen had they been HIV negative, 

like the general population in SEER. Among all cancers, the probability of receiving any 

initial cancer treatment accounting for the Model 1 covariates and stage at diagnosis is 

0.83 for JHHCC and 0.87 for SEER (PD=-0.04; 95% CI= -0.09, 0.02). There is a larger, 

but not statistically significant difference in treatment probabilities for all cancers for 

PWH with CD4 ≤200 as compared to had they been HIV negative with a PD of -0.07 

(95% CI= -0.18, 0.02). Similar results are seen when restricting the analysis to NADC, 

males, or females. The difference in treatment rates between women with HIV and CD4 

≤200 and women in the general population is particularly pronounced but not statistically 

significant (PD = -0.14; 95% CI=-0.34, 0.04). Results from the sensitivity analysis that 

addresses the concerns about low sensitivities of chemotherapy and radiation measures 

(i.e. cancers where surgery is the standard cancer treatment modality) are similar to 

results among all cancers.  

The estimated mean probability (and 95% CIs) of receiving any initial cancer 

treatment within the particular cancer types by HIV status presented in Figures 2.7. The 

estimated mean difference in probability of receiving any initial cancer treatment by HIV 

status and corresponding 95% CIs are presented in Figures 2.8. Again we see 

significant variability in the results due to small sample size; however, differences in 

probability of initial treatment are fairly consistent across cancer types. Note that anal 
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cancer is not shown in the individual cancer analysis because all individuals in JHHCC 

with anal cancer received initial cancer treatment. Anal cancer is a common cancer in 

the JHHCC, so we see that the estimated mean probability of treatment for all cancers is 

higher relative to that of many of the specific cancer strata. 

Differences in All-Cause Mortality 

 Results comparing all-cause mortality after cancer diagnosis by HIV status are 

presented in Table 2.4. Among all cancers, PWH had an RMST of 31.9 months at 5 

years of follow up as compared to 37.3 months had they been HIV negative, like in 

SEER, resulting in a mean reduction in survival of 5.4 months (95% CI= -8.2, -1.4), 

accounting for the Model 1 covariates. Once stage at diagnosis is included, this 

difference in survival is no longer significant (-3.3 months; 95% CI=-6.8, 1.1). The results 

remain similar when indicators for cancer treatment are added. The difference in RMST 

is more marked when examining those in JHHCC with CD4 ≤200 with an 11.7 month 

reduction in mean survival (95% CI=-19.5, -4.7) as compared to what would have been 

observed had they not had HIV, accounting for age, sex, race, year of diagnosis, cancer 

type, and continuous CD4 (Model 2 covariates); however, this survival difference is 

attenuated to a 6.3 month deficit when stage is added (95% CI= -15.7, -0.4).  

 No differences in survival were observed among those with NADC, even among 

CD4 ≤200. Among males, there was a 4.2 month reduction in RMST due to HIV (95% 

CI= -7.7, -0.2) after accounting for Model 1 covariates; this difference was no longer 

significant after accounting for stage (PD= -1.0; 95% CI=-5.2, 3.5). Differences in 

survival among males with CD4 ≤200 were more pronounced but also explained by 

stage. HIV among females with CD4 ≤200 resulted in a 15.7 month reduction in survival 

(95% CI=-30.7, -5.0) after accounting for Model 2 covariates; differences in survival 

persisted even after accounting for stage and treatment (-11.2 months; 95% CI=-25.6, -

2.6). 
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 Sensitivity analyses examining the 5-year RMST for each cancer type (and 95% 

CIs) adjusted for Model 1 covariates, Model 1 covariates and stage, and Model 1 

covariates, stage, and treatment are presented by HIV status in Figures 2.9, 2.10, and 

2.11, respectively. Differences in 5-year RMST by HIV status for each cancer type (and 

95% CIs) adjusted for Model 1 covariates, Model 1 covariates and stage, and Model 1 

covariates, stage, and treatment are presented in Figures 2.12, 2.13, and 2.14, 

respectively. While there is a somewhat large amount of variability in RMST within the 

each cancer for each of the three models, the difference in RMST between JHHCC and 

SEER is fairly consistent and approximately zero across all cancers. 

 

DISCUSSION 

 We compared cancer stage at diagnosis, probabilities of initial cancer treatment, 

and 5-year restricted mean survival time to death following cancer diagnosis between 

PWH enrolled in HIV care (JHHCC) and the outcomes that we would expect had those 

individuals not had HIV, using the SEER data. Prior studies that have found PWH 

present at a later stage than those without HIV[4], [46]. In this study, we found PWH had 

higher rates of local and distant stages at presentation than had they not had HIV 

infection. This distribution suggests the potential for two underlying mechanisms: 1) HIV 

may lead to faster progression of cancer and 2) enrollment in HIV care may result in 

enhanced monitoring and earlier diagnosis of cancers.  

Probabilities of initial cancer treatment did not differ by HIV status. This result 

echoes a few prior studies that have found no disparities in cancer treatment rates by 

HIV status among those enrolled in managed care organizations [9], [12]. Prior studies 

that have found disparities in cancer treatment probabilities by HIV status might be 

explained by differences in access to care [5], [6]. Our analysis was restricted to persons 

with HIV engaged in continuity care, both controlling for the possibility that poor access 
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to care may be a key mediator of disparities in cancer treatment due to HIV infection, 

and limiting our ability to study the role that access to care may play in disparities 

observed elsewhere. 

We found a reduction in survival among PWH after accounting for cancer type 

and demographic differences; however, differences in stage at diagnosis and receipt of 

cancer treatment largely accounted for this reduction. This reflects the results of a similar 

studies among those engaged in HIV care[10], [12], and suggests that other differences 

in mortality after cancer diagnosis observed between PWH and the general population 

might be due to access to cancer screenings and/or treatment[5], [6], [8], [47]. We found 

more pronounced differences in survival at lower CD4 levels, particularly among women, 

despite accounting for demographic covariates, cancer stage, and treatment. It is 

possible that immune suppression plays a role in the progression of cancer and/or in the 

tolerability of treatment among PWH[8], [21]. More evidence on the tolerability and 

efficacy of treatment among PWH, particular among women and those with low CD4 cell 

counts, is needed[21]. 

 This study has several limitations. First, we have a relatively small number of 

cancer cases among PWH from a single institution, limiting the generalizability of our 

findings and precluding analyses of particular cancer types. We conducted a sensitivity 

analysis looking at the three main outcomes (stage, treatment, and mortality) within in 

each cancer type and compared results to the overall outcomes when all cancer types 

were pooled. As expected, there was significant variability in the results within the 

cancer types. We also saw large deviations in the estimated probabilities of the 

outcomes, particularly for stage at diagnosis and 5-year RMST; despite these deviations, 

the differences in probability of being diagnosed at each particular stage, the differences 

in probability of initial cancer treatment, and the differences in 5-year RMST between 

JHHCC and SEER were fairly consistent. A replication of this analysis among particular 
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cancer types with sufficient sample size would be helpful to further assess the potential 

heterogeneity in the effect of HIV on stage, treatment, and survival by cancer type and 

would provide more data that is more relevant to clinical practice. 

  Additionally, outcomes (staging, treatment, and mortality) for our two different 

populations (JHHCC and SEER) come from different data sources and may have been 

measured differently; however, the cancer information for JHHCC is obtained from the 

Maryland Cancer Registry, which reports information based on the SEER Site Groups 

for Primary Site and the SEER Summary Staging 2000 guidelines. We also only have 

information on broad cancer type, so we might have residual confounding due to 

differences in histology or cancer subtype by HIV status. This is particularly a concern 

for NHL, a common cancer in PWH with known differences in subtype distributions by 

HIV status[48]. However, the results among only those with NADCs, i.e. excluding NHL, 

were fairly consistent with the results among all cancers. 

Furthermore, cancer treatment data is limited to the first course of cancer 

treatment and measures of chemotherapy and radiation have been found to have a low 

sensitivity in SEER[42]. However, the results of our sensitivity analysis among cancers 

for which surgery is a standard treatment modality were similar to results among all 

cancers, suggesting the adequacy of our “any cancer treatment” outcome. Controlling for 

first course of cancer treatment instead of all courses of cancer treatment in models for 

the direct effect of HIV on mortality after cancer diagnosis not through treatment 

disparities might lead to residual confounding if PWH are less likely to receive 

subsequent cancer treatments than the general population. 

Finally, we used all-cause mortality rather than cancer mortality, which introduces 

the possibility that deaths are due to other non-cancer causes, such HIV/AIDS or 

substance use. Presumably, higher rates of non-cancer mortality found among PWH 

would result in increased all-cause mortality for PWH as compared to HIV negatives, 
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and differences in socioeconomic status, substance use, and hepatitis C, among other 

factors, could not be accounted for in our analysis. We did not see a significant 

difference in survival after cancer diagnosis among all cancers but did see a decreased 

survival among those with CD4 ≤200, suggesting that AIDS-related mortality might 

explain the differences among those with lower CD4. It is also possible that those in 

JHHCC might actually have lower rates of cancer-specific mortality as compared to the 

general population in SEER by virtue of their linkage to care within a high-quality, tertiary 

hospital system, but their higher non-cancer mortality rates would yield no observed 

difference in all-cause mortality.  

Despite certain limitations in the data, our use of random forest and random 

survival forest methods coupled with G-computation provided flexibility in determining 

the association of the covariates with outcomes of interest[37], [38] and an efficient 

estimator to offset the smaller sample size of the study[33], [34], [36]. We also had 

available information on CD4 cell count, allowing us to look at differences in the effect of 

HIV on cancer outcomes by levels of immune suppression at cancer diagnosis. 

 In summary, HIV infection was associated with a higher probability of having 

cancer diagnosed a distant or localized stage. We did not observe a difference in the 

probability of receiving initial cancer treatment after accounting for demographic and 

cancer stage information. Although we did observe a decreased survival in the 5 years 

after cancer diagnosis for PWH, the difference was explained by accounting for stage at 

diagnosis except in women with CD4 ≤200. Information on predictors of advanced stage 

at diagnosis and earlier detection of cancers among PWH would improve prognosis for 

these individuals. The mean survival time for PWH with CD4 >200 is reassuring and 

reinforces the need for earlier HIV diagnosis and improved ART adherence to prevent 

immune suppression. Finally, as cancer treatment recommendations are developed for 
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PWH, the role of HIV-related immune suppression in the receipt and tolerability of 

cancer treatment should be explored further. 

Acknowledgments: 
 
a Cancer incidence data were provided by the Maryland Cancer Registry, Center for 

Cancer Prevention and Control, Maryland Department of Health, 201 W. Preston Street, 

Room 400, Baltimore, MD 21201.  

https://phpa.health.maryland.gov/cancer/Pages/mcr_home.aspx, 410-767-4055. We 

acknowledge the State of Maryland, the Maryland Cigarette Restitution Fund, and the 

National Program of Cancer Registries of the Centers for Diseases Control and 

Prevention for the funds that support the collection and availability of the cancer registry 

data. 

 

 

 
 
 

 

https://phpa.health.maryland.gov/cancer/Pages/mcr_home.aspx


 40 

 
Table 2.1: Characteristics of individuals diagnosed with an incident, first cancer in 
JHHCC (N=254) from 1997-2014. 
 
 JHHCC Cancers 

N (%) or Median (IQR) 
Cancer Types 

Non-Hodgkin’s Lymphoma 
Lung 
Liver 

Hodgkin Lymphoma 
Prostate 

Breast 
Anal 

Other 

 
53 
42 
23 
18 
18 
16 
15 
69 

 
(20.9%) 
(16.5%) 
(9.1%) 
(7.1%) 
(7.1%) 
(6.3%) 
(5.9%) 
(27.2%) 

Age 50 (45 – 56) 
Male 176 (69.3%) 
Non-Hispanic Black 199 (78.3%) 
Diagnosis Year 

1997-2000 
2001-2005 
2006-2010 
2011-2014 

 
15 
86 

103 
50 

 
(5.9%) 
(33.9%) 
(40.6%) 
(19.7%) 

CD4 
Median (IQR) 
N Missing (%) 

 
289 
29 

 
(150 – 451) 
(11.4%)  
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Table 2.2: Predicted probability of being diagnosed with a particular cancer stage among those with a first, incident cancer between 
1997-2014 for PWH in JHHCC (JHHCC probability) and the probability we would expect had those in JHHCC not had HIV based on 
models generated using the SEER data (SEER probability), and the prevalence difference (PD) for each cancer stage between 
JHHCC and SEER.a 

  JHHCC Prob. (95% CI) SEER Prob. (95% CI) PD (95% CI) 
All Cancers Localized 0.30 (0.25, 0.36) 0.06 (0.04, 0.09) 0.24 (0.18, 0.30) 

Regional 0.21 (0.15, 0.26) 0.83 (0.80, 0.89) -0.63 (-0.70, -0.58) 
Distant 0.45 (0.39, 0.51) 0.09 (0.05, 0.11) 0.36 (0.30, 0.43) 
Unstaged 0.04 (0.02, 0.07) 0.02 (0.003, 0.024) 0.02 (0.0003, 0.06) 

NADC Localized 0.39 (0.32, 0.45) 0.05 (0.03, 0.08) 0.34 (0.26, 0.40) 
Regional 0.26 (0.19, 0.33) 0.88 (0.83, 0.91) -0.62 (-0.69, -0.54) 
Distant 0.30 (0.23, 0.37) 0.06 (0.03, 0.09) 0.24 (0.17, 0.31) 
Unstaged 0.05 (0.01, 0.09) 0.01 (0.001, 0.02) 0.04 (0.003, 0.08) 

Malesb,c Localized 0.29 (0.22, 0.36) 0.05 (0.03, 0.09) 0.24 (0.16, 0.31) 
Regional 0.20 (0.14, 0.26) 0.86 (0.80, 0.90) -0.65 (-0.73, -0.57) 
Distant 0.50 (0.42, 0.59) 0.09 (0.05, 0.13) 0.41 (0.33, 0.50) 

Femalesb,c Localized 0.37 (0.25, 0.49) 0.05 (0.02, 0.10) 0.32 (0.18, 0.43) 
Regional 0.25 (0.14, 0.35) 0.88 (0.81, 0.94) -0.64 (-0.75, -0.52) 
Distant 0.39 (0.28, 0.50) 0.07 (0.01, 0.10) 0.32 (0.21, 0.45) 

a All models account for age, sex, race, year of diagnosis, and cancer type. 
b Unstaged is removed from male and female models due to small sample size. 
c Models among males and females exclude sex from the random forest methods. 
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Table 2.3: Probability of receiving any cancer treatment among those with a primary, incident cancer between 1997-2014 for PWH in 
JHHCC (JHHCC probability) and the probability we would expect had those in JHHCC not had HIV based on models generated 
using the SEER data (SEER probability), and the prevalence difference (PD) in cancer treatment probability between JHHCC and 
SEER.a 

Cancer Types CD4 Strata JHHCC Prob. (95% CI) SEER Prob. (95% CI) PD  (95% CI) 
All Cancers - 0.83 (0.76, 0.87) 0.87 (0.82, 0.88) -0.04 (-0.09, 0.02) 
 CD4 ≤200 0.79 (0.68, 0.88) 0.86 (0.79, 0.92) -0.07 (-0.18, 0.02) 

 CD4 >200 0.86 (0.81, 0.92) 0.85 (0.81, 0.89) 0.01 (-0.05, 0.08) 

NADC - 0.82 (0.76, 0.87) 0.85 (0.81, 0.89) -0.03 (-0.10, 0.04) 

 CD4 ≤200 0.77 (0.63, 0.88) 0.85 (0.78, 0.90) -0.08 (-0.22, 0.04) 

 CD4 >200 0.86 (0.80, 0.92) 0.85 (0.81, 0.89) 0.005 (-0.06, 0.08) 

Malesb - 0.80 (0.73, 0.87) 0.80 (0.76, 0.86) -0.001 (-0.09, 0.07) 
 CD4 ≤200 0.81 (0.69, 0.93) 0.82 (0.74, 0.90) -0.01 (-0.15, 0.12) 

 CD4 >200 0.82 (0.74, 0.09) 0.78 (0.74, 0.85) 0.04 (-0.06, 0.12) 

Femalesb - 0.87 (0.79, 0.95) 0.90 (0.83, 0.93) -0.03 (-0.10, 0.08) 

 CD4 ≤200 0.74 (0.52, 0.91) 0.88 (0.78, 0.95) -0.14 (-0.34, 0.04) 

 CD4 >200 0.94 (0.89, 1.00) 0.91 (0.83, 0.94) 0.03 (-0.01, 0.13) 

Surgeryc - 0.80 (0.73, 0.87) 0.85 (0.80, 0.88) -0.05 (-0.11, 0.03) 
 CD4 ≤200 0.70 (0.53, 0.86) 0.82 (0.72, 0.90) -0.09 (-0.26, 0.03) 

 CD4 >200 0.83 (0.76, 0.90) 0.86 (0.80, 0.89) -0.03 (-0.10, 0.06) 
 
a All models account for age, sex, race, year of diagnosis, cancer type, and stage at diagnosis. 
b Models among males and females exclude sex from the random forest methods. 
c Cancers for which surgery is a standard treatment modality (excludes anal cancer and hematologic malignancies) 
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Table 2.4: Restricted mean survival time (RMST) through 5 years of follow-up among those with incident, primary cancers between 
1997-2014 for PWH in JHHCC (JHHCC RMST) and the RMST we would expect had those in JHHCC not had HIV based on models 
generated using the SEER data (SEER RMST), and the difference in RMST between JHHCC and SEER (RMST Difference). 

Cancer Types Model JHHCC RMST 
Months   (95% CI) 

SEER RMST 
Months   (95% CI) 

RMST Difference 
Months   (95% CI) 

All Cancers 
Model 1a 31.9 (28.8, 35.4) 37.3 (34.4, 39.3) -5.4  (-8.2, -1.4) 
Model 1+ Stageb 31.8 (28.8, 35.3) 35.0 (31.7, 38.1) -3.3  (-6.8, 1.1) 
Model 1+ Stage+ Treatmentc 32.1 (28.8, 35.4) 35.0 (32.8, 37.8) -2.8  (-6.4, 0.1) 

CD4 ≤200 
Model 2d 26.0 (19.8, 31.7) 37.7 (33.4, 42.3) -11.7 (-19.5, -4.7) 
Model 2+ Stagee 28.1 (19.9, 31.6) 34.3 (28.6, 38.9) -6.3 (-15.7, -0.4) 
Model 2+ Stage+ Treatmentf 25.6 (19.9, 31.6) 32.4 (28.8, 38.7) -6.8 (-15.5, -0.5) 

CD4 >200 
Model 2 36.2 (32.1, 40.6) 36.0 (32.7, 39.0) 0.1 (-3.6, 4.6) 
Model 2+ Stage 35.1 (32.1, 40.6) 34.1 (31.5, 38.4) 1.0 (-2.3, 5.1) 
Model 2+ Stage+ Treatment 36.5 (32.1, 40.6) 35.1 (31.5, 38.5) 1.4 (-2.4, 5.2) 

NADC 
Model 1 32.2 (29.0, 35.7) 33.3 (32.7, 38.8) -1.1  (-7.0, 0.2) 
Model 1+ Stage 32.3 (29.0, 35.6) 33.2 (31.6, 37.2) -0.9  (-5.4, 1.2) 
Model 1+ Stage + Treatment 32.4 (29.1, 35.7) 35.0 (32.5, 37.6) -2.5  (-5.6, 0.1) 

 Model 2 28.7 (21.2, 35.7) 33.5 (30.5, 41.0) -4.8 (-15.4, 0.9) 
CD4 ≤200 Model 2+ Stage 28.7 (21.2, 35.3) 31.4 (26.9, 36.9) -2.7 (-11.8, 4.6) 

 Model 2+ Stage+ Treatment 28.4 (21.1, 35.4) 31.0 (26.9, 36.8) -2.6 (-11.6, 4.5) 
 Model 2 34.2 (30.0, 38.0) 33.0 (32.1, 39.0) 1.2 (-5.4, 2.3) 

CD4 >200 Model 2+ Stage 33.9 (30.1, 37.9) 33.9 (31.4, 38.3) 0.03 (-4.0, 2.3) 
 Model 2+ Stage+ Treatment 33.7 (30.0, 37.9) 35.6 (31.3, 38.4) -1.9 (-4.1, 2.4) 

Malesg 
Model 1 31.6 (28.5, 35.9) 35.8 (32.9, 39.3) -4.2 (-7.7, -0.2) 
Model 1+ Stage 30.8 (28.4, 35.8) 31.9 (28.4, 37.4) -1.0 (-5.2, 3.5) 
Model 1+ Stage + Treatment 31.4 (28.5, 35.8) 32.9 (29.3, 36.3) -1.5 (-4.4, 3.0) 

 Model 2 25.4 (18.5, 34.2) 37.6 (31.2, 43.4) -12.2 (-19.4, -1.6) 
CD4 ≤200 Model 2+ Stage 25.8 (18.4, 34.0) 32.4 (24.9, 38.3) -6.6 (-15.0, 4.2) 

 Model 2+ Stage+ Treatment 26.5 (18.5, 33.9) 32.0 (25.1, 38.0) -5.5 (-14.9, 4.2) 
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 Model 2 34.6 (29.9, 39.7) 34.6 (31.0, 38.6) -0.05 (-4.7, 4.7) 
CD4 >200 Model 2+ Stage 35.0 (30.0, 39.8) 32.2 (28.5, 36.4) 2.7 (-2.4, 7.2) 

 Model 2+ Stage+ Treatment 34.7 (30.1, 39.8) 32.2 (28.4, 36.6) 2.5 (-2.6, 7.4) 

Femalesg 
Model 1 34.0 (29.2, 40.5) 40.4 (37.8, 45.2) -6.4 (-12.9, -0.4) 
Model 1+ Stage 33.7 (29.1, 40.4) 38.2 (35.1, 43.5) -4.5 (-10.4, 1.3) 
Model 1+ Stage+ Treatment 33.9 (29.1, 40.5) 40.5 (36.9, 44.7) -6.6 (-11.5, -0.5) 

 Model 2 24.1 (13.7, 34.1) 39.8 (35.9, 47.6) -15.7 (-30.7, -5.0) 
CD4 ≤200 Model 2+ Stage 23.8 (13.6, 33.8) 35.7 (31.2, 44.2) -11.9 (-25.6, -2.5) 

 Model 2+ Stage+ Treatment 24.8 (13.6, 33.7) 36.1 (31.5, 44.1) -11.2 (-25.6, -2.6) 
 Model 2 39.6 (32.7, 46.8) 39.7 (34.7, 44.9) -0.1 (-7.5, 7.3) 

CD4 >200 Model 2+ Stage 39.6 (32.8, 46.8) 38.1 (33.9, 44.3) 1.5 (-5.9, 7.3) 
 Model 2+ Stage+ Treatment 39.6 (32.8, 46.8) 41.5 (33.8, 44.3) -1.9 (-5.9, 7.4) 

a Model 1 includes cancer type, age, sex, race, and year of diagnosis. 
b Model 1 + Stage includes cancer type, age, sex, race, year of diagnosis, and cancer stage. 
c Model 1 + Stage + Treatment includes cancer type, age, sex, race, year of diagnosis, cancer stage, any chemotherapy, any radiation, and any surgery. 
d Model 2 includes cancer type, age, sex, race, year of diagnosis, and CD4 at diagnosis 
e Model 2 + Stage includes cancer type, age, sex, race, year of diagnosis, CD4 at diagnosis, and cancer stage 
f Model 2 + Stage + Treatment includes cancer type, age, sex, race, year of diagnosis, CD4 at diagnosis, cancer stage, any chemotherapy, any radiation, and any 
surgery 
g Models among males and females exclude sex from the random forest methods 
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Figure 2.1: Estimated mean probabilities of being diagnosed at a localized stage by cancer type among JHHCC (red) and SEER 
(blue).a 

 
a Dots are the estimated mean probability of localized stage adjusted for age, sex, race, and year of diagnosis (also cancer type among All JHHCC and All SEER). 
Lines are the estimated 95% confidence intervals based on the 2.5th and 97.5th percentiles of 1,000 bootstrap samples. 
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Figure 2.2:  Difference in estimated mean probabilities of being diagnosed at a localized stage between JHHCC and SEER by 
cancer type.a 

 
a Boxes are the difference in estimated mean probability of localized stage (JHHCC-SEER) with the size of the box reflective of the relative sample size, adjusted 
for age, sex, race, and year of diagnosis (also cancer type among All Cancers). Lines are the 95% confidence intervals for the probability difference based on the 
2.5th and 97.5th percentiles of 1,000 bootstrap samples.
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Figure 2.3: Estimated mean probabilities of being diagnosed at a regional stage by cancer type among JHHCC (red) and SEER 
(blue).a 

 
a Dots are the estimated mean probability of regional stage adjusted for age, sex, race, and year of diagnosis (also cancer type among All JHHCC and All SEER). 
Lines are the estimated 95% confidence intervals based on the 2.5th and 97.5th percentiles of 1,000 bootstrap samples. 
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Figure 2.4: Difference in estimated mean probabilities of being diagnosed at a regional stage between JHHCC and SEER by cancer 
type.a 

 
a Boxes are the difference in estimated mean probability of regional stage (JHHCC-SEER) with the size of the box reflective of the relative sample size, adjusted 
for age, sex, race, and year of diagnosis (also cancer type among All Cancers). Lines are the 95% confidence intervals for the probability difference based on the 
2.5th and 97.5th percentiles of 1,000 bootstrap samples. 
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Figure 2.5: Estimated mean probabilities of being diagnosed at a distant stage by cancer type among JHHCC (red) and SEER 
(blue).a 

 
a Dots are the estimated mean probability of distant stage adjusted for age, sex, race, and year of diagnosis (also cancer type among All JHHCC and All SEER). 
Lines are the estimated 95% confidence intervals based on the 2.5th and 97.5th percentiles of 1,000 bootstrap samples. 
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Figure 2.6: Difference in estimated mean probabilities of being diagnosed at a distant stage between JHHCC and SEER by cancer 
type.a 

 
a Boxes are the difference in estimated mean probability of distant stage (JHHCC-SEER) with the size of the box reflective of the relative sample size, adjusted for 
age, sex, race, and year of diagnosis (also cancer type among All Cancers). Lines are the 95% confidence intervals for the probability difference based on the 2.5th 
and 97.5th percentiles of 1,000 bootstrap samples. 
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Figure 2.7: Estimated mean probabilities of receiving initial cancer treatment by cancer type among JHHCC (red) and SEER (blue).a 

 
a Dots are the estimated mean probability of receiving initial cancer treatment adjusted for stage at diagnosis, age, sex, race, and year of diagnosis (also cancer 
type among All JHHCC and All SEER). Lines are the estimated 95% confidence intervals based on the 2.5th and 97.5th percentiles of 1,000 bootstrap samples. 
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Figure 2.8: Difference in estimated mean probabilities of receiving initial cancer treatment between JHHCC and SEER by cancer 
type.a 

 
a Boxes are the difference in estimated mean probability of receiving initial cancer treatment (JHHCC-SEER) with the size of the box reflective of the relative 
sample size, adjusted for stage at diagnosis, age, sex, race, and year of diagnosis (also cancer type among All Cancers). Lines are the 95% confidence intervals 
for the probability difference based on the 2.5th and 97.5th percentiles of 1,000 bootstrap samples. 
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Figure 2.9: Estimated 5-year restricted mean survival time following cancer diagnosis by cancer type among JHHCC (red) and 
SEER (blue) adjusted for Model 1 covariates.a 

 
a Dots are the estimated restricted mean survival time adjusted for age, sex, race, and year of diagnosis (also cancer type among All JHHCC and All SEER). Lines 
are the estimated 95% confidence intervals based on the 2.5th and 97.5th percentiles of 1,000 bootstrap samples. 
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Figure 2.10: Estimated 5-year restricted mean survival time following cancer diagnosis by cancer type among JHHCC (red) and 
SEER (blue) adjusted for Model 1 covariates and stage at diagnosis.a 

 

a Dots are the estimated restricted mean survival time adjusted for stage at diagnosis, age, sex, race, and year of diagnosis (also cancer type among All JHHCC 
and All SEER). Lines are the estimated 95% confidence intervals based on the 2.5th and 97.5th percentiles of 1,000 bootstrap samples. 
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Figure 2.11: Estimated 5-year restricted mean survival time following cancer diagnosis by cancer type among JHHCC (red) and 
SEER (blue) adjusted for Model 1 covariates, stage at diagnosis, and initial cancer treatment.a  
 

 
a Dots are the estimated restricted mean survival time adjusted for stage at diagnosis, an indicator for any initial chemotherapy, an indicator for any initial radiation, 
an indicator for any initial surgery, age, sex, race, and year of diagnosis (also cancer type among All JHHCC and All SEER). Lines are the estimated 95% 
confidence intervals based on the 2.5th and 97.5th percentiles of 1,000 bootstrap samples. 
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Figure 2.12: Difference in estimated 5-year restricted mean survival time following cancer diagnosis between JHHCC and SEER by 
cancer type adjusted for Model 1 covariates.a 

 
a Boxes are the difference in estimated 5-year restricted mean survival time (JHHCC-SEER) with the size of the box reflective of the relative sample size, adjusted 
for age, sex, race, and year of diagnosis (also cancer type among All Cancers). Lines are the 95% confidence intervals for the probability difference based on the 
2.5th and 97.5th percentiles of 1,000 bootstrap samples. 
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Figure 2.13: Difference in estimated 5-year restricted mean survival time following cancer diagnosis between JHHCC and SEER by 
cancer type adjusted for Model 1 covariates and stage at diagnosis.a 

 
a Boxes are the difference in estimated 5-year restricted mean survival time (JHHCC-SEER) with the size of the box reflective of the relative sample size, adjusted for stage at 
diagnosis, age, sex, race, and year of diagnosis (also cancer type among All Cancers). Lines are the 95% confidence intervals for the probability difference based on the 2.5th and 
97.5th percentiles of 1,000 bootstrap samples. 
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Figure 2.14: Difference in estimated 5-year restricted mean survival time following cancer diagnosis between JHHCC and SEER by 
cancer type adjusted for Model 1 covariates, stage at diagnosis, and initial cancer treatment.a 

 
a Boxes are the difference in estimated 5-year restricted mean survival time (JHHCC-SEER) with the size of the box reflective of the relative sample size, adjusted 
for stage at diagnosis, an indicator for any initial chemotherapy, an indicator for any initial radiation, an indicator for any initial surgery, age, sex, race, and year of 
diagnosis (also cancer type among All Cancers). Lines are the 95% confidence intervals for the probability difference based on the 2.5th and 97.5th percentiles of 
1,000 bootstrap samples.
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Abstract 

Background: Cancer treatment in people with HIV (PWH) presumably results in a sharp 

decline and delayed recovery of CD4 cell counts and may affect ART adherence and 

therefore HIV viral load. The extent to which these CD4 declines and/or viral load 

changes may increase mortality is unknown. The primary objectives of this study are to 

quantify the effect of cancer treatment on CD4 and HIV viral load in PWH and to 

estimate the association between treatment-related CD4 and viral load trajectories and 

all-cause mortality independent of mortality risk attributed to demographic 

characteristics, cancer type and stage.  

Methods: We included 218 PWH from the Johns Hopkins HIV clinic diagnosed with an 

incident cancer. There were 2185 CD4 measures. Initial cancer treatment was classified 

as immunosuppressive (chemotherapy/radiation) or non-immunosuppressive 

(surgery/no treatment). Three shared parameter joint longitudinal survival models were 

analyzed, including: 1) longitudinal CD4 and all-cause mortality, 2) longitudinal log10 viral 

load and all-cause mortality, and 3) longitudinal CD4, longitudinal log10 viral load, and all-

cause mortality. The longitudinal models were mixed effects models. All-cause mortality 

was modeled using Cox proportional hazards models. Models adjusted for confounders, 

including expected 5-year mortality using SEER estimates based on cancer type and 

stage. To reduce heterogeneity in types of treatments and cancers, a sensitivity analysis 

was conducted only among solid tumor cancers and those with a good prognosis as 

defined by a baseline CD4>200 and an expected 5-year mortality <50% based on 

estimates using the National Cancer Institute’s Surveillance, Epidemiology, and End 

Results program for an individual’s cancer type and stage.  

Results: In the longitudinal CD4 and mortality joint model, immunosuppressive 

treatment resulted in an initial decline of 155 CD4 cells (95% CI= 99, 211) as compared 

to non-immunosuppressive treatment among those with a baseline CD4>500. No effect 
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of immunosuppressive treatment was observed on viral load among those who were 

virally suppressed at baseline (0.09; 95% CI= -0.20, 0.37), but it did reduce log10 viral 

load for those who were unsuppressed at baseline (-0.42; 95% CI= -0.83, -0.02). When 

longitudinal viral load was included in the joint model with longitudinal CD4 and mortality, 

immunosuppressive treatment decreased initial CD4 by 200 cells among those with 

baseline CD4>500 (95% CI= 95, 301), but the effect was blunted to a decline of only 44 

cells (Interaction= 156, 95% CI: 38, 275) among those with baseline CD4≤350. Following 

initial cancer treatment, every 100 CD4 cell increase resulted in a significant reduction in 

mortality in the CD4-mortality model (HR=0.74; 95% CI= 0.64, 0.85) and in the CD4-viral 

load-mortality model (HR=0.81; 95% CI= 0.70, 0.93). Similar trends were seen among 

the sensitivity analyses. 

Conclusions: Immunosuppressive treatment significantly reduced initial CD4 cell count 

in PWH as compared to non-immunosuppressive treatment; however, this result was 

blunted in those with low baseline CD4. At higher levels of baseline CD4, 

immunosuppressive treatment results in lower mean CD4 levels throughout follow-up, 

although there is a large amount of variability. Lower CD4 cell count following cancer 

treatment is associated with increased hazard of all-cause mortality, independent of 

demographic characteristics, cancer type, and stage. These data suggest that when 

possible, cancer treatments that are less immunosuppressive are preferable in PWH in 

order to preserve the patient’s immune status. 
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INTRODUCTION 

Despite the fact that cancers are now a leading cause of death among people 

with HIV (PWH) in the era of antiretroviral therapy (ART)[1]–[3], recommendations for 

the use of cancer therapies in PWH are limited[4]. Prior studies in lung cancer[5], [6], 

anal cancer[7], [8], non-Hodgkin’s lymphoma (NHL)[9], [10], breast cancer[11], and 

Hodgkin’s lymphoma (HL)[12], among others, have found that PWH can tolerate 

standard cancer therapy[13]; nevertheless, concerns about cancer treatment tolerability 

remain[14]–[16], particularly among individuals with low CD4 levels[17],[18]. One such 

concern is the tolerability of ART use during cancer treatment. Despite the potential for 

drug-drug interactions [19], [20], ART use during cancer treatment is becoming 

increasingly common [1], [5], [21], [22]. However, few studies have characterized the 

effect of cancer treatment on ART adherence or HIV viral load in PWH[23], [24]. 

Another concern related to cancer treatment tolerability in PWH is the 

immunosuppressive effect of cancer therapies. Chemotherapy and radiation at a variety 

of sites result in sharp declines in T cell counts among people without HIV[25]–[33]. 

Cancer treatments have been shown to induce a pronounced period of immune 

suppression in PWH, particularly if they receive radiation[7], [15], [23], [34], [35]. 

Chemotherapy and/or radiation have been associated with average declines in CD4 

among PWH in excess of 200 cells/mm3 lasting over a period of several years[7], [23], 

[34], [36]. However, these declines have not been observed across all studies and are 

likely affected by ART use during treatment[9], [37]. 

It is known that CD4 and HIV viral load are important predictors of morbidity and 

mortality in PWH[38], [39]. However, it is unclear to what extent changes in HIV viral 

load and CD4 during cancer treatment are associated with adverse outcomes among 

PWH[23], [35], [40]. In this study, we seek to characterize the effects of different cancer 

treatments on longitudinal CD4 and HIV viral load measures in PWH and examine how 
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changes in CD4 and/or HIV viral load due to cancer treatment are associated with all-

cause mortality risk.  

METHODS 

Data Sources 

We identified incident cancer cases among enrollees in the Johns Hopkins HIV 

Clinical Cohort (JHHCC) between January 1, 1997 and September 30, 2014. JHHCC is 

a longitudinal clinical cohort comprised of consenting adults with HIV who are enrolled in 

the Johns Hopkins HIV Clinic, which has been previously described[41]. Of the 382 

incident first cancer cases that occurred during the study period, 296 (77%) were linked 

to the Maryland Cancer Registrya, which was the primary source staging and cancer 

treatment data. Individuals that did not have available laboratory measures, either CD4 

or HIV viral load, following cancer diagnosis were excluded from the analysis, resulting 

in a final study sample of 218.  

Information on cancer type, corresponding to the National Cancer Institute’s 

Surveillance, Epidemiology, and End Results (SEER) Program Site Groups for Primary 

Site[42], and date of diagnosis were validated in the cohort via a medical record review. 

Staging information from the Maryland Cancer Registry followed the SEER Summary 

Staging 2000 guidelines[43]. The Maryland Cancer Registry also collects information on 

the first course of cancer treatment for each individual. Information on the use of any 

chemotherapy, surgery, radiation, hormone therapy, immunotherapy, or other treatments 

is collected along with the date of initiation of each treatment type. Chemotherapy 

information includes whether single or multiple agents were used but not specific 

regimens or doses. Information on surgical site is reported using SEER Surgery of 

Primary Site Codes[44]. Information on whether beam radiation, radioactive implants, or 

radioisotopes were used is also available but not specific sites or doses. There is also 

information available on whether treatments were recommended but not administered. 
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Information on the duration of treatments such as chemotherapy or radiation is not 

available.  

Cancer Treatment Categorization 

Three different categorizations of initial cancer treatment were considered based 

on the hypothesis that chemotherapy and/or radiation might result in distinct patterns of 

CD4 declines as compared to surgery or no treatment[23], [25], [35], [45]. The first 

categorization considered was a comparison of all those receiving any radiation 

treatments (including radiation and chemotherapy), those receiving chemotherapy but no 

radiation, and those receiving neither chemotherapy or radiation (e.g. surgery, hormone 

therapy, and/or immunotherapy), which serves as a reference group to look at 

immunologic changes in those without immunosuppressive therapies. The second 

categorization was a comparison of those receiving any chemotherapy, those receiving 

radiation but no chemotherapy, and those receiving no chemotherapy or radiation. The 

third categorization was a comparison between those who received chemotherapy 

and/or radiation, termed immunosuppressive treatment, with those who did not receive 

either chemotherapy or radiation, termed non-immunosuppressive treatment.  

Longitudinal Measures 

Measures of CD4 cell count (cells/mm3) and HIV viral load (copies/mL) were 

collected through routine clinical care. Laboratory measures were available for all labs 

drawn within the Johns Hopkins Hospital system and at the two largest commercial 

laboratories serving the Johns Hopkins HIV Clinic.[41] A log10 transformation of HIV viral 

load was used for the longitudinal analyses. Laboratory measures were collected 

through March 1, 2016. 

Time-to-event Data Set-up 

All-cause mortality is the main time-to-event outcome in this analysis. Information 

on vital status and date of death was obtained through medical record review and 
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regular linkage to the Social Security Death Index and National Death Index through 

March 1, 2016. The time origin used for the time-to-event analyses (i.e. baseline) was 

the date of cancer treatment initiation. For those who received chemotherapy and/or 

radiation, the earlier date of chemotherapy or radiation initiation was used. The time 

origin was the date of surgery for those undergoing surgery with no chemotherapy or 

radiation. Date of cancer diagnosis was used for those who did not receive surgery, 

chemotherapy, or radiation.  

Covariates 

Covariates were based on laboratory test results and cohort data collected via a 

semi-annual medical record review of the healthcare providers’ standard history and 

physicals. Race/ethnicity was categorized as non-Hispanic white or other. Self-reported 

HIV acquisition risk group was categorized into either injection drug use (IDU), for those 

who reported IDU as a possible HIV acquisition risk, or non-IDU for those who did not 

report IDU as an HIV acquisition risk. Hepatitis C antibody status was determined by a 

positive antibody test at any point during follow-up. We identified baseline CD4 and HIV 

viral load measures as the closest lab value within 6 months prior to cancer diagnosis. 

For those without CD4 measure in the prior 6 months (N=6), the closest value to cancer 

diagnosis within the last 1.5 years was used. Baseline CD4 was also categorized into 

the following strata:  ≤350 cells/mm3, 351-500 cells/mm3, and >500 cells/mm3. Baseline 

HIV viral load (VL) was categorized as either suppressed, ≤400 copies/mL, or 

unsuppressed, >400 copies/mL. 

Prior AIDS diagnosis at baseline was based on medical record review and 

baseline ART was based on date of ART initiation. The date of ART initiation, defined as 

a three-drug regimen, or a qualifying two-drug regimen, was determined via medical 

record review. In order to isolate mortality associated with an individual’s CD4 and HIV 

trajectories, we sought to remove the effect of an individual’s cancer diagnosis on 
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mortality. The estimate of mortality driven by an individual’s cancer diagnosis was based 

on data from the SEER program[46]. For each individuals’ particular cancer type and 

stage, we obtained the age-adjusted SEER estimates of 5 year mortality for the general 

US population[47]–[52].  

Exploratory Data Analysis 

Exploratory analyses of several categorizations of cancer treatments were 

conducted to compare the differences in CD4 and HIV viral load trajectories over time by 

cancer treatment category and the association between cancer treatment category and 

mortality adjusted for relevant covariates. Plots with lowess lines of longitudinal CD4 

measures over time following cancer treatment were examined. Adjusted and 

unadjusted Kaplan-Meier (KM) curves for mortality following cancer treatment for various 

combinations of cancer treatment type, baseline CD4, and/or cancer type were also 

examined. Ultimately, initial cancer treatment type was categorized into 

immunosuppressive treatment for those receiving any chemotherapy and/or radiation, or 

non-immunosuppressive treatment for those receiving surgery, no cancer treatment, 

immunotherapy, and/or hormone therapy but not chemotherapy or radiation. 

Longitudinal Data Analysis 

The effects of immunosuppressive treatment on trajectories of CD4 and log10 HIV 

viral load following initial cancer treatment were examined using linear mixed effects 

models[53]. Several models for longitudinal CD4 and log10 HIV viral load were 

considered and final models were selected based on Akaike information criteria and an 

examination of the residuals[53]. In order to reduce dimensionality and allow for 

convergence of the joint longitudinal survival models in subsequent analyses, 

confounders thought to be associated with both receipt of immunosuppressive treatment 

and the longitudinal response were used to create a propensity score. The propensity 

score for both the CD4 and log10 HIV viral load longitudinal models was the conditional 
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probability of receiving immunosuppressive treatment based on continuous age, sex, 

race, IDU, baseline CD4 modeled using natural cubic splines with knots at the 20th, 40th, 

60th, and 80th percentile of the distribution, baseline ART use, hepatitis C, and an AIDS 

diagnosis prior to baseline.  

An indicator for immunosuppressive treatment, the main exposure, was included 

in each longitudinal model. Various knot placements were considered to model non-

linear time since cancer treatment. Interactions between time and immunosuppressive 

treatment were also considered. The longitudinal CD4 model also included baseline CD4 

category (≤350, 351-500, or >500) with >500 as the reference. Interactions between 

baseline CD4 category and immunosuppressive treatment, baseline CD4 category and 

time, and baseline CD4 category, immunosuppressive treatment, and time were also 

considered for the longitudinal CD4 model. An indicator for unsuppressed baseline viral 

load (>400 copies/mL) and an interaction between unsuppressed baseline viral load and 

immunosuppressive treatment were considered for the longitudinal log10 HIV viral load 

model.  

The final longitudinal CD4 model is presented in Equations 1a-1f. Time is 

modeled using natural cubic splines, termed time1 and time2, with a knot at the 50th 

percentile (Equation 1a). The intercept, π0i, includes the following fixed effects:  1) 

immunosuppressive treatment (Immuno); 2) baseline CD4≤350 (BaseCD4_1); 3) 

baseline CD4 351-500 (BaseCD4_2); 4) the propensity score modeled with natural cubic 

splines with knots at the 25th, 50th, and 75th percentiles of the distribution (Prop1, Prop2, 

Prop3, and Prop4); and 5) the interaction between baseline CD4 categories and 

immunosuppressive treatment (Equation 1b). The model also includes a random 

intercept, μ0i. The slopes, π1i and π2i, for time1 and time2 are presented in Equations 1c 

and 1d, respectively, and include fixed effects for the following interactions with time: 1) 

immunosuppressive therapy, 2) baseline CD4≤350, 3) baseline CD4 351-500, 4) 
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immunosuppressive therapy and baseline CD4≤350, and 5) immunosuppressive therapy 

and baseline CD4 351-500. Random effects for the slopes, μ1i and μ2i, are also included. 

The level one residual, rhi, is assumed to be randomly distributed with a mean of zero 

and variance of σ2 (Equation 1e). The random effects for the intercept and slopes, μ0i, μ1i, 

and μ2i, are also assumed to be normally distributed (Equation 1f). 

[𝐸𝑞. 1𝑎]   𝐶𝐷4ℎ𝑖 = 𝜋0𝑖 +  𝜋1𝑖𝑡𝑖𝑚𝑒1ℎ𝑖 + 𝜋2𝑖𝑡𝑖𝑚𝑒2ℎ𝑖 +  𝑟ℎ𝑖   
 
[𝐸𝑞. 1𝑏]   𝜋0𝑖 = 𝛽00 + 𝛽01𝐼𝑚𝑚𝑢𝑛𝑜𝑖 + 𝛽02𝐵𝑎𝑠𝑒𝐶𝐷4_1𝑖 +  𝛽03𝐵𝑎𝑠𝑒𝐶𝐷4_2𝑖  

+  𝛽04𝑃𝑟𝑜𝑝1𝑖  +  𝛽05𝑃𝑟𝑜𝑝2𝑖  +  𝛽06𝑃𝑟𝑜𝑝3𝑖  +  𝛽07𝑃𝑟𝑜𝑝4𝑖

+  𝛽08𝐼𝑚𝑚𝑢𝑛𝑜𝑖𝐵𝑎𝑠𝑒𝐶𝐷4_1𝑖 + 𝛽09𝐼𝑚𝑚𝑢𝑛𝑜𝑖𝐵𝑎𝑠𝑒𝐶𝐷4_2𝑖 + 𝜇0𝑖 
 
[𝐸𝑞. 1𝑐]   𝜋1𝑖 = 𝛽10 + 𝛽11𝐼𝑚𝑚𝑢𝑛𝑜𝑖 + 𝛽12𝐵𝑎𝑠𝑒𝐶𝐷4_1𝑖 + 𝛽13𝐵𝑎𝑠𝑒𝐶𝐷4_2𝑖

+ 𝛽14𝐼𝑚𝑚𝑢𝑛𝑜𝑖𝐵𝑎𝑠𝑒𝐶𝐷4_1𝑖 + 𝛽15𝐼𝑚𝑚𝑢𝑛𝑜𝑖𝐵𝑎𝑠𝑒𝐶𝐷4_2𝑖 + 𝜇1𝑖 
 
[𝐸𝑞. 1𝑑]   𝜋2𝑖 = 𝛽20 + 𝛽21𝐼𝑚𝑚𝑢𝑛𝑜𝑖 + 𝛽22𝐵𝑎𝑠𝑒𝐶𝐷4_1𝑖 + 𝛽23𝐵𝑎𝑠𝑒𝐶𝐷4_2𝑖

+ 𝛽24𝐼𝑚𝑚𝑢𝑛𝑜𝑖𝐵𝑎𝑠𝑒𝐶𝐷4_1𝑖 + 𝛽25𝐼𝑚𝑚𝑢𝑛𝑜𝑖𝐵𝑎𝑠𝑒𝐶𝐷4_2𝑖 + 𝜇2𝑖 
 
[𝐸𝑞. 1𝑒]  𝑟ℎ𝑖 ~𝑁(0, 𝜎2) 
 

[𝐸𝑞. 1𝑓]  [

𝜇0𝑖

𝜇1𝑖

𝜇2𝑖

] ~𝑁 (

𝜏00 𝜏01 𝜏02

𝜏10 𝜏11 𝜏12

𝜏20 𝜏21 𝜏22

) 

 

The final longitudinal log10 HIV viral load is presented in Equations 2a-2f. Time is 

again modeled using natural cubic splines, termed time1hi and time2hi, with a knot at the 

50th percentile (Equation 2a). The intercept, κ0i, includes a random intercept, α0i, and 

fixed effects for immunosuppressive treatment (Immunoi), an indicator for unsuppressed 

baseline viral load (Unsuppi), the propensity score modeled with natural cubic splines 

with knots at the 25th, 50th, and 75th percentiles of the distribution (Prop1i, Prop2i, Prop3i, 

and Prop4i), an interaction between immunosuppressive treatment and an 

unsuppressed baseline viral load (Equation 2b). The slopes, κ1i and κ2i, for time1i and 

time2i are presented in Equations 1c and 1d, respectively, and include fixed effects for 

the interaction between time and immunosuppressive therapy. The models also include 
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random effects for the slopes, α1i and α2i. The level one residual, εhi , is assumed to be 

randomly distributed with a mean of zero and variance of ξ2 (Equation 2e). The random 

effects for the intercept and slopes also assumed a normal distribution (Equation 2f). 

[𝐸𝑞. 2𝑎]   𝑙𝑜𝑔10𝑉𝐿ℎ𝑖 = 𝜅0𝑖 +  𝜅1𝑖𝑡𝑖𝑚𝑒1ℎ𝑖 + 𝜅2𝑖𝑡𝑖𝑚𝑒2ℎ𝑖 + 𝜀ℎ𝑖   
 
[𝐸𝑞. 2𝑏]   𝜅0𝑖 = 𝜓00 + 𝜓01𝐼𝑚𝑚𝑢𝑛𝑜𝑖 + 𝜓02𝑈𝑛𝑠𝑢𝑝𝑝𝑖 +  𝜓03𝑃𝑟𝑜𝑝1𝑖  +  𝜓04𝑃𝑟𝑜𝑝2𝑖  

+  𝜓05𝑃𝑟𝑜𝑝3𝑖  +  𝜓06𝑃𝑟𝑜𝑝4𝑖 +  𝜓07𝐼𝑚𝑚𝑢𝑛𝑜𝑖𝑈𝑛𝑠𝑢𝑝𝑝𝑖 + 𝛼0𝑖 
 
[𝐸𝑞. 2𝑐]   𝜅1𝑖 = 𝜓10 + 𝜓11𝐼𝑚𝑚𝑢𝑛𝑜𝑖 + 𝛼1𝑖 
 
[𝐸𝑞. 2𝑑]   𝜅2𝑖 = 𝜓20 + 𝜓21𝐼𝑚𝑚𝑢𝑛𝑜𝑖 + 𝛼2𝑖 
 
[𝐸𝑞. 2𝑒]  𝜀ℎ𝑖 ~𝑁(0, 𝜉2) 
 

[𝐸𝑞. 2𝑓]  [

𝛼0𝑖

𝛼1𝑖

𝛼2𝑖

] ~𝑁 (

𝜌00 𝜌01 𝜌02

𝜌10 𝜌11 𝜌12

𝜌20 𝜌21 𝜌22

) 

 

Study Population Sensitivity Analyses  

 Because one of the goals of this analysis is to make inferences related to 

whether the use of immunosuppressive cancer treatments can increase risk of mortality 

in PWH, we conducted a sensitivity analysis among the subset of individuals deemed to 

have a good prognosis. This was defined as individuals who had a baseline CD4 >200 

cells/mm3 and a SEER-estimated 5-year mortality <50% based on their cancer type and 

stage (N=107). This restriction was intended to isolate the effects of various cancer 

treatments on CD4 and mortality among individuals for whom treatment related 

decisions are not solely dictated by poor cancer prognosis or poor immune status, e.g. 

individuals with localized or regional solid tumors for whom there is a choice of surgical 

treatment or surgical treatment and radiation[54], [55]. 

Given the limited information on chemotherapy type and duration as well as 

radiation dose and duration, we sought to reduce the heterogeneity in the expected 
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immune response to cancer treatment by restricting the population to only those with 

solid tumors (N=162). This restriction excludes those with hematological malignancies, 

i.e. non-Hodgkin’s lymphoma, Hodgkin lymphoma, leukemia, and other blood cancers, 

based on the assumption that first line therapy, specifically chemotherapy and radiation 

treatment for these patients, would on average have a greater immunosuppressive effect 

and/or duration than treatments for solid tumors[24], [56], [57]. The best fit longitudinal 

CD4 and log10 HIV viral load models identified in the total study population above 

(Equations 1a-1f and Equations 2a-2f) were also used in the sensitivity analyses among 

the good prognosis population and the solid tumor population. Analyses were performed 

in R[58].  

Joint Longitudinal CD4 and Mortality Model  

In order to estimate the effect of CD4 response to different cancer treatments on 

mortality, we analyzed the longitudinal and time to event data with a shared parameter 

joint longitudinal survival model using the JM package in R[58]–[60]. Joint longitudinal 

survival models account for the censoring of longitudinal measures due to event 

outcomes, such as death, and also better account for the measurement error in the 

longitudinal process better than the use of time-varying covariates[59], [61]–[63]. The 

analysis was conducted among the total population and among the good prognosis 

population and the solid tumor population for the sensitivity analyses. Individuals were 

censored at the earliest occurrence of death or end of follow up on March 1, 2016. The 

linear mixed effects model for CD4, as described in Equations 1a-1f, was used as the 

longitudinal component of the joint model.  

The survival component of the joint model is a Cox proportional hazards model 

for mortality and is presented in Equation 3. To isolate the effect of CD4 following cancer 

treatment on mortality risk, i.e. exclude the risk associated with differences in 

demographics and the underlying cancer, the model includes the following covariates: 
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continuous age (Agei), race (Whitei), sex (Femalei), IDU (IDUi), receipt of no cancer 

treatment (No_TRTi), no ART at baseline (No_ARTi), hepatitis C (HepCi), baseline 

CD4≤350 (BaseCD4_1i), baseline CD4 351-500 (BaseCD4_2i), immunosuppressive 

treatment (Immunoi), and the second and third tercile of the SEER-estimated 5 year 

mortality based on cancer type and stage at baseline (SEER_2i and SEER_2i). The 

expected value of CD4 (CD4hi), based from Equation 1a, was lagged by six months, 

scaled by 100 cells/mm3, and incorporated as a linear predictor in the survival sub-

model[59]. An association parameter, γ1, between longitudinal CD4 and all cause 

mortality risk was estimated. The survival sub-model used time dependent relative risk 

model with a piecewise constant baseline risk function, λ0(t), with 6 knots in the survival 

model, and the maximum likelihood estimates of the joint model were obtained via the 

Gauss-Hermite integration rule[59], [60]. Asymptotic 95% confidence intervals (CI) were 

based on the Wald statistics[59], [60].  

[𝐸𝑞. 3]   𝜆𝑖(𝑡) = 𝜆0(𝑡)exp(𝜂1𝐴𝑔𝑒𝑖 + 𝜂2𝑊ℎ𝑖𝑡𝑒𝑖 + 𝜂3𝐹𝑒𝑚𝑎𝑙𝑒𝑖 + 𝜂4𝐼𝐷𝑈𝑖  + 𝜂5𝑁𝑜_𝑇𝑅𝑇𝑖

+ 𝜂6𝑁𝑜_𝐴𝑅𝑇𝑖 + 𝜂7𝐻𝑒𝑝𝐶𝑖 + 𝜂8𝐵𝑎𝑠𝑒𝐶𝐷4_1𝑖  + 𝜂9𝐵𝑎𝑠𝑒𝐶𝐷4_2𝑖  
+ 𝜂10𝐼𝑚𝑚𝑢𝑛𝑜𝑖 + 𝜂11𝑆𝐸𝐸𝑅_2𝑖 + 𝜂12𝑆𝐸𝐸𝑅_3𝑖 + 𝛾1𝐶𝐷4ℎ𝑖)  

 

 We created a figure to show the expected CD4 response using a lowess 

smoother of the predicted values of the longitudinal sub-model of all individuals 

undergoing immunosuppressive treatment and all individuals undergoing non-

immunosuppressive treatments stratified by baseline CD4. This figure also included the 

estimated decline associated with cancer treatment, based on an extrapolation between 

pre-treatment baseline CD4 levels and the estimated CD4 levels at 1 month following 

cancer treatment. We also created a figure to show the effect of immunosuppressive 

versus non-immunosuppressive treatment on CD4 cell count and the corresponding 
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probability of survival over 10 years conditional on surviving to 0.5, 1, 3, and 5 years[62], 

using a process analogous to G computation [64]. First, we set all individuals’ cancer 

treatment to non-immunosuppressive and then estimate the predicted CD4 values for 

each individual at each follow-up time and the typical CD4 response is the mean across 

all individuals. This process was repeated for the total population, setting their treatment 

to immunosuppressive. Each individual’s predicted CD4 values were used to determine 

the conditional probability of survival at 0.5, 1, 3, and 5 years using a prediction from the 

joint longitudinal CD4 and mortality model, incorporating the longitudinal measures 

through that time point based on the survival sub-model for each individual and their 

corresponding covariates. A mean of the survival was then calculated. 

Joint Longitudinal Viral Load and Mortality Model  

The effect of viral load on mortality after cancer diagnosis was also analyzed with 

a shared parameter joint longitudinal survival model using the JM package in R[58]–[60]. 

Individuals with missing baseline viral load and/or no subsequent viral load measures 

were excluded for the viral load analysis, reducing the total population analytic sample to 

196 individuals. The analytic sample was reduced to 101 in the good prognosis and 147 

in the solid tumor sensitivity analyses. The longitudinal model for log10 viral load detailed 

in Equations 2a-2f was used. The survival component of the joint model was based on a 

Cox proportional hazards model for mortality and is detailed in Equation 4. Like Equation 

3, the model accounts for age, sex, race, IDU, no cancer treatment, no baseline ART, 

hepatitis C, baseline CD4 category, immunosuppressive treatment, and SEER-estimated 

5 year mortality terciles. The expected value of log10 HIV viral load (log10VLhi) was lagged 

by six months and incorporated as a linear predictor in the survival sub-model[59]. An 

association parameter, χ1, between longitudinal log10 HIV viral load and mortality risk is 

estimated. A time dependent Weibull model under the accelerated failure time 

formulation was used to estimate the baseline hazard, υ0(t), in the survival model, and 



 76 

the Gauss-Hermite approximation rule was used to integrate the survival functions[59], 

[60]. Asymptotic 95% confidence intervals (CI) were based on the Wald statistics[59], 

[60]. 

[𝐸𝑞. 4]   𝜐𝑖(𝑡) = 𝜐0(𝑡)exp(𝜔1𝐴𝑔𝑒𝑖 + 𝜔2𝑊ℎ𝑖𝑡𝑒𝑖 + 𝜔3𝐹𝑒𝑚𝑎𝑙𝑒𝑖 + 𝜔4𝐼𝐷𝑈𝑖  
+ 𝜔5𝑁𝑜_𝑇𝑅𝑇𝑖 + 𝜔6𝑁𝑜_𝐴𝑅𝑇𝑖 + 𝜔7𝐻𝑒𝑝𝐶𝑖 + 𝜔8𝐵𝑎𝑠𝑒𝐶𝐷4_1𝑖  
+ 𝜔9𝐵𝑎𝑠𝑒𝐶𝐷4_2𝑖  + 𝜔10𝐼𝑚𝑚𝑢𝑛𝑜𝑖 + 𝜔11𝑆𝐸𝐸𝑅_2𝑖 + 𝜔12𝑆𝐸𝐸𝑅_3𝑖

+ 𝜒1𝑙𝑜𝑔10𝑉𝐿ℎ𝑖) 

 

Joint Longitudinal CD4, Longitudinal Viral Load, and Mortality Model  

 An individual’s viral load at any particular time point is associated with 

subsequent viral load and CD4 measures[65], [66]. Increases in viral load are also 

associated with decreases in CD4 and vice versa[66]. Because of the interdependence 

of CD4 and viral load measures, we jointly modeled the two longitudinal processes and 

their association with mortality via a Bayesian shared parameter joint longitudinal 

survival model using the JMbayes package in R[58], [59], [67], [68]. The analysis was 

conducted among the total population with available viral load data (N=196), and 

sensitivity analyses were conducted among the good prognosis population with available 

viral load data (N=101) and the solid tumor population with available viral load data 

(N=147). The fixed and random effects used in the linear mixed effects models for CD4 

and log10 viral load were previously described in Equations 1a-1f and 2a-2f, respectively. 

A multivariate normal distribution is assumed for the random effects of the CD4 and viral 

load models to produce the correlation matrix[67], [68]. The expected value of both the 

CD4 (CD4hi) and viral load (log10VLhi) were incorporated as linear predictors in the 

survival sub-model and the corresponding association parameters were estimated (Δ1 

and Δ2)[68]. The survival component of the joint model was based on a Cox proportional 
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hazards model for mortality and is presented in Equation 5. The model also adjusted for 

SEER-estimated 5 year mortality tercile categories, continuous age, race, sex, IDU, no 

cancer treatment, no baseline ART, hepatitis C, baseline CD4 categories, and 

immunosuppressive treatment. The estimation of the parameters for this joint model 

uses a Bayesian approach, specifically: a Gibbs sampler, which is a Markov chain Monte 

Carlo (MCMC) algorithm[67], [68]. In order to estimate the parameters, the baseline 

hazard, ϕ0(t), of the survival sub-model is approximated using penalized B-splines 15 

knots calculated based on percentiles of follow-up times[68]. The Gauss-Kronrod rule 

with 15 quadrature points was used as the numerical integration algorithm[68]. 95% 

credible intervals were calculated for each of the parameters[68]. 

[𝐸𝑞. 5]   𝜙𝑖(𝑡) = 𝜙0(𝑡)exp(𝜁1𝐴𝑔𝑒𝑖 + 𝜁2𝑊ℎ𝑖𝑡𝑒𝑖 + 𝜁3𝐹𝑒𝑚𝑎𝑙𝑒𝑖 + 𝜁4𝐼𝐷𝑈𝑖  + 𝜁5𝑁𝑜_𝑇𝑅𝑇𝑖

+ 𝜁6𝑁𝑜_𝐴𝑅𝑇𝑖 + 𝜁7𝐻𝑒𝑝𝐶𝑖 + 𝜁8𝐵𝑎𝑠𝑒𝐶𝐷4_1𝑖  + 𝜁9𝐵𝑎𝑠𝑒𝐶𝐷4_2𝑖  
+ 𝜁10𝐼𝑚𝑚𝑢𝑛𝑜𝑖 + 𝜁11𝑆𝐸𝐸𝑅_2𝑖 + 𝜁12𝑆𝐸𝐸𝑅_3𝑖  + Δ1𝐶𝐷4ℎ𝑖

+ Δ2𝑙𝑜𝑔10𝑉𝐿ℎ𝑖) 

 
RESULTS 

Exploratory Results 

 Figures from the exploratory data analysis are presented in the Supplementary 

Materials. An examination of the expected mean CD4 and variance at yearly intervals as 

well as an examination of the lowess smoother for observed CD4 levels over time 

supported the analytic choice to classify initial cancer treatment as either 

immunosuppressive or non-immunosuppressive. Initial decline and recovery for those 

receiving any radiation showed the same patterns as those receiving chemotherapy but 

no radiation, while those receiving surgery, hormone therapy, immunotherapy, or no 

initial treatment appeared to have a flat CD4 trajectory (Figure S3.1). A potential 



 78 

interaction between baseline CD4 and initial cancer treatment was considered in the 

longitudinal modeling process given the observed attenuation in initial decline due to 

immunosuppressive treatment among those with a baseline CD4≤200 (Figures S3.2 and 

S3.3).  

 Cancer type and stage at diagnosis were found to be important drivers of 

mortality (Figure S3.4) and supported the decision to examine only those with a good 

cancer prognosis, i.e. baseline CD4>200 and <50% expected 5-year mortality based on 

cancer type and stage, as a sensitivity analysis. Among those with a good cancer 

prognosis, there was evidence that immunosuppressive therapy was associated with 

reduced survival accounting for confounders (Figure S3.5). Based on the exploratory 

analysis, longitudinal log10 HIV viral load did not appear to differ between those receiving 

immunosuppressive and non-immunosuppressive initial cancer treatment (Figures S3.6 

and S3.7). Finally, an exploratory analysis of spaghetti plots and individual CD4 

trajectories following immunosuppressive cancer treatment supported the hypothesis 

that a sharp initial decline in CD4 occurs followed by a gradual recovery (Figure S3.8) 

and confirmed the need to model a non-linear association between CD4 and time.  

Study Population Overview 

 The distribution of baseline covariates for the total study population, stratified by 

whether or not they received immunosuppressive initial cancer treatment is presented in 

Table 3.1. A total of 86 individuals with 1,033 CD4 measures and 838 HIV viral load 

measures received non-immunosuppressive initial cancer treatment. Kaposi’s sarcoma 

(KS) (N= 18, 20.8%) and lung cancer (N=11, 12.8%) were the most common cancers 

among those receiving non-immunosuppressive treatment and the majority of individuals 

presented with localized stage (51.2%). There were 132 individuals who received 

immunosuppressive treatment with 1,782 CD4 and 1,479 HIV viral load measures. The 

most common cancers among those receiving immunosuppressive treatment were non-
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Hodgkin’s lymphoma (NHL) and lung cancer with 31 (23.5%) and 17 (12.9%) cases, 

respectively. The majority of individuals undergoing immunosuppressive treatment were 

diagnosed at a distant stage (53.0%). The distributions of several demographic and 

clinical covariates were similar between those with immunosuppressive and non-

immunosuppressive cancer treatment, including baseline CD4, baseline log10 viral load, 

age, sex, race, year of diagnosis, hepatitis C, history of IDU, and AIDS diagnosis prior to 

baseline. There was a higher estimated 5-year mortality rate based on SEER estimates 

for the general US population among those undergoing immunosuppressive treatment 

(mean=0.43, median=0.37) as compared to those undergoing non-immunosuppressive 

treatment (mean=0.33, median=0.24, p-value=0.008).  

 The distributions of baseline covariates for the total population and the 

populations for the two sensitivity analyses, among those with a good prognosis and 

those with solid tumors, a presented in Table 3.2. There were 218 individuals with 2,815 

CD4 and 2,317 HIV viral load measures in the total study population. Among the good 

prognosis sensitivity analysis, 107 individuals had 1,867 CD4 and 1,580 HIV viral load 

measures. In the sensitivity analysis among those with solid tumors, there were 162 

individuals with 1,864 CD4 and 1,544 HIV viral load measures. The median baseline 

CD4 for the total population was 288 (IQR 149 – 437) and the majority of individuals had 

a baseline CD4≤350 cells/mm3. Despite the fact that only 15% of individuals had not 

initiated ART at baseline, 37% had an unsuppressed HIV viral load at baseline. The 

median age of the total population was 49 (IQR 43 – 54), which is in line with prior 

research among the HIV positive US population[69]. The study population is majority 

male (68%) and non-Hispanic black (77%). The good prognosis population subset, 

which excluded those with CD4≤200 and SEER estimated 5-year mortality >50%, had 

higher baseline CD4 (Median=382; IQR 288 – 502) and lower rates of unsuppressed 
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viral load (24%). The solid tumor population subset had baseline CD4 and viral load 

distributions that were similar to those of the total population.  

Joint Longitudinal CD4 and Mortality Model  

Lowess-smoothed estimated CD4 trajectories over follow-up based on the 

longitudinal sub-model stratified by baseline CD4 and immunosuppressive versus non-

immunosuppressive treatment are presented for the total population, the good prognosis 

population, and the solid tumor population in Figure 3.1. The extrapolated declines in 

CD4 following cancer treatment for each strata are represented by the black lines. 

Individuals within the same baseline CD4 strata have similar levels of CD4 prior to 

cancer treatment regardless of cancer treatment type, but those undergoing 

immunosuppressive treatment experience more substantial declines in CD4 at the 

initiation of cancer treatment. Note that the initial separation of the blue and red curves 

represents the CD4 decline associated with immunosuppressive treatment, and it is 

blunted for those who initiated treatment at lower levels of CD4. The curves for those 

with immunosuppressive treatment who had higher baseline levels of CD4 do not 

converge with those who had non-immunosuppressive treatment by 5 years of follow-up.  

Crude mortality rates are presented via KM curves for the total population, the 

good prognosis population, and the solid tumor population in Figure 3.2. The KM curves 

are stratified by immunosuppressive or non-immunosuppressive treatment in the left 

column and are further stratified by cancer severity in the right column, based on tercile 

of SEER-estimated 5 year mortality. Through 5 years of follow-up after initial non-

immunosuppressive cancer treatment, the proportion alive was 0.59 (95% CI 0.49-0.70) 

for the total population, 0.72 (95% CI 0.60-0.86) for the good prognosis population, and 

0.62% (95% CI 0.52-0.74) for the solid tumor population, as compared to 0.49 (95% CI 

0.41-0.58) of the total population, 0.80 (95% CI 0.70-0.92) of the good prognosis 

population, and 0.39 (95% CI 0.30-0.51) of the solid tumor population for those who 
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received initial immunosuppressive treatment. While those undergoing 

immunosuppressive treatment are observed to have higher mortality rates in the total 

population and solid tumor population, much of this survival difference can be attributed 

to the severity of the cancer, indicating a need to adequately account for cancer severity 

as a confounder in the survival sub-model.  

Results from the shared parameter joint longitudinal survival model examining 

the effect of immunosuppressive initial cancer treatment on longitudinal CD4 and the 

association between longitudinal CD4 and mortality are presented in Tables 3.3 and 3.4. 

Table 3.3 provides the results of the longitudinal component of the joint model for the 

total population and the good prognosis and solid tumor sensitivity analyses. Note that 

the intercept of the longitudinal model is adjusted for baseline CD4 category with 

CD4>500 set to be the reference, immunosuppressive treatment, the interaction 

between baseline CD4 category and immunosuppressive treatment and the propensity 

score. The intercept for the total population is 849 (95% CI= 731, 966), which can be 

interpreted as the average CD4 cell count at the initiation of non-immunosuppressive 

cancer treatment among those with a baseline CD4>500 adjusted for their conditional 

probability of receiving immunosuppressive treatment. The initial decline in CD4 cell 

count associated with immunosuppressive treatment among those with baseline 

CD4>500 is 155 cells (95% CI= -211, -99). The mean decline in initial CD4 count 

associated with immunosuppressive treatment is blunted to a decline of 101 cells for 

those with baseline CD4≤350 based on the interaction between baseline CD4 and 

treatment; however, this interaction is not statistically significant (interaction 

estimate=54; 95% CI = -11, 119).  

 The estimated intercept for the good prognosis population was 627 (95% CI= 

577, 678) and the estimated intercept for the solid tumor population was 620 (95% CI= 

561, 679). The initial decline in CD4 associated with immunosuppressive cancer 
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treatment among those with baseline CD4>500 was 180 cells for the good prognosis 

population (95% CI= -242, -117) and 230 cells for the solid tumor population (95% CI= -

308, -153). A reduced decline in initial CD4 due to immunosuppressive treatment was 

observed in the solid tumor population for those with baseline CD4≤350 with a decline of 

84 cells (interaction estimate= 147; 95% CI= 58, 235); however, the interaction was not 

significant in those with baseline CD4 351-500. The interactions between 

immunosuppressive treatment and baseline CD4≤350 and baseline CD4 351-500 were 

not significant but trended toward a blunted initial decline in CD4 due to 

immunosuppressive treatment at lower baseline CD4 levels. 

 The results from the survival component of the joint model are presented in Table 

3.4. Unsurprisingly, increased SEER-estimated 5-year mortality based on cancer type 

and stage is associated with an increased mortality following initial cancer treatment in 

the total population analysis and among the good prognosis and solid tumor sensitivity 

analyses. Note that the reference population is those that receive neither 

immunosuppressive initial cancer treatment nor no cancer treatment, thus it is among 

those whose initial cancer treatment is surgery, immunotherapy, and/or hormone 

therapy. Receipt of no initial cancer treatment is associated with an increased hazard of 

mortality among the total population (HR=3.74; 95% CI= 1.92, 7.29) and is consistent 

among the sensitivity analyses with a hazard ratio of 3.14 (95% CI= 0.99, 9.87) and 3.57 

(95% CI= 1.71, 7.45) for the good prognosis and solid tumor populations, respectively.  

Longitudinal CD4 was incorporated as a linear predictor from the longitudinal 

model, lagged by 6 months, and scaled by 100 cells/mm3. For every 100-cell increase in 

CD4 at any given time during follow-up, hazard of mortality is decreased by 26% 

(HR=0.74; 95% CI= 0.64, 0.85) in the total population adjusting for categorical baseline 

CD4, receipt of immunosuppressive treatment, mortality risk associated with the 

individual’s cancer type and stage, and confounders. Similar hazard ratios for an 
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adjusted 100-cell increase in CD4 at any given time during follow-up are observed in the 

good prognosis (HR=0.66; 95% CI= 0.49, 0.88) and solid tumor (HR=0.71; 95% CI= 

0.59, 0.85) sensitivity analyses. Lower levels of baseline CD4 category were not 

significantly associated with hazard of mortality in any of the three populations when 

accounting for longitudinal CD4. Receipt of initial immunosuppressive treatment was not 

associated mortality, suggesting that the SEER estimates of 5-year mortality might 

adequately account for underlying risk of mortality due to cancer-related factors and that 

any effect of immunosuppressive treatment on mortality is mediated by its effect on 

longitudinal CD4.  

The effect of immunosuppressive and non-immunosuppressive treatment on 

CD4 trajectories and the corresponding conditional median survival at 0.5, 1, 3, and 5 

years in the total population are presented in Figure 3.3. These results are the average 

of the predicted response to treatment when setting the entire population to receive both 

treatment types based on the joint longitudinal CD4 and mortality model. Notably, the 

CD4 trajectory for individuals undergoing non-immunosuppressive treatment is 

consistently higher than for a similar individual undergoing immunosuppressive 

treatment. This CD4 difference translates to a higher predicted survival. Although not 

depicted, it should be noted that the confidence intervals for the survival probability are 

wide in later years of follow-up. 

Joint Longitudinal Viral Load and Mortality Model  

 Results from the shared parameter joint longitudinal survival model examining 

the effect of immunosuppressive initial cancer treatment on log10 viral load and the 

association between longitudinal log10 viral load and mortality are presented in Tables 

3.5 and 3.6. Table 3.5 provides the results of the longitudinal sub-model for the total 

population and the sensitivity analyses. The intercept of the longitudinal model is 

adjusted for receipt of immunosuppressive treatment, whether an individual was not 
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virally suppressed at baseline, the interaction between unsuppressed baseline viral load 

and immunosuppressive treatment, and the propensity score. The intercept for the total 

population is 1.70 (95% CI= 1.29, 2.11), which corresponds to a mean viral load of 50 

copies/mL at the initiation of cancer treatment among those who have a suppressed 

baseline viral load and do not receive immunosuppressive treatment. Having an 

unsuppressed baseline viral load translates to an increase log10 viral load of 1.74 (95% 

CI= 1.42, 2.07) in the total population. No effect of immunosuppressive treatment is 

observed in the total population for those who were virally suppressed at baseline 

(estimate= 0.09; 95% CI= -0.20, 0.37). There was a significant interaction between 

having an unsuppressed baseline viral load and receiving immunosuppressive initial 

cancer treatment (interaction estimate= -0.42; 95% CI= -0.83, -0.02). Thus there is no 

change in viral load associated with immunosuppressive treatment among those who 

are virally suppressed at baseline; however, there is a decline in viral associated with 

receipt of immunosuppressive treatment among those who were not virally suppressed 

at baseline with an average viral load of 2,574 copies/mL in the unsuppressed with non-

immunosuppressive treatment versus an average viral load of 1,047 copies/mL in the 

unsuppressed with immunosuppressive initial cancer treatment.  

 Similar results are observed in the longitudinal sub-models for the good 

prognosis and solid tumor sensitivity analyses. Again, there was no observed effect of 

immunosuppressive treatment on the viral load intercept among those who were virally 

suppressed at baseline for either the good prognosis population (estimate= 0.16; 95% 

CI= -0.17, 0.49) or the solid tumor population (estimate= 0.26; 95% CI= -0.11, 0.63). The 

protective effect of immunosuppressive therapy (i.e. the reduction in viral load) among 

those who were unsuppressed at baseline on longitudinal viral load is increased in the 

good prognosis subset (interaction estimate= -0.92; 95% CI= -1.50, -0.34); however, no 
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significant effect is observed in the solid tumor analysis (interaction estimate= -0.46; 

95% CI= -0.98, 0.05).   

 The results from the survival sub-model of the joint model are presented in Table 

3.6. Like in the CD4 and mortality joint model, increased SEER-estimated 5-year 

mortality based on cancer type and stage is associated with increased mortality in all 

three analyses. Low baseline CD4 (≤350) is associated with increased hazard of 

mortality in the total population (HR=1.91; 95% CI= 1.03, 3.54) and its association is 

magnified in the good prognosis sensitivity analysis (HR=5.93; 95% CI= 1.43, 24.6); 

however, the association is not significant in the solid tumor analysis (HR=1.53; 95% CI= 

0.80, 2.93). Immunosuppressive treatment is associated with increased mortality in the 

total population (HR=2.05; 95% CI= 1.17, 3.59) and solid tumor analyses (HR=2.50; 

95% CI= 1.33, 4.72), perhaps due to its effect on CD4 decline after treatment, which is 

not accounted for in this analysis.  

Longitudinal log10 viral load was lagged by 6 months and incorporated as a linear 

predictor from the longitudinal sub-model into the mortality sub-model. For every 1-unit 

increase in log10 viral load, the hazard of mortality is increased by 1.63 (95% CI= 1.28, 

2.09) in the total population. Similarly hazard ratios are observed in the good prognosis 

and solid tumor sensitivity analyses. Note that this model does not incorporate 

longitudinal CD4 following cancer treatment and the effect of increased viral load on 

increased mortality is likely mediated by the known effect of increased viral load on 

decreased CD4 and the association of low CD4 on increased risk of mortality[65], [66].  

Joint Longitudinal CD4, Longitudinal Viral Load, and Mortality Model  

 Results from the Bayesian shared parameter joint longitudinal survival model 

examining longitudinal CD4, longitudinal log10 viral load and mortality are presented in 

Tables 3.7-3.10. Table 3.7 provides the results of the longitudinal CD4 sub-model. The 

average CD4 cell count at the initiation of non-immunosuppressive cancer treatment 
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among those with a baseline CD4>500 adjusted for their conditional probability of 

receiving immunosuppressive treatment was 677 cells in the total population (95% CI= 

465, 880), 674 cells in the good prognosis population (95% CI= 587, 763), and 657 cells 

in the solid tumor population (95% CI= 420, 890). The initial decline in CD4 cell count 

associated with immunosuppressive treatment among those with baseline CD4>500 was 

200 cells (95% CI= 95, 301) in the total population. The mean decline in initial CD4 

count associated with immunosuppressive treatment was attenuated to a decline of 44 

cells for those with baseline CD4≤350 (interaction estimate=156; 95% CI = 38, 275). 

Similar trends were seen in the solid tumor sensitivity analysis. The initial decline 

associated with immunosuppressive treatment in those with baseline CD4>500 among 

the good prognosis population was 239 cells (95% CI= 139, 340) and the was an 

observed attenuation in the decline based on the interaction with baseline CD4≤350 and 

baseline CD4 between 351-500 with a mean decline of 86 cells (interaction estimate= 

156; 95% CI= 32, 280) and 101 cells (interaction estimate= 140; 95% CI= 15, 261), 

respectively. 

The results of the longitudinal log10 viral load model are provided in Table 3.8. 

The intercept for the total population is 1.82 (95% CI= 1.32, 2.26), which corresponds to 

a mean viral load of 66 copies/mL at the initiation of cancer treatment among those who 

have a suppressed baseline viral load and did not receive immunosuppressive treatment 

and is adjusted for the conditional probability of having received immunosuppressive 

treatment. No effect of immunosuppressive treatment is observed among those who 

were virally suppressed at baseline in the total population (estimate= 0.22; 95% CI= -

0.12, 0.54), the good prognosis population (estimate= 0.18; 95% CI= -0.16, 0.52), or the 

solid tumor population (estimate= 0.29; 95% CI= -0.12, 0.70). There was a significant 

interaction between having an unsuppressed baseline viral load and receiving 

immunosuppressive initial cancer treatment in the total population (interaction estimate= 
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-0.50; 95% CI= -0.93, -0.04). Thus there is there is a decline in viral load associated with 

receipt of immunosuppressive treatment among those who were not virally suppressed 

at baseline. Similar results were observed in the good prognosis sensitivity analysis. The 

protective effect of immunosuppressive therapy (i.e. the reduction in viral load) among 

those who were unsuppressed at baseline on longitudinal viral load is increased in the 

good prognosis subset (interaction estimate= -0.88; 95% CI= -1.44, -0.35); however, no 

significant effect is observed in the solid tumor analysis (interaction estimate= -0.51; 

95% CI= -1.00, 0.02).   

 The results from the survival component of the joint model are presented in Table 

3.9. Receipt of no initial cancer treatment is associated with an increased hazard of 

mortality among the total population (HR=3.94; 95% CI= 2.01, 7.65) and the solid tumor 

population (HR=3.29; 95% CI= 1.66, 6.43) but not the good prognosis population 

(HR=2.58; 95% CI= 0.82, 7.27). Higher terciles of SEER- estimated 5-year mortality 

based on cancer type and stage were associated with increased risk in the total 

population with the second tercile experiencing a 1.94 fold increase in the hazard of 

mortality (95% CI= 1.24, 3.31) and the third tercile experiencing a 5.61 fold increase in 

the hazard of mortality (95% CI= 3.35, 9.75) as compared to the first tercile. Similar 

results were observed in the sensitivity analyses. Immunosuppressive treatment resulted 

in a significant increase in the hazard of mortality for those in the total population 

(HR=1.86; 95% CI= 1.15, 3.04) and among the solid tumor population (HR= 2.19; 95% 

CI= 1.32, 4.02) but not in the good prognosis population (HR= 0.75; 95% CI= 0.36, 

1.62).  

Longitudinal CD4 was scaled by 100 cells/mm3 and incorporated into the survival 

sub-model as a linear predictor based on the longitudinal model. For every 100-cell 

increase in CD4 at any given time during follow-up, hazard of mortality is decreased by 

19% (HR=0.81; 95% CI= 0.70, 0.93) in the total population adjusting for confounders, 
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including longitudinal log10 viral load. A similar effect is seen among the good prognosis 

population (HR=0.72; 95% CI= 0.53, 0.90), but the association was not significant in the 

solid tumor sensitivity analysis (HR=0.87; 95% CI= 0.73, 1.02). Every unit increase in 

longitudinal log10 viral load corresponded to an increase in the hazard of all cause 

mortality by a factor of 1.32 (95% CI= 1.04, 1.72), adjusting for confounders including 

longitudinal CD4. Thus there appears to be an effect of viral load on mortality following 

cancer treatment that is not mediated through its effect on CD4. The association 

between longitudinal log10 viral load and mortality was similar in the solid tumor 

population (HR= 1.38; 95% CI= 1.07, 1.85) but not significant in the good prognosis 

population (HR= 1.30; 95% CI= 0.80, 2.02).  

The correlation between the random effects of the longitudinal CD4 sub-model 

and the longitudinal log10 viral load sub-model for the total population and the sensitivity 

analyses are presented in Table 3.10. There is a negative association between the 

random effect of the viral load intercept and the random effect of the CD4 intercept for 

the total population (correlation = -0.37), the good prognosis population (correlation = -

0.19), and the solid tumor population (correlation = -0.40). Thus individuals with higher 

viral loads than average at the initiation of cancer treatment are likely to have lower CD4 

levels than average at the initiation of treatment and vice versa. Similarly, there is a 

negative association between the random effects for the CD4 time spline 1 and the 

random effects for the viral load time spline 1 with a correlation of -0.47, -0.36, and -0.61 

for the total, good prognosis, and solid tumor populations, respectively. Therefore, 

individuals with higher than normal viral load slopes would have lower than normal CD4 

slopes and vice versa.  

DISCUSSION 

The objectives of this study were to characterize the effect of 

immunosuppressive initial cancer treatment  (any chemotherapy and/or radiation) versus 
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the effect of non-immunosuppressive initial treatment (surgery/no treatment/hormone 

therapy/immunotherapy) on CD4 and HIV viral load in PWH and to estimate the 

association between CD4 and viral load trajectories and mortality following cancer 

treatment. There was a need to account for the fact that the main outcome, mortality, 

precludes further longitudinal measures and is likely associated with the value of the 

measures; however, because the longitudinal trajectories of CD4 and log10 viral load 

were of clinical interest, we elected to analyze the data using a joint longitudinal survival 

model rather than including time-updated covariates into a marginal structural model[59], 

[61], [65].  

We examined a joint longitudinal survival model that incorporated longitudinal 

CD4, longitudinal log10 viral load, and mortality because of the association between viral 

load and CD4[66]. The observed initial decline of 200 cells (95% CI= 95, 301) following 

immunosuppressive treatment is similar to the effect of various specific cancer regimens 

in PWH that have been previously observed[25]–[33]. We found a significant effect of 

immunosuppressive treatment on initial CD4 decline among those initiating treatment at 

higher pre-treatment CD4 levels; however, this appear to be somewhat attenuated for 

those with lower levels of pre-treatment CD4. Intuitively, an individual with a very low 

CD4 cell count can only decline by a certain amount. We also hypothesized that, due to 

issues with tolerability, immunosuppressive treatment might reduce ART adherence or 

result in ART interruptions and lead to an increase in HIV viral load; however, we found 

no effect of immunosuppressive treatment on log10 viral load among those who had a 

suppressed viral load before treatment. We also found that among those who were 

unsuppressed prior to treatment, log10 viral load declined more among those who 

underwent immunosuppressive treatment as compared to those who underwent non-

immunosuppressive treatment. These results are suggestive that perhaps the monitoring 

and engagement in health care services associated with ongoing chemotherapy and/or 
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radiation may improve ART adherence and reject the concern that more intensive 

cancer treatment regimens or drug-drug interactions may have a negative effect of ART 

adherence[21], [70]–[72]. While concerns about drug-drug interactions between ART 

and chemotherapy remain[19], [20], the vast majority of our study population undergoing 

chemotherapy and/or radiation had previously initiated ART and did not display viral load 

trajectories indicative of ART interruptions or reduced adherence following treatment.  

We observed a consistent separation in the expected CD4 trajectories 

throughout follow-up between individuals with immunosuppressive treatment and those 

with non-immunosuppressive treatment who had baseline CD4>350. After accounting for 

pre-treatment CD4 levels, the underlying risk of mortality associated with an individual’s 

specific cancer type and stage, and other individual characteristics, a100 cell increase in 

CD4 at any point following initial cancer treatment translated to a 20% decline in the 

hazard of mortality and a unit increase in log10 viral load at any point following was also 

significantly associated with increased mortality. While a few prior studies have 

examined the effect of different cancer treatments on CD4 cell count among people with 

HIV following cancer treatment[23], [34], [35], the longitudinal CD4 or viral load response 

to cancer treatments are not well characterized nor was the association between these 

trajectories and mortality risk. Furthermore, this analysis is novel because it incorporates 

both longitudinal CD4 and viral load following cancer treatment into the same mortality 

model for PWH. One cannot conclusively state that the expected decline of 200 CD4 

cells associated with immunosuppressive treatment is directly linked to the 

corresponding increased hazard of mortality observed in the survival sub-model, 

however we account for differences in baseline CD4 levels prior to cancer treatment in 

the analysis.  

There is also concern that those undergoing immunosuppressive treatment might 

be selectively chosen for individuals because they may be more likely to tolerate 
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intensive treatment and/or because they have a worse prognosis associated with their 

initial cancer treatment that is not accounted by the SEER-estimated 5-year mortality. 

We chose to address these concerns by adjusting for baseline CD4 levels in both the 

longitudinal and survival sub-models and by including a propensity score based on the 

conditional probability of immunosuppressive treatment in the longitudinal model. We 

also adjusted for receipt of no cancer treatment and immunosuppressive treatment in the 

mortality sub-model as a way to account for confounding by indication. Finally, we 

conducted a sensitivity analysis among those with a good prognosis at baseline, defined 

as a SEER-estimated 5 year mortality <50% and a baseline CD4>200, with the hopes 

that the restriction may remove residual confounding related to underlying risk of 

mortality and the election of immunosuppressive versus non-immunosuppressive cancer 

treatment. This sensitivity analysis showed similar results as the main analysis.  

The positive association between higher CD4 following cancer treatment and 

non-AIDS mortality supports the hypothesis that immune status among PWH can 

influence cancer morality[40]. This association has been suggested in prior literature as 

a way to explain differences in cancer-specific mortality between PWH and the general 

population, but prior analyses have rarely incorporated measures of CD4, particularly 

time-varying CD4 measures, as a test of the immune suppression hypothesis[40]. 

However, it is possible that many deaths among PWH after cancer diagnosis may be 

due to HIV/AIDS, with a previous analysis finding that deaths after cancer in PWH 

attributed to HIV/AIDS ranged from 25% in some non-AIDS defining cancers to up to 

65% in certain AIDS defining cancers[40]. The risk of AIDS defining illness and AIDS-

related death in PWH after cancer diagnosis should be further explored, accounting for 

the immune effects of cancer treatment and the competing event of non-AIDS death, 

which can be assumed to be largely due to cancer-related mortality[40]. Insights into the 

specific drivers of morbidity and mortality in PWH with cancer, i.e. AIDS events or non-
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AIDS events, can better inform clinical care for these patients. Regardless, 

immunosuppression appears to drive poor outcomes after cancer diagnosis in people 

with HIV. 

  Our study had several strengths including detailed demographic and clinical 

information available for population of individuals with both HIV and cancer. We had very 

comprehensive longitudinal laboratory measures for our cohort, including an average of 

nearly 13 longitudinal CD4 measures and nearly 11 longitudinal HIV viral load measures. 

This allowed us to characterize the expected trajectories of CD4 and viral load based on 

baseline factors for a clinical audience. We were also able to incorporate multiple 

complex processes, including CD4 and viral load response, into our analysis via the use 

of joint longitudinal survival models. Finally, our analysis addresses questions relevant 

for clinical care of PWH who are diagnosed with cancer for which oncologists report that 

current guidelines are insufficient[73]. This study was able to provide some insight into 

role of immune status following cancer treatment in cancer outcomes among PWH and 

establishes a direction for further clinical research in this population. 

 This study was not without its limitations. As with many prior studies into cancer 

among PWH, there is a trade-off between obtaining more granular data and sample size. 

We were limited to broad categories of initial cancer treatment data among a population 

of people with HIV who were diagnosed with various cancers at various stages. 

Therefore, we must assume that our categorization of cancer treatment will result in 

similar immune effects for individuals undergoing a variety of cancer treatment regimens 

for different cancers at different stages. Our exploratory analyses also found similar 

declines in CD4 associated with chemotherapy and radiation when examined separately; 

thus we felt that a collapse into immunosuppressive and non-immunosuppressive 

treatment categories was supported by the data. Prior studies characterizing the effects 

of chemotherapy for a particular cancer in both the general population and PWH have 



 93 

found various levels of initial decline; while most ranged from 100 to 300 cell declines 

associated with different chemotherapies and/or radiation[23], [25]–[35], some found no 

effects[24]. As a result of using broad treatment categories, the variance of the 

trajectories was likely increased and error in the estimate of the initial decline associated 

with CD4 could have been introduced with the inclusion of all cancer types in the same 

model. We attempted to further address this by conducting a sensitivity analysis among 

only those with solid tumors, given that chemotherapy and radiation regimens for 

hematologic malignancies might be more intensive than those used in solid tumors[24], 

[56], [57]; however, the solid tumor sensitivity analysis had similar results to the total 

population.  

Another limitation is that we only have initial cancer treatment regimen and 

individuals in both treatment categories may have received subsequent 

immunosuppressive treatment. Heterogeneity in cancer treatments likely increased the 

variance in the longitudinal CD4 trajectories. Misclassification due to undetected 

subsequent chemotherapy/radiation in those with initial non-immunosuppressive 

treatment would likely reduce their longitudinal CD4 levels and bias the analysis towards 

the null. Despite all of the concerns about the quality of the cancer treatment information, 

we observed a consistent effect on CD4 decline. Finally, we were limited by the use of a 

population with various cancer types and stages had to assume that our measures of 

SEER-estimated 5-year mortality adequately captured underlying risk associated with a 

the severity of a patient’s cancer in order to isolate the independent effect of immune 

status on mortality. We did observe consistently higher hazard ratios for mortality among 

those who had higher terciles of SEER estimated mortality, which supports the 

assumption that our classification captures underlying mortality risk. We also adjusted 

for confounding by indication via receipt of immunosuppressive or no cancer treatment in 

the survival sub-model. It is still possible that there is residual confounding in the 
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association between higher longitudinal CD4 and mortality due to factors influencing who 

receives immunosuppressive treatment and thus who has lower CD4 and who 

subsequently dies.  

One clinical takeaway from the analysis is the importance of maintaining high 

CD4 cell counts following cancer diagnosis. It was hypothesized that clinical 

management of these patients might be to encourage ART adherence among individuals 

undergoing more intensive cancer treatments, such as chemotherapy and/or radiation, 

given that those treatments were assumed to affect ART tolerability. However, we found 

some improvement in viral load associated with immunosuppressive treatment among 

those who had previously been unsuppressed. This suggests that these individuals can 

tolerate ART and likely benefit from increased clinical monitoring during cancer 

treatments. Enhanced monitoring of viral load following cancer diagnosis for all PWH 

would likely help maintain higher levels of CD4 and potentially translate into reduced 

mortality. Our results also suggest that CD4 declines associated with 

immunosuppressive treatment are concerning for PWH and establishes that immune 

suppression in PWH driven by the effects of the treatment rather than the HIV disease 

process can still result in increased risk of mortality.  

Further research among PWH undergoing cancer treatment needs to be done to 

guide clinical decision-making with regards to the use of immunosuppressive treatment. 

The consideration of more immunosuppressive treatment, e.g. radiation in addition to 

surgery, is mainly relevant for individuals with less severe cancer diagnoses whereas the 

acceptable standard of cancer for PWH with more advanced cancer might require the 

use of highly immunosuppressive treatments. The fact that the sensitivity analysis 

among the good prognosis population showed similar results as the total population 

results supports the need for further research into the tradeoffs associated with more or 

less immunosuppressive cancer treatment in PWH.  
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TABLES 
Table 3.1 Baseline characteristics of individuals with an incident diagnosis of a first cancer and 
longitudinal laboratory measures in JHHCC from 1997-2014 by immunosuppressive or non-
immunosuppressive initial cancer treatment.a 

 

 Non-Immunosuppressive 
Treatment 

Immunosuppressive 
Treatment 

 N (%) or Median (IQR) 
Observations 
      Individuals 
      CD4 Measures 
      Viral Load Measures 

 
86 

1,033 
838 

 
132 

1,782 
1,479 

Cancer Typesb 

      NHL 
      Lung 

      KS 

      HL 
      Liver 
      Breast 
      Anal 
      Prostate 
      Other 

 
7 

11 
18 

1 
4 
3 
2 
9 

31  

 
 (8.1%) 
(12.8%) 
(20.9%) 
(1.2%) 
(4.7%) 
(3.5%) 
(2.3%) 

(10.5%) 
(36.0%) 

 
31 
17 

8 
14 
11 
11 
12 

5 
23 

 
(23.5%) 
(12.9%) 
(6.1%) 

(10.6%) 
(8.3%) 
(8.3%) 
(9.1%) 
(3.8%) 

(17.4%) 
Stage 
      Localized 
      Regional 
      Distant 
      Unstaged 

 
44 
18 
17 

7 

 
(51.2%) 
(20.9%) 
(19.8%) 
(8.1%) 

 
35 
24 
70 

3 

 
(26.5%) 
(18.2%) 
(53.0%) 
(2.3%) 

Age 50 (44 – 54) 50 (42 – 54) 
Female 29 (33.7%) 40 (30.3%) 
Non-Hispanic Black 65 (75.%) 102 (77.3%) 
Diagnosis Year 
      1997-2002 
      2003-2008 
      2009-2014 

 
17 
38 
31 

 
(19.8%) 
(44.2%) 
(36.0%) 

 
27 
58 
47 

 
(20.5%) 
(43.9%) 
(35.6%) 

Hepatitis C 51 (60.5%) 71 (53.8%) 
No ART at Baseline 16 (18.6%) 16 (12.1%) 
Prior AIDS 42 (48.8%) 70 (53.0%) 
IDU 28 (32.6%) 41 (31.1%) 
Baseline CD4 
      Median (IQR) 
      ≤350 
      351-500 
      >500 

 
297 
51 
21 
14 

 
(149 – 431) 

(59.3%) 
 (24.4%) 
(16.3%) 

 
286 
76 
28 
28 

 
(151 – 456) 

(57.6%) 
(21.2%) 
(21.2%) 

Baseline Log10 Viral Load 
      Median (IQR) 
      Missing 
      Unsuppresed VLc 

 
2.0 

5 
32 

 
(1.7 – 4.6) 

(5.8%) 
(39.5%) 

 
2.1 

7 
45 

 
(1.7 – 3.5) 

(5.3%) 
(36.0%) 

5 Year Mortality Riskd 0.24 (0.08 – 0.44) 0.37 (0.22 – 0.69) 
a   Immunosuppressive= any chemotherapy and/or radiation; non-immunosuppressive = no chemotherapy or 
     radiation (surgery, no cancer treatment, hormone therapy, or immunotherapy only) 
b   Abbreviations: NHL = non-Hodgkin’s lymphoma, Kaposi’s sarcoma, HL=Hodgkin lymphoma 
c   Unsuppressed VL= HIV Viral Load >400 copies/mL 
d   5 year mortality risk based on SEER estimates for an individual’s particular cancer type and stage.
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Table 3.2 Baseline characteristics of individuals with an incident, first cancer in JHHCC from 
1997-2014 presented for the total, good prognosis,a and solid tumors populations.b 

 Total Population Good Prognosis Solid Tumor 

 N (%) or Median (IQR) 
Observations 
      Individuals 
      CD4 Measures 
      VL Measures 

 
218 

2,815 
2,317 

 
107 

1,867 
1,580 

 
162 

1,864 
1,544 

Cancer Types 

      NHL 
      Lung 

      KS 

      HL 
      Liver 
      Breast 
      Anal 
      Prostate 
      Other 

 
38  
28  
26  
15  
15  
14  
14  
14  
54  

 
(17.4%) 
(12.8%) 
(11.9%) 
(6.9%) 
(6.9%) 
(6.4%) 
(6.4%) 
(6.4%) 

(24.8%) 

 
20 

5 
9 
8 
0 

11 
8 

13 
33 

 
(18.7%) 
(4.7%) 
(8.4%) 
(7.5%) 
(0.0%) 
(10.3%) 
(7.5%) 
(12.1%) 
(30.8%) 

 
0 

28 
26 

0 
15 
14 
14 
14 
51 

 
(0.0%) 
(17.3%) 
(16.0%) 
(0.0%) 
(9.3%) 
(8.6%) 
(8.6%) 
(8.6%) 
(31.5%) 

Cancer Treatment 
      Any Chemotherapy 
      Any Radiation 
      Any Surgery 
      No Treatment 

 
109 
53 
94 
27 

 
(50.0%) 
(24.3%) 
(43.1%) 
(12.4%) 

 
45 
22 
58 
10 

 
(42.1%) 
(20.6%) 
(54.2%) 
(9.3%) 

 
64 
47 
84 
22 

 
(39.5%) 
(29.0%) 
(51.9%) 
(13.6%) 

Stage 
      Localized 
      Regional 
      Distant 
      Unstaged 

 
79 
42 
87 
10 

 
(36.2%) 
(19.3%) 
(39.9%) 
(4.6%) 

 
63 
13 
29 

2 

 
(58.9%) 
(12.1%) 
(27.1%) 
(1.9%) 

 
77 
41 
34 
10 

 
(47.5%) 
(25.3%) 
(21.0%) 
(6.2%) 

Age 49 (43 – 54) 50 (44 – 57) 50 (44 – 55) 
Female 69 (31.6%) 35 (32.7%) 58 (35.8%) 
Non-Hispanic Black 167 (76.6%) 82 (76.6%) 13

0 
(80.2%) 

Diagnosis Year 
      1997-2002 
      2003-2008 
      2009-2014 

 
44 
96 
78 

 
(20.2%) 
(44.0%) 
(35.8%) 

 
15 
53 
39 

 
(14.0%) 
(49.5%) 
(36.4%) 

 
30 
69 
63 

 
(18.5%) 
(42.6%) 
(38.9%) 

Hepatitis C 123 (56.4%) 56 (52.3%) 93 (57.4%) 
No ART 32 (14.7%) 15 (14.0%) 26 (16.0%) 
Prior AIDS 112 (51.4%) 50 (46.7%) 75 (46.3%) 
IDU 69 (31.7%) 24 (22.4%) 52 (32.1%) 
CD4 
      Median (IQR) 
      ≤350 
      351-500 
      >500 

 
288 
127 
49 
42 

 
(149 – 437) 

(58.3%) 
(22.5%) 
(19.3%) 

 
382 

41 
38 
28 

 
(288 – 502) 
(38.3%) 
(35.5%) 
(26.2%) 

 
31

8 
85 
41 
36 

 
(178 – 480) 
(52.5%) 
(25.3%) 
(22.2%) 

Log10 VL 
      Median (IQR) 
      Missing 
      Unsuppresed VLc 

 
2.0 
12 
77 

 
(1.7 – 4.0) 

(5.5%) 
(37.4%) 

 
1.7 

5 
24 

 
(1.7 – 2.6) 
(7.5%) 
(23.5%) 

 
1.9 

7 
54 

 
(1.7 – 4.0) 
(3.2%) 
(34.8%) 

5 Year Mortality Riskd 0.4 (0.2 – 0.6) 0.2 (0.03 – 0.4) 0.4 (0.1 – 0.7) 
a    Good prognosis is baseline CD4 >200 cells/mm3 and 5-year SEER mortality <50%. 
b    Solid tumors excludes individuals with hematological malignancies. 
c   Unsuppressed VL= HIV Viral Load >400 copies/mL 
d    5 year mortality risk based on SEER estimates for an individual’s particular cancer type and stage.
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Table 3.3 Longitudinal results of the joint longitudinal CD4 measures and all-cause mortality survival model among the total population, 
individuals with a good cancer prognosis, and individuals with a solid tumor. 
 

 Total Population 
N=218 

Good Prognosis 
N=107 

Solid Tumor 
N=162 

Covariate Estimate 95% CIa Estimate 95% CIa Estimate 95% CIa 

Intercept 849 (731, 966) 627 (577, 678) 620 (561, 679) 
Time 
      Spline 1 
      Spline 2 

 
-181 
-737 

 
(-301, -60) 

(-1092, -382) 

 
-204 
-740 

 
(-343, -64) 

(-1150, -329) 

 
-110 
-192 

 
(-231, 11) 
(-464, 80) 

Immunosuppressive Treatment -155 (-211, -99) -180 (-242, -117) -230 (-308, -153) 
Baseline CD4b 

      ≤350 
      351-500 

 
-335 

-60 

 
(-384, -286) 

(-117, -4) 

 
-245 
-171 

 
(-303, -187) 
(-231, -111) 

 
-460 
-228 

 
(-520, -399) 
(-298, -157) 

Propensity Scorec 

      Spline 1 
      Spline 2 
      Spline 3 
      Spline 4 

 
-281 
-268 
-436 
341 

 
(-385, -177) 
(-343, -193) 
(-674, -199) 

(281, 401) 

 
-119 

28 
-55 
-71 

 
(-183, -56) 

(-12, 67) 
(-126, 16) 

(-124, -18) 

 
-52 
13 

163 
-55 

 
(-105, 2) 
(-54, 80) 
(53, 272) 

(-134, 24) 
Time* Immuno. Trt. 
      Spline 1* Immuno. Trt. 
      Spline 2* Immuno. Trt. 

 
467 
85 

 
(299, 636) 

(-290, 460) 

 
347 
53 

 
(172, 522) 

(-373, 479) 

 
248 
461 

 
(70, 425) 

(169, 753) 
Time*Baseline CD4 
      Spline 1*≤350 
      Spline 2*≤350 
      Spline 1*351-500 
      Spline 2*351-500 

 
302 
799 
412 

1278 

 
(164, 440) 

(407, 1191) 
(256, 568) 

(900, 1655) 

 
189 
806 
532 

1342 

 
(28, 350) 

(357, 1255) 
(365, 699) 

(910, 1775) 

 
374 
400 
378 
804 

 
(220, 529) 
(77, 724) 

(214, 542) 
(513, 1095) 

Immuno. Trt.* Baseline CD4 
      Immuno. Trt.*350 
      Immuno. Trt.351-500 

 
54 

-53 

 
(-11, 119) 
(-127, 20) 

 
69 
76 

 
(-11, 149) 
(-3, 156) 

 
146 
70 

 
(58, 235) 

(-28, 169) 
Time* Immuno. Trt.* Base. CD4 
      Spline 1* Immuno. Trt.*≤350 
      Spline 2* Immuno. Trt.*≤350 
      Spline 1* Immuno. Trt.*351-500 
      Spline 2* Immuno. Trt.*351-500 

 
-543 
-852 

-80 
-472 

 
(-732, -353) 

(-1272, -431) 
(-287, 127) 
(-877, -66) 

 
-286 
-765 
149 
501 

 
(-494, -77) 

(-1266, -263) 
(-61, 359) 
(44, 959) 

 
-325 

-1285 
-22 

-586 

 
(-552, -98) 

(-1654, -916) 
(-252, 209) 

(-925, -247) 
a   95% confidence intervals are asymptotic and based on the Wald statistics using the variance for the linear mixed effects model. 
b   Baseline CD4 in cells/mm3 categories: ≤350, 351-500, >500 (REF) 
c   Propensity score is the predicted probability of receiving immunosuppressive cancer treatment conditional on age, sex, race (non-Hispanic black vs. 
    other),history of injection drug use, baseline CD4 modeled with natural cubic splines, ART use at baseline, hepatitis C, and prior AIDS diagnosis at 
    baseline. 
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Table 3.4 Survival model results of the joint longitudinal CD4 measures and all-cause mortality survival model among the total population, 
individuals with a good cancer prognosis, and individuals with a solid tumor. 
 

 Total Population 
N=218 

Good Prognosis 
N=107 

Solid Tumor 
N=162 

Covariate HRa 95% CIb HRa 95% CIb HRa 95% CIb 

5 Year SEER Mortality Riskc 

      Category 2 
      Category 3 

 
1.97 
5.24 

 
(1.19, 3.27) 
(2.98, 9.19) 

 
2.79 
2.91 

 
(0.87, 8.96) 
(1.12, 7.56) 

 
2.09 
5.46 

 
(1.13, 3.85) 
(2.92, 10.2) 

Age 1.002 (0.98, 1.03) 1.03 (0.99, 1.08) 1.01 (0.98, 1.04) 
White 1.33 (0.79, 2.22) 0.84 (0.32, 2.20) 1.66 (0.93, 2.94) 
Female 1.35 (0.88, 2.06) 1.32 (0.60, 2.90) 1.31 (0.80, 2.14) 
IDU 1.38 (0.83, 2.30) 0.41 (0.15, 1.12) 1.47 (0.81, 2.67) 
No Cancer Treatment 3.59 (1.86, 6.94) 3.14 (0.99, 9.87) 3.57 (1.71, 7.45) 
No ART 1.21 (0.73, 1.99) 0.89 (0.32, 2.51) 1.86 (1.04, 3.31) 
Hepatitis C 0.89 (0.53, 1.51) 3.22 (1.25, 8.27) 0.64 (0.35, 1.16) 
Baseline CD4d 

      ≤350 
      351-500 

 
0.95 
1.19 

 
(0.50, 1.80) 
(0.60, 2.34) 

 
3.21 
2.77 

 
(0.77, 13.5) 
(0.70, 10.8) 

 
0.81 
1.05 

 
(0.40, 1.66) 
(0.51, 2.19) 

Immunosuppressive Treatment 1.57 (0.93, 2.65) 0.61 (0.26, 1.44) 1.76 (0.98, 3.16) 
Longitudinal CD4e 0.74 (0.64, 0.85) 0.66 (0.49, 0.88) 0.71 (0.59, 0.85) 
a   HR= Hazard Ratio 
b   95% confidence interval are asymptotic and based on the Wald statistics. 
c   5 year mortality risk based on SEER estimates for an individual’s particular cancer type and stage. For total population and solid tumors: Category 
    1=(0.0-0.323) (REF), Category 2=(0.324-0.648), Category 3=(0.649-0.973); For good prognosis strata: Category 1=(0.0-0.147) (REF), Category 
    2=(0.148-0.296), Category 3=(0.297-0.444) 
d   Baseline CD4 in cells/mm3 categories: ≤350, 351-500, >500 (REF) 
e   Longitudinal CD4 cell count is incorporated as a linear predictor from the longitudinal model, is lagged by 6 months, and is scaled by 100 cells (i.e. HR 
    reflects every 100 cell increase in predicted CD4) 
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Table 3.5 Longitudinal results of the joint longitudinal HIV log10 viral load measures and all-cause mortality survival model among the total 
population, individuals with a good cancer prognosis, and individuals with a solid tumor. 
 

 Total Population 
N=196 

Good Prognosis 
N=101 

Solid Tumor 
N=147 

Covariate Estimate 95% CIa Estimate 95% CIa Estimate 95% CIa 
Intercept 1.70 (1.29, 2.11) 1.71 (1.28, 2.14) 1.98 (1.51, 2.45) 
Time 
      Spline 1 
      Spline 2 

 
-2.15 
-2.67 

 
(-2.68, -1.63) 
(-3.68, -1.66) 

 
-1.73 
-2.95 

 
(-2.36, -1.10) 
(-4.36, -1.54) 

 
-1.74 
-1.71 

 
(-2.48, -1.01) 
(-3.00, -0.42) 

Immunosuppressive Treatment 0.09 (-0.20, 0.37) 0.16 (-0.17, 0.49) 0.26 (-0.11, 0.63) 
Unsuppressed VLb 1.74 (1.42, 2.07) 1.54 (1.02, 2.06) 1.69 (1.31, 2.08) 
Propensity Scorec 

      Spline 1 
      Spline 2 
      Spline 3 
      Spline 4 

 
0.06 
0.36 
0.94 
0.32 

 
(-0.41, 0.54) 
(-0.06, 0.79) 
(-0.10, 1.99) 
(-0.12, 0.76) 

 
0.45 
0.52 
0.43 
0.48 

 
(-0.06, 0.96) 
(0.02, 1.02) 

(-0.71, 1.57) 
(-0.09, 1.04) 

 
-0.27 
0.12 
0.24 
0.15 

 
(-0.90, 0.36) 
(-0.44, 0.68) 
(-0.94, 1.42) 
(-0.43, 0.72) 

Time* Immuno. Trt. 
      Spline 1* Immuno. Trt. 
      Spline 2* Immuno. Trt. 

 
0.89 
1.79 

 
(0.23, 1.55) 
(0.66, 2.92) 

 
0.48 
2.27 

 
(-0.32, 1.29) 
(0.52, 4.02) 

 
0.41 
1.78 

 
(-0.77, 1.58) 
(-0.50, 4.06) 

Immuno. Trt.* Unsuppressed VL -0.42 (-0.83, -0.02) -0.92 (-1.50, -0.34) -0.46 (-0.98, 0.05) 
a   95% confidence interval are asymptotic and based on the Wald statistics. 
b   Unsuppressed VL= baseline HIV Viral Load >400 copies/mL 
c   Propensity score is the predicted probability of receiving immunosuppressive cancer treatment conditional on age, sex, race (non-Hispanic black vs. 
    other), history of injection drug use, baseline CD4 modeled with natural cubic splines, ART use at baseline, hepatitis C, and prior AIDS diagnosis at 
    baseline. 
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Table 3.6 Survival model results of the joint longitudinal HIV log10 viral load measures and all-cause mortality survival model among the 
total population, individuals with a good cancer prognosis, and individuals with a solid tumor. 
 

 Total Population 
N=196 

Good Prognosis 
N=101 

Solid Tumor 
N=147 

Covariate HRa 95% CIb HRa 95% CIb HRa 95% CIb 
5 Year SEER Mortality Riskc 

      Category 2  
      Category 3  

 
1.91 
5.82 

 
(1.11, 3.27) 
(3.18, 10.7) 

 
3.21 
2.68 

 
(0.99, 10.3) 
(0.96, 7.47) 

 
2.06 
6.20 

 
(1.06, 4.01) 
(3.09, 12.4) 

Age 1.03 (1.01, 1.05) 1.05 (1.01, 1.10) 1.04 (1.01, 1.07) 
White 1.30 (0.72, 2.31) 0.81 (0.31, 2.10) 1.59 (0.84, 3.00) 
Female 1.04 (0.65, 1.66) 1.001 (0.43, 2.32) 0.92 (0.53, 1.61) 
IDU 1.39 (0.81, 2.39) 0.61 (0.23, 1.61) 1.41 (0.74, 2.67) 
No Cancer Treatment 3.90 (1.91, 7.97) 2.72 (0.80, 9.18) 3.38 (1.51, 7.54) 
No ART 1.02 (0.57, 1.82) 0.92 (0.32, 2.64) 1.09 (0.56, 2.11) 
Hepatitis C 0.93 (0.52, 1.62) 3.09 (1.21, 7.88) 0.74 (0.39, 1.41) 
Baseline CD4d 

      ≤350 
      351-500 

 
1.91 
1.75 

 
(1.03, 3.54) 
(0.85, 3.60) 

 
5.93 
4.15 

 
(1.43, 24.6) 
(1.02, 16.9) 

 
1.53 
1.55 

 
(0.80, 2.93) 
(0.72, 3.33) 

Immunosuppressive Treatment 2.05 (1.17, 3.59) 0.93 (0.39, 2.19) 2.50 (1.33, 4.72) 
Longitudinal Viral Loade 1.63 (1.28, 2.09) 1.59 (0.99, 2.55) 1.70 (1.28, 2.25) 
a   HR= hazard ratio 
b   95% confidence interval are asymptotic and based on the Wald statistics. 
c   5 year mortality risk based on SEER estimates for an individual’s particular cancer type and stage. For total population and solid tumors: Category 
    1=(0.0-0.323) (REF), Category 2=(0.324-0.648), Category 3=(0.649-0.973); For good prognosis strata: Category 1=(0.0-0.147) (REF), Category 
    2=(0.148-0.296), Category 3=(0.297-0.444) 
d    Baseline CD4 in cells/mm3 categories: ≤350, 351-500, >500 (REF) 
e   Longitudinal log10 HIV viral load is incorporated as a linear predictor from the longitudinal model and is lagged by 6 months.  
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Table 3.7 Longitudinal CD4 model of the joint longitudinal survival model for CD4, HIV viral load, and all-cause mortality survival model 
among the total population, individuals with a good cancer prognosis, and individuals with a solid tumor. 
 
 Total Population 

N=196 
Good Prognosis 

N=101 
Solid Tumor 

 N=147 
Covariate Estimate 95% CIa Estimate 95% CIa Estimate 95% CIa 

Intercept 677 (465, 880) 674 (587, 763) 657 (420, 890) 
Time 
      Spline 1 
      Spline 2 

 
-21 

-325 

 
(-323, 268) 
(-919, 203) 

 
-85 

-398 

 
(-382, 214) 

(-1004, 184) 

 
57 

-144 

 
(-242, 356) 

(-736, 52) 
Immunosuppressive Treatment -200 (-301, -95) -239 (-340, -139) -188 (-289, -92) 
Baseline CD4b 

      ≤350 
      351-500 

 
-398 
-149 

 
(-493, -303) 
(-252, -46) 

 
-325 
-183 

 
(-419, -239) 
(-269, -88) 

 
-401 
-153 

 
(-492, -316) 
(-255, -48) 

Propensity Scorec 

      Spline 1 
      Spline 2 
      Spline 3 
      Spline 4 

 
-116 

-54 
-72 
34 

 
(-291, 66) 

(-217, 105) 
(-502, 371) 
(-157, 238) 

 
-32 
-78 

-128 
27 

 
(-159, 98) 
(-188, 34) 
(-306, 48) 
(-79, 145) 

 
-86 
-25 
-13 
109 

 
(-290, 128) 
(-207, 149) 
(-512, 486) 

(-74, 302) 
Time* Immuno. Trt. 
      Spline 1* Immuno. Trt. 
      Spline 2* Immuno. Trt. 

 
195 
58 

 
(-218, 611) 
(-666, 790) 

 
204 

-260 

 
(-237, 642) 

(-1055, 509) 

 
316 
463 

 
(-150, 770) 

(-423, 1338) 
Time*Baseline CD4 
      Spline 1*≤350 
      Spline 2*≤350 
      Spline 1*351-500 
      Spline 2*351-500 

 
146 
40 

240 
669 

 
(-227, 516) 
(-628, 735) 
(-197, 665) 

(-121, 1433) 

 
100 
75 

259 
786 

 
(-323, 493) 
(-677, 810) 
(-150, 694) 
(12, 1609) 

 
158 

4 
121 
422 

 
(-211, 513) 
(-689, 756) 

(-335, 57) 
(-456, 1266) 

Immuno. Trt.* Baseline CD4 
      Immuno. Trt.*350 
      Immuno. Trt.351-500 

 
156 
35 

 
(38, 275) 

(-96, 160) 

 
156 
140 

 
(32, 280) 
(15, 261) 

 
125 

5 

 
(9, 249) 

(-134, 136) 
Time* Immuno. Trt.* Base. CD4 
      Spline 1* Immuno. Trt.*≤350 
      Spline 2* Immuno. Trt.*≤350 
      Spline 1* Immuno. Trt.*351-500 
      Spline 2* Immuno. Trt.*351-500 

 
25 
23 

164 
139 

 
(-482, 549) 
(-839, 909) 
(-376, 692) 

(-873, 1146) 

 
35 
32 

225 
460 

 
(-546, 593) 

(-980, 1093) 
(-316, 765) 

(-515, 1393) 

 
-9 

-49 
122 

-186 

 
(-58, 608) 

(-1112, 1049) 
(-486, 705) 

(-1385, 791) 
a   95% credible intervals are calculated using Markov chain Monte Carlo methods. 
b   Baseline CD4 in cells/mm3 categories: ≤350, 351-500, >500 (REF) 
c   Propensity score is the predicted probability of receiving immunosuppressive cancer treatment conditional on age, sex, race (non-Hispanic black vs. 
    other), history of injection drug use, baseline CD4 modeled with natural cubic splines, ART use at baseline, hepatitis C, and prior AIDS diagnosis at 
    baseline. 
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Table 3.8 Longitudinal log10 HIV viral load model of the joint longitudinal survival model for CD4, HIV viral load, and all-cause mortality 
survival model among the total population, individuals with a good cancer prognosis, and individuals with a solid tumor. 
 
 Total Population 

N=196 
Good Prognosis 

N=101 
Solid Tumor 

 N=147 
Covariate Estimate 95% CIa Estimate 95% CIa Estimate 95% CIa 

Intercept 1.82 (1.32, 2.26) 1.67 (1.28, 2.10) 2.03 (1.56, 2.50) 
Time 
      Spline 1 
      Spline 2 

 
-2.01 
-2.22 

 
(-2.72, -1.31) 
(-3.69, -0.67) 

 
-1.66 
-2.77 

 
(-2.31, -0.95) 
(-4.20, -1.26) 

 
-1.77 
-1.50 

 
(-2.57, -0.98) 
(-2.84, -0.09) 

Immunosuppressive Treatment 0.22 (-0.12, 0.54) 0.18 (-0.16, 0.52) 0.29 (-0.12, 0.70) 
Unsuppressed VLb 1.55 (1.18, 1.91) 1.60 (1.11, 2.09) 1.58 (1.21, 1.94) 
Propensity Scorec 

      Spline 1 
      Spline 2 
      Spline 3 
      Spline 4 

 
0.12 
0.23 
0.74 
0.28 

 
(-0.43, 0.62) 
(-0.26, 0.70) 
(-0.37, 1.79) 
(-0.24, 0.78) 

 
0.43 
0.43 
0.57 
0.53 

 
(-0.05, 0.95) 
(-0.07, 0.95) 
(-0.53, 1.59) 
(-0.08, 1.14) 

 
-0.36 
0.26 
0.18 

-0.05 

 
(-1.01, 0.23) 
(-0.31, 0.83) 
(-0.95, 1.27) 
(-0.62, 0.50) 

Time* Immuno. Trt. 
      Spline 1* Immuno. Trt. 
      Spline 2* Immuno. Trt. 

 
0.57 
1.81 

 
(-0.30, 1.50) 
(0.07, 3.61) 

 
0.35 
2.06 

 
(-0.58, 1.19) 
(0.26, 3.88) 

 
0.13 
1.33 

 
(-1.18, 1.34) 
(-0.54, 3.72) 

Immuno. Trt.* Unsuppressed VL -0.50 (-0.93, -0.04) -0.88 (-1.44, -0.35) -0.51 (-1.00, 0.02) 
a   95% credible intervals are calculated using Markov chain Monte Carlo methods. 
b   Unsuppressed VL= baseline HIV Viral Load >400 copies/mL 
c   Propensity score is the predicted probability of receiving immunosuppressive cancer treatment conditional on age, sex, race (non-Hispanic black vs. 
    other), history of injection drug use, baseline CD4 modeled with natural cubic splines, ART use at baseline, hepatitis C, and prior AIDS diagnosis at 
    baseline. 
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Table 3.9 All-cause mortality survival model of the joint longitudinal survival model for CD4, HIV viral load, and all-cause mortality survival 
model among the total population, individuals with a good cancer prognosis, and individuals with a solid tumor. 
 
 Total Population 

N=196 
Good Prognosis 

N=101 
Solid Tumor 

 N=147 
Covariate HRa 95% CIb HRa 95% CIb HRa 95% CIb 

5 Year SEER Mortality Riskc 
      Category 2  
      Category 3 

 
1.94 
5.61 

 
 (1.24, 3.31) 
(3.35, 9.75) 

 
3.58 
2.82 

 
(1.39, 10.5) 
(1.19, 7.14) 

 
2.03 
5.83 

 
(1.17, 3.58) 
(3.27, 11.3) 

Age 1.02 (1.00, 1.04) 1.04 (1.00, 1.09) 1.04 (1.00, 1.05) 
White 1.35 (0.84, 2.11) 0.93 (0.37, 2.12) 1.61 (0.90, 2.76) 
Female 1.14 (0.75, 1.72) 1.14 (0.49, 2.32) 1.03 (0.65, 1.62) 
IDU 1.27 (0.80, 2.12) 0.52 (0.20, 1.29) 1.36 (0.77, 2.40) 
No Cancer Treatment 3.94 (2.01, 7.65) 2.58 (0.82, 7.27) 3.29 (1.66, 6.43) 
No ART 1.21 (0.71, 1.98) 0.99 (0.40, 2.31) 1.41 (0.77, 2.50) 
Hepatitis C 0.88 (0.54, 1.46) 3.26 (1.36, 7.56) 0.72 (0.40, 1.35) 
Baseline CD4d 

      ≤350 
      351-500 

 
1.15 
1.37 

 
(0.66, 1.95) 
(0.73, 2.56) 

 
3.35 
3.42 

 
(1.12, 12.0) 
(1.13, 11.4) 

 
1.15 
1.30 

 
(0.60, 2.25) 
(0.66, 2.63) 

Immunosuppressive Treatment 1.86 (1.15, 3.04) 0.75 (0.36, 1.62) 2.19 (1.32, 4.02) 
Longitudinal CD4e 0.81 (0.70, 0.93) 0.72 (0.53, 0.90) 0.87 (0.73, 1.02) 
Longitudinal Viral Loadf 1.32 (1.04, 1.70) 1.30 (0.80, 2.02) 1.38 (1.07, 1.85) 
a   HR= hazard ratio 
b   95% credible intervals are calculated using Markov chain Monte Carlo methods. 
c   5 year mortality risk based on SEER estimates for an individual’s particular cancer type and stage. For total population and solid tumors: Category 
    1=(0.0-0.323) (REF), Category 2=(0.324-0.648), Category 3=(0.649-0.973); For good prognosis strata: Category 1=(0.0-0.147) (REF), Category 
    2=(0.148-0.296), Category 3=(0.297-0.444) 
d   Baseline CD4 in cells/mm3 categories: ≤350, 351-500, >500 (REF) 
e   Longitudinal CD4 cell count is incorporated as a linear predictor from the longitudinal model and is scaled by 100 cells (i.e. HR reflects every 100 cell 
    increase in predicted CD4) 
f   Longitudinal log10 HIV viral load is incorporated as a linear predictor from the longitudinal model. 
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Table 3.10 Random effects covariance matrices for the longitudinal components of the joint longitudinal survival model for CD4,a log10 HIV 
viral load, and all-cause mortality survival model among the total population, individuals with a good cancer prognosis, and individuals with 
a solid tumor. 
 

  CD4 Intercept CD4 Time Spline 1 CD4 Time Spline 2 VL Intercept VL Time Spline 1 
To

ta
l 

Po
pu

la
tio

n CD4 Time Spline 1 -0.12     
CD4 Time Spline 2 0.02 0.45    
VL Intercept -0.37 0.32 0.57   
VL Time Spline 1 0.16 -0.47 -0.39 -0.48  
VL Time Spline 2 -0.30 0.53 0.04 0.23 -0.35 

G
oo

d 
Pr

og
no

si
s CD4 Time Spline 1 -0.24     

CD4 Time Spline 2 -0.12 0.36    
VL Intercept -0.19 0.29 0.65   
VL Time Spline 1 0.07 -0.36 -0.41 -0.47  
VL Time Spline 2 -0.19 0.53 -0.01 -0.001 -0.05 

So
lid

 
Tu

m
or

s CD4 Time Spline 1 -0.05     
CD4 Time Spline 2 0.18 0.63    
VL Intercept -0.40 0.37 0.49   
VL Time Spline 1 0.26 -0.61 -0.53 -0.58  
VL Time Spline 2 -0.20 0.34 0.16 0.30 -0.29 

a   CD4 cell count is scaled by 100 cells 
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Figures  
Figure 3.1. Lowess-smoothed estimated CD4 trajectories from the joint longitudinal CD4 
survival model stratified by immunosuppressive versus non-immunosuppressive 
treatment and baseline CD4 for the total, good prognosis, and solid tumor populations.a 

 

 

 
a Includes extrapolated CD4 decline associated with treatment (i.e. the difference between observed baseline CD4 prior to 
treatment and the first post treatment CD4 estimated from the joint model) 
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Figure 3.2 Unadjusted Kaplan-Meier (KM) survival curves for all-cause mortality 
following initial cancer treatment stratified by immunosuppressive and non-
immunosuppressive treatment (left) and by tercile of cancer severitya (right) in the total 
population, the good prognosis population, and the solid tumor population.b 

 
a   Cancer severity defined as 5 year mortality risk based on SEER estimates for an individual’s particular cancer type 
    and stage. For total population and solid tumors: Tercile 1=0.0-0.323, Tercile 2=0.324-0.648, Tercile 3=0.649-0.973; 
    For good prognosis: Tercile 1=0.0-0.147, Tercile 2=0.148-0.296, Tercile 3=0.297-0.444. 
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Figure 3.3 Expected CD4 response (asterisks) to non-immunosuppressive treatment (blue) and immunosuppressive treatment (red) 
at 0.5, 1, 3, and 5 years follow-up and conditional predicted median survival (lines).a 

\ 
a Results are from the joint longitudinal CD4 and mortality model. 
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Supplementary Materials 
 
Figure S3.1: Quarterly estimates of CD4 mean and standard error following cancer diagnosis by initial cancer treatment type.a 
 

 
a Red= any radiation, green= any chemotherapy but no radiation, blue= no treatment or any surgery, hormone, or immunotherapy but no 
chemotherapy or radiation 
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Figure S3.2: Quarterly estimates of CD4 mean and standard error following cancer diagnosis by initial cancer treatment type and 
baseline CD4.a 

 
a any_radiation refers to any radiation during initial cancer treatment; chemo_norad refers to any chemotherapy but no radiation during initial 
cancer treatment; non none refers to no initial cancer treatment;  surg_nochemrad refers to any surgery but no chemotherapy or radiation during 
initial cancer treatment; (-Inf,200] refers to baseline CD4 ≤200 cells/mm3; (200, Inf] refers to baseline CD4 >200 cells/mm3. 
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Figure S3.3: Lowess curves of longitudinal CD4 following cancer diagnosis by initial cancer treatment type and baseline 
CD4.a 
 

 
a Solid blue lines are those with a baseline CD4≤200 and surgery but no chemotherapy or radiation in their initial cancer treatment regimen. Solid red 
lines are those with a baseline CD4≤200 and chemotherapy but no radiation in their initial cancer treatment regimen. Solid green lines are those with 
baseline CD4≤200 and any radiation in their initial cancer treatment regimen. Dashed blue lines are those with surgery but no chemotherapy or radiation 
and baseline CD4>200. Dashed red lines are those with chemotherapy but no radiation and baseline CD4>200. Dashed green lines are those with 
radiation and baseline CD4>200. 
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Figure S3.4: Crude all-cause mortality using Kaplan-Meier curves following cancer 
diagnosis by immunosuppressive and non-immunosuppressive initial cancer treatment 
regimen and 5-year cancer mortality probability ≤50% or >50%.a 

 
a The black line is survival among individuals with non-immunosuppressive treatment and an estimated 
5-year cancer mortality probability ≤50% using SEER estimates based on cancer type and stage at 
diagnosis. The red line is survival among individuals with non-immunosuppressive treatment and an 
estimated 5-year cancer mortality probability >50%. The green line is survival among individuals with 
immunosuppressive treatment and an estimated 5-year cancer mortality probability ≤50%. The red line 
is survival among individuals with immunosuppressive treatment and an estimated 5-year cancer 
mortality probability >50%. 
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Figure S3.5: Crude and adjusteda all-cause mortality using Kaplan-Meier curves 
following cancer diagnosis by immunosuppressive and non-immunosuppressive initial 
cancer treatment regimen for those with a 5-year cancer mortality probability less than 
50%.  

 
 
a Kaplan-Meier survival estimates are adjusted for continuous age, sex, race, IDU, history of 
AIDS at baseline, baseline ART use, continuous baseline CD4, and continuous expected 5 year 
mortality using SEER estimates based on cancer type and stage. 
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Figure S3.6: Observed values of log10 HIV viral load following cancer treatment and 
lowess curves by immunosuppressivea and non-immunosuppressiveb initial cancer 
treatment regimen. 
 

 

a Red dots are observed log10 HIV viral load measures for those with an immunosuppressive 
initial cancer treatment regimen (i.e. chemotherapy and/or radiation). The red line is the lowess 
curve for log10 HIV viral load over time following an immunosuppressive initial cancer treatment 
regimen.  
b Blue dots are observed log10 HIV viral load measures for those with a non-immunosuppressive 
initial cancer treatment regimen (i.e. no chemotherapy or radiation). The blue line is the lowess 
curve for log10 HIV viral load over time following a non-immunosuppressive initial cancer 
treatment regimen.  
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Figure S3.7: Box plots of log10 HIV viral load versus year following cancer treatment for immunosuppressivea and non-
immunosuppressiveb initial cancer treatment regimen with red line to indicate viral suppression (VL<500 copies/mL). 
 
 
        Immunosuppresive Treatment           Non-Immunosuppressive Treatment 
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Abstract 

Background: CD4 and HIV viral load trajectories following cancer treatment may 

influence the risk of a new AIDS event and/or cancer progression in people with HIV 

(PWH). The primary objective of this study is to estimate the associations between 

longitudinal CD4 and viral load and the competing events of incident AIDS defining 

illness/AIDS-death (ADI) and non-AIDS death (NAD) following cancer diagnosis in PWH.  

Methods: A total of 204 PWH from the Johns Hopkins HIV clinic diagnosed with an 

incident cancer were analyzed. The effect of immunosuppressive 

(chemotherapy/radiation) or non-immunosuppressive (surgery/no treatment) initial 

cancer treatment on longitudinal CD4 and HIV viral load and the subsequent competing 

events of ADI and NAD were modeled using shared parameter joint longitudinal survival 

models. Cause-specific hazard ratios (csHR) and subdistribution hazard ratios (sdHR) 

were calculated for each association. Models adjusted for confounders, including 

expected 5-year mortality based on cancer type and stage. Sensitivity analyses were 

conducted among those with solid tumor cancers and those with a good prognosis 

defined as an expected 5-year mortality <50% and baseline CD4>200.  

Results: In the total population, a 100-cell increase in longitudinal CD4 resulted in a 

csHR of 0.75 (95% CI 0.54-1.05) and an sdHR of 0.85 (95% CI= 0.61-1.20) for ADI. 

Although these results were not significant, they showed trends towards a protective 

effect of higher CD4 on the hazard of ADI, and csHR for this association was significant 

among those with a good cancer prognosis (csHR= 0.56, 95% CI=0.33-0.96). A 100-cell 

increase in longitudinal CD4 in the total population was significantly protective for the 

hazard of NAD (csHR=0.71, 95%CI= 0.60-0.84; sdHR=0.70, 95%CI= 0.59-0.84). Among 

the total population, increased longitudinal viral load following cancer treatment in PWH 

was not significantly associated with an increased hazard of ADI but was significantly 

associated with an increased hazard of NAD (ADI csHR [95% CI]: 1.19 [0.70, 2.02]; ADI 
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sdHR[95% CI]: 1.07 [0.64, 1.82]; NAD csHR[95% CI]: 1.62 [1.25, 2.11]; NAD sdHR[95% 

CI]: 1.64 [1.25, 2.14]).  

Conclusions: Immunosuppression, measured by CD4, in the context of cancer 

treatment in PWH is associated with increased risk of non-AIDS death, independent of 

demographic characteristics, cancer type, and stage. Furthermore, lower CD4 related to 

immunosuppressive cancer treatment is associated with an increased hazard of AIDS 

progression. However this does not translate into an actual increase in risk as these 

individuals are more likely to die prior to the development of a new ADI. Therefore, these 

data suggest that when possible cancer treatments that are likely to preserve immune 

function should be prioritized for PWH. 
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INTRODUCTION 

Immune suppression, often measured by CD4 cell count, due to HIV progression 

is known to increase morbidity and mortality [1]–[4], particularly resulting in an increase 

in the risk of AIDS defining illnesses (ADI) [2], [5]. Guidelines for the use of antiretroviral 

therapy (ART) in people with HIV (PWH) have been updated based on evidence that 

treatment delays and increased immune suppression in PWH increase the risk of both 

AIDS and non-AIDS related mortality [2]. The current recommendation for PWH in the 

United States is to initiate ART as soon as an individual is diagnosed and linked to care, 

as well as encouraging adherence and dissuading any treatment interruptions [6]. In the 

context of cancer among PWH, the effect of immune suppression due to cancer 

treatment on the risk of AIDS defining illnesses and non-AIDS related mortality are not 

well established [7]–[9].  

There is a known immunosuppressive effect of chemotherapy and radiation in 

individuals regardless of HIV status [7], [8], [10]–[21], but the magnitude of the 

immunosuppressive effect is not consistent across studies and/or treatments [22], [23]. It 

has been argued that HIV can result in higher risk of cancer-specific mortality due to 

immune suppression [24]–[27]; however, it has also been found that between 25-65% of 

deaths in PWH with cancer can be attributed to HIV/AIDS [9]. Understanding the risk of 

AIDS progression during and following cancer treatment in PWH is important for clinical 

management of these patients and can result in changes to prophylaxis 

recommendations and monitoring. A few prior studies have examined the risk of a new 

ADI after cancer diagnosis and largely did not find evidence of increased risk, however 

the sample sizes were quite small [28]–[31]. While we found a decreased risk of all-

cause mortality associated with better immune status in PWH following cancer treatment 

in Aim 2, it is unclear to what extent immune suppression is associated with increased 

risk of cancer-related mortality in PWH [24]–[27]. 
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In this study, we use joint longitudinal survival models to model changes in CD4 

and/or HIV viral load due to cancer treatment and determine the association of these 

longitudinal measures with the competing events of incident AIDS defining illness/AIDS-

related death and the occurrence of non-AIDS death. We presume that non-AIDS death 

following cancer diagnosis in PWH, i.e. death that is not preceded by a new ADI or 

determined to be AIDS-related, will largely be caused by cancer progression [9].  

 

METHODS 

Data Sources 

Incident cancer cases among enrollees in the Johns Hopkins HIV Clinical Cohort 

(JHHCC) between January 1, 1997 and September 30, 2014 were identified and linked 

to the Maryland Cancer Registrya. The methods of the JHHCC, a clinical cohort, have 

been previously described [32]. Individuals that did not have available CD4 or HIV viral 

load measures following cancer diagnosis and those that experienced a new ADI prior to 

available laboratory measures were excluded from the analysis (N=92), resulting in a 

final study sample of 204. The Maryland Cancer Registry was the primary source for 

staging and cancer treatment data. Staging information followed the SEER Summary 

Staging 2000 guidelines[33]. Information on the first course of cancer treatment includes: 

the use of any chemotherapy, surgery, radiation, hormone therapy, immunotherapy, or 

other treatments and the date of initiation of each treatment type. Treatment information 

does not provided specific regimens, dose, duration, or radiation site.  

Covariates 

Based on exploratory results detailed in Aim 2, we categorized cancer treatment 

into those who received immunosuppressive treatment (chemotherapy and/or radiation) 

and those who received non-immunosuppressive treatment (no chemotherapy or 

radiation). The date of cancer treatment initiation for those who received chemotherapy 
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and/or radiation was the earlier date of chemotherapy or radiation initiation. Otherwise, 

the date of surgery, if applicable, or the date of cancer diagnosis was used. 

Race/ethnicity was categorized into non-Hispanic black or other. Self-reported HIV 

acquisition risk group was categorized into either injection drug use (IDU) or non-IDU. 

Those with hepatitis C were identified using a positive antibody test at any point during 

follow-up. Baseline for CD4 and HIV viral load measures was defined as the closest lab 

value within 6 months prior to cancer diagnosis. For those with missing baseline CD4 

(N=6), the closest value to cancer diagnosis within the last 1.5 years was used. Baseline 

CD4 was categorized into the following strata: ≤350 cells/mm3, 351-500 cells/mm3, and 

>500 cells/mm3. The cutoff for unsuppressed baseline viral load was >400 copies/mL. 

AIDS diagnosis and initiation of ART, defined as a three-drug regimen initiated prior to 

baseline, were determined by medical record review. For each individuals’ particular 

cancer type and stage, we obtained the age-adjusted National Cancer Institute’s 

Surveillance, Epidemiology, and End Results (SEER) program [34] estimates of 5 year 

mortality for the general US population [35]–[40]. 

Outcome Measures 

Two longitudinal biomarkers were of interest in this analysis. Measures of CD4 

cell count (cells/mm3) and HIV viral load (copies/mL) were available for all labs drawn 

within the Johns Hopkins Hospital system and at the two largest commercial laboratories 

serving the Johns Hopkins HIV Clinic through March 1, 2016 [32]. Furthermore, there 

are two time-to-event outcomes were considered in the analysis: 1) incident ADI or 

AIDS-related death and 2) non-AIDS mortality. Death information was obtained through 

medical record review and linkage to the Social Security Death Index and National 

Death Index through March 1, 2016. Cause of death information was based on the 

assigned cause of death on the death certificate in accordance with the International 

Classification of Disease, Ninth Revision (ICD-9), or based on the ICD-10 codes for 
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underlying causes of death in newer cases [41], [42]. For individuals without death 

certificate information, largely earlier deaths, clinic physicians assigned an underlying 

cause using ICD-9 coding based on chart review [32]. Those with HIV listed as the 

cause of death were considered to have an AIDS-related death and those without HIV 

listed as the cause of death were considered to have a non-AIDS related death. The 

dates of all new ADI diagnoses were also available and collected in the JHHCC every 6 

months through medical record abstraction.  

Joint Longitudinal Survival Models with Competing Events 

Longitudinal Processes 

 We previously identified the best-fit linear mixed effects model for longitudinal 

CD4 and log10 HIV viral load in Aim 2. For CD4, time was modeled using natural cubic 

splines with a knot at the 50th percentile. There were fixed effects for baseline CD4 

category, immunosuppressive treatment, and a propensity score, modeled using natural 

cubic splines at the 25th, 50th, and 75th percentile. The propensity score was based on 

the conditional probability of immunosuppressive treatment, accounting for age, sex, 

race, IDU, baseline CD4 modeled using natural cubic splines, baseline ART, hepatitis C, 

and baseline AIDS. The fixed effects also included interactions between all combinations 

of time, immunosuppressive treatment, and baseline CD4 category. A random intercept 

for each individual and random slopes for time were also included. In some models of 

the sensitivity analyses subpopulations, the longitudinal models were simplified by 

removing the splines for time in order to improve model fit. The log10 HIV viral load 

includes time modeled using natural cubic splines with a knot at the 50th percentile and 

fixed effects for immunosuppressive treatment, unsuppressed baseline viral load, and 

the propensity score, modeled using natural cubic splines at the 25th, 50th, and 75th 

percentile. Fixed effects for the interactions between immunosuppressive treatment and 
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baseline viral suppression, as well as between time and immunosuppressive treatment 

were included. The model also included a random intercept and random slopes for time.  

Time-to-Event Processes 

 The two time-to-event outcomes in our analysis, incident ADI/AIDS-death and 

non-AIDS death, were modeled as competing events. For the longitudinal measures, we 

examined the corresponding time-to-event outcome using cause-specific and 

subdistribution proportional hazards models [43]–[45]. Because we jointly modeled the 

longitudinal and survival processes, the baseline hazard function was estimated for 

these models [46], [47]. The main difference between the cause specific and 

subdistribution hazards is how the risk sets are defined [43], [44]. To assess the cause-

specific proportional hazards, individuals are removed from the risk set after they 

experience an event regardless of whether it is the event of interest or the competing 

event [49]. Thus the standard software for proportional hazards model can be used to 

estimate the cause-specific proportional hazards model.   

For estimating the subdistribution hazards model, individuals who experience the 

competing event are kept in the risk set until end of follow-up [43], [44], [48]. By keeping 

these individuals in as a placeholder, the subdistribution hazard ratios are linked to the 

cumulative incidence function (CIF) [44]. If a particular covariate has a cause-specific 

hazard ratio (csHR) that is greater than 1, then it would be understood that that covariate 

increases the rate of the event; however, this does not necessarily translated to an 

increased subdistribution hazard ratio (sdHR), i.e. increased risk of the event [44]. 

Therefore an ad hoc approach to the Fine and Gray proportional hazards model is to 

censor those who have the competing event at the just after the last occurrence of event 

of interest. This is only equivalent without any censoring. We assumed no loss to follow-

up outside of the two time-to-events because we captured AIDS-death and non-AIDS 

death for all individuals regardless of whether they are followed in the clinic. However, 
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we did have administrative censoring as of March 2016, meaning individuals diagnosed 

with cancer in later years would have less follow-up than those diagnosed in earlier 

years. Given that software for the joint longitudinal and subdistribution proportional 

hazards model is not readily available, we utilized this ad hoc approached under the 

assumption of no non-administrative censoring. It is possible that some bias may have 

been introduced by not including administrative censoring weights in the Fine and Gray 

model. 

A few prior studies involving joint longitudinal survival models with competing 

events have been conducted [47]–[53], but approaches have varied widely and the 

diagnostics for these models are limited [54]. In the competing events literature, 

separate survival models for each competing event are often constructed, regardless of 

whether a cause-specific or subdistribution approach is used [44]. In the joint modeling 

literature, the cause-specific approach is predominantly used and the two cause-specific 

time-to-event outcomes are modeled jointly [47]–[53]. Our primary analysis will use joint 

longitudinal survival models where we model the competing events separately using 

both the cause-specific and subdistribution approaches.  

 The following joint longitudinal survival models are examined in the main 

analysis: 1) the cause-specific joint longitudinal CD4 and incident ADI model; 2) the 

subdistribution joint longitudinal CD4 and incident ADI model; 3) the cause-specific joint 

longitudinal CD4, longitudinal log10 HIV viral load, and incident ADI model; 4) the 

subdistribution joint longitudinal CD4, longitudinal log10 HIV viral load, and incident ADI 

model; 5) the cause-specific joint longitudinal CD4 and non-AIDS death model; 6) the 

subdistribution joint longitudinal CD4 and non-AIDS death model; 7) the cause-specific 

joint longitudinal CD4, longitudinal log10 HIV viral load, and non-AIDS death model; 8) 

the subdistribution joint longitudinal CD4, longitudinal log10 HIV viral load, and non-AIDS 

death model; 9) the cause-specific joint longitudinal log10 HIV viral load and incident ADI 
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model; 10) the subdistribution joint longitudinal log10 HIV viral load and incident ADI 

model; 11) the cause-specific joint longitudinal log10 HIV viral load and non-AIDS model; 

and 12) the subdistribution joint longitudinal log10 HIV viral load and non-AIDS model.  

 All of the time to event models adjust for age, female sex, white race, injection 

drug use as an HIV acquisition risk, no ART at baseline, ever hepatitis C, baseline CD4 

category, and receipt of immunosuppressive cancer treatment. Receipt of no cancer 

treatment is also included in all models of non-AIDS death. The expected value of 

longitudinal measures from the longitudinal sub-model, including CD4 cell count scaled 

by 100 cells and log10 HIV viral load, are included as linear predictors in the survival sub-

models and lagged by 6 months, except for Models 3, 4, 7, and 8 where CD4 and a log10 

viral load are jointly modeled and no lag option is available.  

The models with one longitudinal process and one survival process (i.e. Models 

1, 2, 5, 6, 9, 10, 11, and 12) used time dependent relative risk models with a piecewise 

constant baseline risk function. The baseline risk function had 6 knots, and the Gauss-

Hermite integration rule was used to obtain the maximum likelihood estimates [46], [55]. 

Asymptotic 95% confidence intervals (CI) were based on the Wald statistics[46], [55]. 

The models that jointly model CD4 and log10 HIV viral load (Models 4, 5, 8, and 9) are 

estimated via a Gibbs sampler, where the baseline hazard is approximated using 

penalized B-splines with 15 knots and the integration algorithm is the Gauss-Kronod rule 

using 15 quadrature points [56]. 95% credible intervals were calculated for these models 

[56]. Analyses were performed in R [57] using the JM [46], [55], [57] and JMbayes 

packages [56].  

We also created a figure to show the estimated difference in expected CD4 

trajectories and subsequent incident ADI and non-AIDS death rates associated with the 

receipt of immunosuppressive or non-immunosuppressive treatment. In order to isolate 

the effect of cancer treatment type on the outcomes, we used a G computation approach 
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where we set all individual’s cancer treatment first to non-immunosuppressive and then 

to immunosuppressive and predicted the longitudinal CD4 values at fixed times (0, 0.5, 

1, 2, 3, 4, and 5 years). We then took the mean of those CD4 responses for each 

treatment type and predicted the dynamic survival curves for each competing event 

using the subdistribution joint longitudinal CD4 and incident ADI and the subdistribution 

joint longitudinal CD4 and non-AIDS death models. A figure depicting the mean 

estimated CD4 counts, mean survival functions for incident ADI, and mean cumulative 

incidence functions for non-AIDS death associated with immunosuppressive and non-

immunosuppressive conditional on survival at 0, 0.5, 1, and 2 years was created. 

Sensitivity Analyses  

 As in Aim 2, we examine the results among the total population and two 

subpopulations. One subpopulation is the subset of individuals deemed to have a good 

prognosis, defined as individuals who had a baseline CD4 >200 cells/mm3 and a SEER-

estimated 5-year mortality <50% based on their cancer type and stage (N=103). These 

are individuals for whom there may be more flexible treatment options, such as a choice 

of surgical treatment or surgical treatment and radiation [58], [59]. The second 

subpopulation is those diagnosed with a solid tumor (N=154). This restriction removed 

those with hematological malignancies, as an attempt to remove some heterogeneity in 

the cancer treatment intensity and duration [60]–[62].  

As mentioned above, the cause-specific approach is predominantly used in the 

joint modeling literature, where the two cause-specific time-to-event outcomes are 

modeled jointly [47]–[53]. We elected to model the competing events separately, which 

is in line with the prior competing events literature; however, we do include a sensitivity 

analysis that models the two cause-specific time-to-event outcomes jointly. These 

sensitivity analysis models that jointly modeled the competing events with each 

longitudinal process use a B-spline approximated baseline risk function with the same 
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integration and 95% CI calculation as the models with one survival process [46], [55]. 

The results from these analyses are included in the supplementary tables (Tables S4.24-

S4.27). 

 

RESULTS 

Study Population Overview  

Characteristics at baseline for the total study population are presented in Table 

4.1, stratified by initial cancer treatment. Note that this is a subset of the total study 

population in Aim 2 with available CD4 and HIV viral load measures prior to an AIDS 

diagnosis. There were 83 individuals who received non-immunosuppressive initial 

cancer treatment and 121 individuals who received immunosuppressive cancer 

treatment. Individuals had a median of 8 measures (IQR= 3-16) and 8 viral load 

measures (IQR= 3-15) per person. The distributions of cancer type and stage vary by 

treatment type, resulting in a median SEER-estimated 5 year mortality risk of 0.24 

among those receiving non-immunosuppressive treatment versus a median of 0.37 

among those receiving immunosuppressive treatment. Among those receiving 

immunosuppressive treatment, 13 (11%) experienced an incident ADI prior to death and 

58 (48%) experienced a non-AIDS death prior to ADI. Among those receiving non-

immunosuppressive treatment, 9 (11%) experienced an incident ADI prior to death and 

34 (41%) experienced a non-AIDS death prior to ADI. Of the 22 incident ADIs or AIDS 

deaths that occurred, 15 (68%) were based on a clinical diagnosis of an AIDS defining 

illness and 7 (32%) were based on a cause of death attributed to HIV/AIDS.  

The covariate distributions for the total study population and the good prognosis 

and solid tumor populations used in the sensitivity analyses are presented in Table 4.2. 

There were a total of 204, 103, and 154 individuals in the total, good prognosis, and 

solid tumor populations, respectively. Note that the median baseline CD4 is 382 in the 
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good prognosis population as opposed to a median of 297 in the total population and 

318 in the solid tumor population. The cancer types differ by population; however, the 

median SEER-estimated 5 year mortality is quite similar (0.37 and 0.38) for the total 

population and solid tumor population, but the median is lower (0.20) for the good 

prognosis population.  

Crude survival curves for incident ADI/AIDS-death (left) and non-AIDS death 

(right) based on Kaplan-Meier (KM) estimates using the total population are presented in 

Figure 4.1. The curves are stratified by immunosuppressive or non-immunosuppressive 

initial cancer treatment in the first row. They are stratified by initial cancer treatment and 

tercile of cancer severity (based on the SEER-estimated 5 year mortality) in the second 

row. They are stratified by initial cancer treatment and baseline CD4 category in the third 

row. Based on the crude results there are no differences in the curves for incident ADI 

by cancer treatment and the curves for non-AIDS death cross initially but overall those 

receiving immunosuppressive treatment had higher rates of non-AIDS death. Note that 

there is a much higher crude event rate of non-AIDS death as compared to the rate for 

incident ADI. Because these curves are unadjusted, we are likely observing some 

confounding by indication, given that individuals with a worse cancer prognosis are 

probably more likely to receive immunosuppressive therapy. We similarly observed 

higher 5-year estimated mortality for those receiving immunosuppressive therapy in 

Table 4.1. We also observed trends towards higher rates of both events among those 

with low baseline CD4.  

Total Population Joint Models 

 The effects of immunosuppressive versus non-immunosuppressive cancer 

treatments on CD4 and HIV viral load were previously detailed in Aim 2. The main effect 

of interest in this analysis is the association between the longitudinal linear predictors for 

CD4 and HIV viral load and the competing events of incident ADI/AIDS death and non-
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AIDS death. We present the cause-specific hazard ratios (csHR) and the subdistribution 

hazard ratios (sdHR) for these longitudinal predictors from all of the joint longitudinal 

survival models using the total population data in Table 4.3. Full results for the 

longitudinal and survival sub-models are provided in the Supplementary Materials 

(Tables S4.1-S4.23).  

 Table 4.3 lists the csHR and sdHR for the models in 4 sections. The first section 

provides results for models where the longitudinal linear predictor is CD4 and the time-

to-event outcome is incident ADI. We observe that every 100-cell increase in longitudinal 

CD4 following cancer treatment is associated with a 25% decreased hazard of incident 

ADI, however this decline is not significant (csHR=0.75, 95% CI=0.54, 1.05). The sdHR 

for a 100-cell increase in longitudinal CD4 and incident ADI is attenuated to 0.85 (95% 

CI= 0.61-1.20). The inclusion of longitudinal viral load in the cause-specific and 

subdistribution models for CD4 and incident ADI attenuates the csHR to 0.84 (95% CI= 

0.60-1.13) and the sdHR to 0.91 (95% CI= 0.69-1.18), suggesting that adherence to 

ART (as approximated by viral load) explains some of the risk for incident ADI 

associated with lower CD4 levels. 

 The second section lists the results of the joint models where CD4 is the 

longitudinal predictor and non-AIDS death is the time to event outcome. We observe that 

every 100-cell increase in longitudinal CD4 following cancer treatment is associated with 

a 29% decreased hazard of non-AIDS death (csHR=0.71, 95% CI=0.60, 0.84). The 

sdHR for a 100-cell increase in longitudinal CD4 and incident non-AIDS death is 

essentially unchanged (sdHR=0.70, 95% CI= 0.59-0.84). The inclusion of viral load in 

the cause-specific and subdistribution models for CD4 and non-AIDS death slightly 

attenuates the csHR to 0.77 (95% CI= 0.64-0.91) and the sdHR to 0.73 (95% CI= 0.61-

0.85); however, they remain significant. 
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 The third section provides results for models where the longitudinal linear 

predictor is log10 HIV viral load and the time-to-event outcome is incident ADI. We 

observe that csHR for every unit increase in longitudinal log10 HIV viral load and incident 

ADI is 1.19 (95% CI= 0.70, 2.02), which is not significant. Similar to the results in the first 

section, the sdHR is attenuated to 1.07 (95% CI= 0.64, 1.82). The inclusion of CD4 in 

the cause-specific and subdistribution models for log10 HIV viral load and incident ADI 

attenuates the csHR to 1.08 (95% CI= 0.59-1.92) and the sdHR to 0.99 (95% CI= 0.59-

1.65).  

 The fourth section provides results for models where the longitudinal linear 

predictor is log10 HIV viral load and the time-to-event outcome is non-AIDS death. We 

observe that csHR for every unit increase in longitudinal log10 HIV viral load and incident 

ADI is 1.62 (95% CI= 1.25, 2.11), which is statistically significant. Similar to the results in 

the section, the sdHR for non-AIDS death is essentially unchanged from the csHR 

(sdHR= 1.64; 95% CI= 1.25, 2.14). We observed that sdHR for incident ADI is 

attenuated as compared to the csHR, likely due the significant csHR for the competing 

event of non-AIDS death. The sdHR for non-AIDS death is essentially unchanged due to 

the non-significant csHR and the low event rate for ADI. The inclusion of CD4 in the 

cause-specific and subdistribution models for log10 HIV viral load and incident ADI 

attenuate the csHR to 1.27 (95% CI= 0.99-1.63) and the sdHR to 1.22 (95% CI= 0.94-

1.58). 

 Figure 4.2 depicts the effect of immunosuppressive and non-immunosuppressive 

treatment on the estimated CD4 cell counts, incident ADI survival functions, and non-

AIDS death cumulative incidence functions, conditional on survival to 0, 0.5, 1, and 2 

years. The estimated CD4 cell counts start over 100 cells lower for immunosuppressive 

treatment but converges towards the estimated CD4 cell counts associated with non-

immunosuppressive treatment over time. Note that the predicted survival functions for 
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incident AIDS-defining illness/AIDS-death are virtually equivalent for immunosuppressive 

and non-immunosuppressive treatment when accounting for the competing event of non-

AIDS death. Immunosuppressive treatment increases the CIF for non-AIDS death 

relative to the non-AIDS death CIF for those undergoing non-immunosuppressive 

treatment, particularly at time 0. As individuals survive longer, the difference in the non-

AIDS death CIFs for immunosuppressive and non-immunosuppressive treatments 

declines.  

Sensitivity Analyses Populations 

 The results for joint models in the sensitivity analyses, the good prognosis and 

solid tumor populations, are presented in Table 4.4 and Table 4.5, respectively. In the 

good prognosis population, we observe a significant effect of longitudinal CD4 on the 

hazard of incident ADI. The csHR for a 100-cell increase in CD4 and incident ADI is 0.59 

(95% CI= 0.33, 0.96); however, the sdHR is attenuated to 0.71 (95% CI= 0.48-1.06) and 

is no longer significant. These results are expected given that we also observed a 

significant reduction in the hazard of non-AIDS death for a 100-cell increase in CD4 

(sdHR=0.65, 95% CI= 0.43-0.99). Again the sdHR for CD4 and non-AIDS death is 

attenuated from the csHR (sdHR= 0.73, 95% CI= 0.49-1.07) and is no longer significant. 

A limitation of this sensitivity analysis is that the good prognosis population is only 103 

individuals and thus has reduced power as compared to the total population. No 

significant associations between longitudinal viral load and the two competing events 

were observed; however, trends in the results were similar to those in the total 

population.  

 In the solid tumor population, we do not observe a significant association 

between longitudinal CD4 and incident ADI, and the hazard ratios are attenuated as 

compared to the total population. We do observe a significant reduction in the hazard of 

non-AIDS death associated with a 100-cell increase in longitudinal viral load and the 



 138 

results are similar for the cause-specific (csHR= 0.74, 95% CI= 0.60-0.90) and 

subdistribution models (sdHR= 0.70, 95% CI= 0.56-0.86). The csHR is attenuated to 

0.79 (95% CI= 0.65-0.94) but remains significant when longitudinal log10 viral load is 

jointly modeled with CD4 and non-AIDS death. There were no significant associations 

between viral load and incident ADI. A one-unit increase in longitudinal log10 HIV viral 

load yielded a csHR for non-AIDS death of 1.96 (95% CI=1.45-2.67). The sdHR was 

2.04 (95% CI= 1.50-2.78). When modeled jointly with CD4 and non-AIDS death, the 

csHR attenuated to 1.44 (95% CI= 1.08-1.95) and the sdHR attenuated to 1.41 (95% 

CI= 1.04-1.88), though both remained significant.  

 

DISCUSSION 

 Our analysis examined the association between longitudinal CD4 and HIV viral 

load measures and the competing events of incident ADI/AIDS-death and non-AIDS 

death following cancer treatment in people with HIV. In the total population, we observed 

significant reductions in both the cause-specific and subdistribution hazards of non-AIDS 

death associated with higher CD4 cell counts (lagged by 6 months). Similarly, increased 

longitudinal viral load following cancer treatment was associated with increased risk of 

non-AIDS death. While not significant in the total population, all of the models showed 

underlying trend towards a reduced hazard of incident ADI associated with increased 

longitudinal CD4 following cancer treatment. In the sensitivity analysis among the good 

prognosis population, we observed a significant reduction in the risk of both incident ADI 

and non-AIDS death with increased longitudinal CD4, perhaps due to the fact that 

individuals with a less severe cancer were more likely to live longer in order to be 

observed to have had an incident ADI.  

Previous analyses have attributed between 25-75% of all deaths following cancer 

diagnosis in PWH to HIV/AIDS [25], which could partially explain higher mortality rates in 
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PWH following cancer diagnosis as compared to those without HIV [63]. However, it has 

also been suggested that immunosuppression due to HIV plays a role in elevating 

cancer-specific mortality [24], [25], [64]. We saw increased rates of non-AIDS death, 

presumed to be largely cancer-related, in PWH associated with poorer immune status. 

The cause of this impaired immune status, as measured by CD4, is not necessarily 

driven by poor HIV viral load control, as previously assumed, and is more likely a result 

of cancer treatment [17], [19], [65]. In fact, we observed a decreased hazard of non-

AIDS death despite accounting for the competing event of incident ADI, baseline CD4, 

baseline viral load, and longitudinal viral load. These results support the association 

between immune suppression and cancer-specific mortality that has been previously 

hypothesized [24]–[27], [66]–[68]; however, more proximal CD4 cell counts better predict 

the risk of non-AIDS death than baseline CD4 levels. Regardless, our results emphasize 

the importance of maintaining good viral load control and optimizing CD4 cell counts 

during and following cancer treatment. More research is needed to elucidate the 

association between immune suppression in PWH and cancer-specific mortality, as well 

as the causes of immune suppression in these individuals in order to inform future 

clinical interventions.  

We observed a significant reduction of incident ADI risk associated with 

increased CD4 in the good prognosis population and trends towards a protective effect 

in the total population. Previous studies have not observed an increased risk of new 

AIDS-defining illnesses following cancer diagnosis in PWH, whether anecdotally or 

comparing to PWH without cancer [28]–[31].These studies had very few events and thus 

limited power to detect a meaningful difference. We had a relatively low event rate of 

incident ADI as compared to non-AIDS death, but there was still some evidence to show 

the association between higher longitudinal CD4 and reduced risk of a new ADI. Our 

results indicate that providers should be vigilant for signs of AIDS progression and 
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employ the use of prophylactic medications, particularly among individuals who have a 

good probability of surviving their cancer. Further research in a larger population is 

needed to better characterize this risk and perhaps tailor prophylaxis to the setting of 

PWH undergoing immunosuppressive cancer treatments.  

Of note, the competing events of ADI and non-AIDS death can either be modeled 

separately or jointly along with the relevant longitudinal processes. We presented results 

where each longitudinal process and competing event were modeled separately; 

however, we provided results from the cause-specific joint longitudinal CD4, ADI, and 

non-AIDS death model and the cause-specific joint longitudinal viral load, ADI, and non-

AIDS death models in the supplementary tables. The sdHRs for CD4 and ADI and viral 

load and ADI were similar when the competing events were modeled separately or 

jointly; however, the sdHRs for non-AIDS death were attenuated when the competing 

events were modeled jointly and no longer significant. The results when modeled 

separately are more consistent with what would be expected in a competing events 

framework (i.e. the sdHR for incident ADI is attenuated as compared to the csHR given 

the significant csHR for the competing event of non-AIDS death, while the sdHR for non-

AIDS death is essentially unchanged due to the non-significant csHR and the low event 

rate for ADI) [44]. A simulation study examining the validity of either separately or jointly 

modeling competing events with a longitudinal process is necessary to further clarify this 

issue. Regardless, the inferences based on the point estimates for all of the models 

remain the same (i.e. a protective effect of higher CD4 and a harmful effect of higher 

viral load).  

There are several strengths of our study. The first is the quality of the clinical and 

laboratory data as it relates to HIV care. We had comprehensive laboratory measures 

over an extensive period of follow-up, in addition to information on ART history, prior 

AIDS diagnoses, hepatitis C status, and other relevant clinical factors. We also were 
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able to identify incident cases of AIDS defining illnesses in our study population, rather 

than limiting our analysis to the competing events AIDS vs. non-AIDS death and relying 

solely on death certificate information, which is known to have issues with validity [69], 

[70], as in previous studies [25]. The use of joint longitudinal survival models with 

competing events is an uncommon but useful approach in epidemiology [54]. We were 

able to exemplify its use for a clinically relevant research question. Finally, our analysis 

added to the understanding of what role immune suppression plays in outcomes 

following cancer diagnosis in PWH, which is an active area of research [24]–[27].   

There were some limitations associated with our study. As previously discussed 

in Aim 2, we were limited by sample size and thus performed the analysis across all 

cancer types. We were also limited to broad categories of initial cancer treatment. 

Consequently, there is likely heterogeneity in the effect of cancer treatment on the 

longitudinal measures that was not captured by our immunosuppressive versus non-

immunosuppressive categorization. Our sensitivity analysis attempted to address this 

concern, in that chemotherapy and radiation regimen for hematologic malignancies 

might be more intensive than for solid tumors [60]–[62]. We attempted to account for the 

varying cancer types and stages using SEER-estimated 5-year mortality in order to 

remove the underlying risk associated with a the severity of a patient’s cancer and to 

isolate the independent effect of immune status on mortality. The possibility of residual 

confounding remains. 

Another limitation was the use of cause of death information from the death 

certificate to identify HIV/AIDS deaths in those who died without a preceding ADI 

diagnosis and to then classify all other deaths as non-AIDS deaths. While there are 

concerns about the quality of cause of death information on death certificates, only 7 

individuals were classified as having an AIDS-death who did not have a prior incident 

ADI diagnosis and death certificate cause of death information is often used to 
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supplement HIV surveillance [71], [72]. It is still possible that some individuals are 

misclassified, particularly those who did not visit the clinic as frequently and may have 

had an undiagnosed ADI. We also used non-AIDS death as a proxy for cancer-specific 

mortality, presuming that the deaths among PWH diagnosed with cancer who did not 

have AIDS progression would largely be due to cancer. Prior studies have found that 

cause of death following cancer diagnosis in PWH is largely attributable to either 

HIV/AIDS or cancer [25], but it is possible that other deaths, such as suicide or overdose 

occurred in this population [73]. We incorporate history of injection drug use in the 

models and hepatitis C as factors that might influence non-AIDS, non-cancer deaths to 

try and address this limitation.  

As people with HIV live longer and experience more non-AIDS related co-

morbidities [74], [75], such as cancer, more information on the clinical management of 

these diseases in necessary. The role of HIV in the progression of cancer and other co-

morbidities should also be elucidated in order to identify intervention points. In Aim 2, we 

have provided evidence that chemotherapy and radiation result in a sharp decline in 

CD4 cell count among PWH and duration of immune suppression can be prolonged. The 

results from our longitudinal models in this analysis are consistent. Our results also 

suggest that risk of new ADI/AIDS-death is increased in those with lower CD4 cell 

counts following cancer diagnosis as well as an increased risk of non-AIDS death. 

Previous studies have observed similar associations in the context of low CD4 due to 

uncontrolled viral load or treatment delay [2], [66]–[68], [76], [77], but not in the context 

of a cancer diagnosis when fully accounting for longitudinal viral load. This leaves 

questions about the tradeoffs between employing more or less immunosuppressive 

cancer treatments in PWH, particularly because we observed improved non-AIDS 

mortality (presumably cancer mortality) with better immune status. Our analyses should 
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be repeated in larger data sets that can examine specific cancer types and treatments to 

better inform the next steps regarding cancer care in PWH. 
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TABLES 
Table 4.1 Baseline characteristics of individuals with an incident diagnosis of a first cancer and 
longitudinal laboratory measures in JHHCC from 1997-2014 by immunosuppressive or non-
immunosuppressive initial cancer treatment.a 

 

 Non-Immunosuppressive 
Treatment 

Immunosuppressive 
Treatment 

 N (%) or Median (IQR) 
Observations 
      Individuals 
      CD4 Measures 
      Viral Load Measures 

 
83 
866 
736 

 
121 

1,524 
1,309 

Cancer Typesb 

      NHL 
      Lung 

      KS 

      HL 
      Liver 
      Breast 
      Anal 
      Prostate 
      Other 

 
7 

11 
16 

1 
4 
2 
2 
9 

31  

 
 (8.4%) 
(13.3%) 
(19.3%) 
(1.2%) 
(4.8%) 
(2.4%) 
(2.4%) 

(10.8%) 
(37.3%) 

 
26 
15 

8 
13 
10 
11 
11 

5 
22 

 
(21.5%) 
(12.4%) 
(6.6%) 

(10.7%) 
(8.3%) 
(9.1%) 
(9.1%) 
(4.1%) 

(18.2%) 
Stage 
      Localized 
      Regional 
      Distant 
      Unstaged 

 
43 
17 
16 

7 

 
(51.8%) 
(20.5%) 
(19.3%) 
(8.4%) 

 
34 
23 
61 

3 

 
(28.1%) 
(19.0%) 
(50.4%) 
(2.5%) 

Age 51 (45 – 55) 49 (42 – 55) 
Female 28 (33.7%) 36 (29.8%) 
Non-Hispanic Black 62 (74.7%) 98 (81.0%) 
Diagnosis Year 
      1997-2002 
      2003-2008 
      2009-2014 

 
16 
36 
31 

 
(19.3%) 
(43.4%) 
(37.3%) 

 
21 
54 
46 

 
(17.4%) 
(44.6%) 
(38.0%) 

Hepatitis C 51 (61.4%) 66 (54.5%) 
No ART at Baseline 15 (18.1%) 14 (11.6%) 
Prior AIDS 42 (50.6%) 70 (57.9%) 
IDU 28 (33.7%) 36 (29.8%) 
Baseline CD4 
      Median (IQR) 
      ≤350 
      351-500 
      >500 

 
299 
48 
21 
14 

 
(154 – 434) 

(57.8%) 
(25.3%) 
(16.9%) 

 
286 
69 
26 
26 

 
(165 – 463) 

(57.0%) 
(21.5%) 
(21.5%) 

Baseline Log10 Viral Load 
      Median (IQR) 
      Missing 
      Unsuppresed VLc 

 
1.9 

5 
29 

 
(1.7 – 4.5) 

(6.0%) 
(37.2%) 

 
2.0 

5 
42 

 
(1.7 – 3.5) 

(4.1%) 
(36.2%) 

5 Year Mortality Riskd 0.24 (0.07 – 0.44) 0.37 (0.22 – 0.69) 
a   Immunosuppressive= any chemotherapy and/or radiation; non-immunosuppressive = no chemotherapy or 
     radiation (surgery, no cancer treatment, hormone therapy, or immunotherapy only) 
b   Abbreviations: NHL = non-Hodgkin’s lymphoma, Kaposi’s sarcoma, HL=Hodgkin lymphoma 
c   Unsuppressed VL= HIV Viral Load >400 copies/mL 
d   5 year mortality risk based on SEER estimates for an individual’s particular cancer type and stage.
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Table 4.2 Baseline characteristics of individuals with an incident diagnosis of a first cancer and 
available cancer treatment and longitudinal laboratory measures in JHHCC from 1997-2014 
presented for the total, good prognosis,a and solid tumorb populations. 

 Total Population Good Prognosis Solid Tumor 

 N (%) or Median (IQR) 
Observations 
      Individuals 
      CD4 Measures 
      Viral Load Measures 

 
204 

2,390 
2,045 

 
103 

1,643 
1,434 

 
154 

1,599 
1,364 

Cancer Typesc 

      NHL 
      Lung 

      KS 

      HL 
      Liver 
      Prostate 
      Breast 
      Anal 
      Other 

 
33 
26  
24  
14  
14  
14  
13  
13  
53  

 
(16.2%) 
(12.7%) 
(11.7%) 
(6.9%) 
(6.9%) 
(6.9%) 
(6.4%) 
(6.4%) 

(26.0%) 

 
19 

5 
8 
8 
0 

13 
11 

7 
32 

 
(18.4%) 
(4.9%) 
(7.8%) 
(7.8%) 
(0.0%) 
(12.6%) 
(10.6%) 
(6.8%) 
(31.1%) 

 
0 

26 
24 

0 
14 
14 
13 
13 
50 

 
(0.0%) 
(16.9%) 
(15.6%) 
(0.0%) 
(9.1%) 
(9.1%) 
(8.4%) 
(8.4%) 
(32.5%) 

Cancer Treatment 
      Any Chemotherapy 
      Any Radiation 
      Any Surgery 
      No Treatment 

 
100 
47 
90 
26 

 
(49.0%) 
(23.0%) 
(44.1%) 
(12.7%) 

 
42 
19 
57 

9 

 
(40.8%) 
(18.4%) 
(55.3%) 
(8.7%) 

 
61 
43 
82 
21 

 
(39.6%) 
(27.9%) 
(53.2%) 
(13.6%) 

Stage 
      Localized 
      Regional 
      Distant 
      Unstaged 

 
77 
40 
77 
10 

 
(37.7%) 
(19.6%) 
(37.7%) 
(4.9%) 

 
61 
12 
28 

2 

 
(59.2%) 
(11.7%) 
(27.2%) 
(1.9%) 

 
75 
39 
30 
10 

 
(48.7%) 
(25.3%) 
(19.5%) 
(6.5%) 

Age 50 (43 – 55) 50 (44 – 57) 50 (45 – 56) 
Female 64 (31.4%) 34 (33.0%) 54 (35.1%) 
Non-Hispanic Black 160 (78.4%) 79 (76.7%) 124 (80.5%) 
Diagnosis Year 
      1997-2002 
      2003-2008 
      2009-2014 

 
37 
90 
77 

 
(18.1%) 
(44.1%) 
(37.7%) 

 
14 
51 
38 

 
(13.6%) 
(49.5%) 
(36.9%) 

 
27 
65 
62 

 
(17.5%) 
(42.2%) 
(40.3%) 

Hepatitis C 117 (57.4%) 54 (52.4%) 89 (57.8%) 
No ART at Baseline 29 (14.2%) 14 (13.6%) 24 (15.6%) 
Prior AIDS 112 (54.9%) 50 (48.5%) 75 (48.7%) 
IDU 64 (31.4%) 22 (21.4%) 49 (31.8%) 
Baseline CD4 
      Median (IQR) 
      ≤350 
      351-500 
      >500 

 
297 
117 
47 
40 

 
(160 – 456) 

(57.4%) 
(23.0%) 
(19.6%) 

 
382 
39 
38 
26 

 
(292 – 500) 
(37.9%) 
(36.9%) 
(25.2%) 

 
318 
81 
39 
34 

 
(178 – 480) 
(52.6%) 
(25.3%) 
(22.1%) 

Baseline Log10 Viral Load 
      Median (IQR) 
      Missing 
      Unsuppresed VLd 

 
2.0 
10 
71 

 
(1.7 – 3.9) 

(4.9%) 
(36.6%) 

 
1.7 

5 
23 

 
(1.7 – 2.6) 
(4.9%) 
(23.5%) 

 
1.9 

7 
50 

 
(1.7 – 3.8) 
(4.5%) 
(34.0%) 

5 Year Mortality Riske 0.37 (0.19 – 0.57) 0.20 (0.02 – 0.37) 0.38 (0.11 – 0.70) 
a    Good prognosis is baseline CD4 >200 cells/mm3 and 5-year SEER mortality <50%. 
b    Solid tumors excludes individuals with hematological malignancies. 
c    Abbreviations: NHL = non-Hodgkin’s lymphoma, Kaposi’s sarcoma, HL=Hodgkin lymphoma 
d    Unsuppressed VL= HIV Viral Load >400 copies/mL 
e   5 year mortality risk based on SEER estimates for an individual’s particular cancer type and stage
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Table 4.3 Summary of adjusteda hazard ratios (HR) for longitudinal measures (CD4 and log10 HIV viral load) and survival outcomes (incident AIDS 
defining illness [ADI] and non-AIDS death [NAD]) in the total population. 
 
Results Tableb Longitudinal 1c Longitudinal 2d Survival 1e HR Typef HR  95% CI 

S4.2 CD4 - ADI CS 0.75 (0.54, 1.05) 
S4.4 CD4 - ADI SD 0.85 (0.61, 1.20) 

S4.11 CD4 VL ADI CS 0.84 (0.60, 1.13) 
S4.13 CD4 VL ADI SD 0.91 (0.69, 1.18) 
S4.15 CD4 - NAD CS 0.71 (0.60, 0.84) 
S4.17 CD4 - NAD SD 0.70 (0.59, 0.84) 
S4.22 CD4 VL NAD CS 0.77 (0.64, 0.91) 
S4.23 CD4 VL NAD SD 0.73 (0.61, 0.85) 
S4.6 VL - ADI CS 1.19 (0.70, 2.02) 
S4.8 VL - ADI SD 1.07 (0.64, 1.82) 

S4.11 VL CD4 ADI CS 1.08 (0.59, 1.92) 
S4.13 VL CD4 ADI SD 0.99 (0.59, 1.65) 
S4.19 VL - NAD CS 1.62 (1.25, 2.11) 
S4.21 VL - NAD SD 1.64 (1.25, 2.14) 
S4.22 VL CD4 NAD CS 1.27 (0.99, 1.63) 
S4.23 VL CD4 NAD SD 1.22 (0.94, 1.58) 

 

a   Adjusted for age, female sex, white race, injection drug use as an HIV acquisition risk, receipt of no cancer treatment (for NAD), no ART at baseline, ever hepatitis C, baseline CD4 
category, and receipt of immunosuppressive cancer treatment (and longitudinal 2, if applicable). 
b  Refers to which table in the Supplementary Materials to consult for the full results.  
c   The longitudinal measure on which the HR is based. CD4 is scaled by 100 cells and VL is log10. 
d    If not blank, then the second longitudinal measure that is modeled jointly with longitudinal 1. 
e   The survival outcome (either incident AIDS defining illness [ADI] or non-AIDS death [NAD]) on which the HR is based. 
f    CS refers to a cause-specific hazard ratio and SD refers to a subdistribution hazard ratio. 
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Table 4.4 Summary of hazard ratios (HR) for longitudinal measures (CD4 and log10 HIV viral load) and survival outcomes (incident AIDS defining 
illness [ADI] and non-AIDS death [NAD]) in the good prognosis population. 
 
Results Tableb Longitudinal 1c Longitudinal 2d Survival 1e HR Typef HR  95% CI 

S4.2 CD4 - ADI CS 0.56 (0.33, 0.96) 
S4.4 CD4 - ADI SD 0.71 (0.48, 1.06) 

S4.11 CD4 VL ADI CS 0.61 (0.34, 0.95) 
S4.13 CD4 VL ADI SD 0.69 (0.44, 1.02) 
S4.15 CD4 - NAD CS 0.65 (0.43, 0.99) 
S4.17 CD4 - NAD SD 0.73 (0.49, 1.07) 
S4.22 CD4 VL NAD CS 0.75 (0.52, 1.03) 
S4.23 CD4 VL NAD SD 0.77 (0.56, 1.04) 
S4.6 VL - ADI CS 1.21 (0.54, 2.75) 
S4.8 VL - ADI SD 1.06 (0.49, 2.31) 

S4.11 VL CD4 ADI CS 0.77 (0.32, 1.70) 
S4.13 VL CD4 ADI SD 0.70 (0.33, 1.51) 
S4.19 VL - NAD CS 1.53 (0.84, 2.80) 
S4.21 VL - NAD SD 1.52 (0.84, 2.75) 
S4.22 VL CD4 NAD CS 1.25 (0.71, 2.21) 
S4.23 VL CD4 NAD SD 1.24 (0.69, 2.12) 

 

a   Adjusted for age, female sex, white race, injection drug use as an HIV acquisition risk, receipt of no cancer treatment (for NAD), no ART at baseline, ever hepatitis C, baseline CD4 
category, and receipt of immunosuppressive cancer treatment (and longitudinal 2, if applicable). 
b  Refers to which table in the Supplementary Materials to consult for the full results.  
c   The longitudinal measure on which the HR is based. CD4 is scaled by 100 cells and VL is log10. 
d    If not blank, then the second longitudinal measure that is modeled jointly with longitudinal 1. 
e   The survival outcome (either incident AIDS defining illness [ADI] or non-AIDS death [NAD]) on which the HR is based. 
f    CS refers to a cause-specific hazard ratio and SD refers to a subdistribution hazard ratio. 
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Table 4.5 Summary of hazard ratios (HR) for longitudinal measures (CD4 and log10 HIV viral load) and survival outcomes (incident AIDS defining 
illness [ADI] and non-AIDS death [NAD]) in the solid tumor population. 
 
Results Tableb Longitudinal 1c Longitudinal 2d Survival 1e HR Typef HR  95% CI 

S4.2 CD4 - ADI CS 0.84 (0.59, 1.02) 
S4.4 CD4 - ADI SD 0.93 (0.61, 1.44) 

S4.11 CD4 VL ADI CS 0.95 (0.60, 1.42) 
S4.13 CD4 VL ADI SD 1.02 (0.66, 1.45) 
S4.15 CD4 - NAD CS 0.74 (0.60, 0.90) 
S4.17 CD4 - NAD SD 0.70 (0.56, 0.86) 
S4.22 CD4 VL NAD CS 0.85 (0.70, 1.02) 
S4.23 CD4 VL NAD SD 0.79 (0.65, 0.94) 
S4.6 VL - ADI CS 1.19 (0.65, 2.17) 
S4.8 VL - ADI SD 1.13 (0.64, 2.00) 

S4.11 VL CD4 ADI CS 1.24 (0.61, 2.47) 
S4.13 VL CD4 ADI SD 1.20 (0.62, 2.29) 
S4.19 VL - NAD CS 1.96 (1.45, 2.67) 
S4.21 VL - NAD SD 2.04 (1.50, 2.78) 
S4.22 VL CD4 NAD CS 1.44 (1.08, 1.95) 
S4.23 VL CD4 NAD SD 1.41 (1.04, 1.88) 

 

a   Adjusted for age, female sex, white race, injection drug use as an HIV acquisition risk, receipt of no cancer treatment (for NAD), no ART at baseline, ever hepatitis C, baseline CD4 
category, and receipt of immunosuppressive cancer treatment (and longitudinal 2, if applicable). 
b  Refers to which table in the Supplementary Materials to consult for the full results.  
c   The longitudinal measure on which the HR is based. CD4 is scaled by 100 cells and VL is log10. 
d    If not blank, then the second longitudinal measure that is modeled jointly with longitudinal 1. 
e   The survival outcome (either incident AIDS defining illness [ADI] or non-AIDS death [NAD]) on which the HR is based. 
f    CS refers to a cause-specific hazard ratio and SD refers to a subdistribution hazard ratio. 
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Figures  
Figure 4.1 Unadjusted Kaplan-Meier Curves for incident AIDS defining illness (ADI) and non-AIDS death 
(NAD) following cancer treatment associated with immunosuppressive versus non-immunosuppressive 
treatment in the total population, in the total population stratified by cancer severitya, and in the total 
population stratified by baseline CD4b. 

 
a    Cancer severity defined as terciles of 5 year SEER estimates of mortality risk based cancer type and stage. Tercile 1=(0.0-
0.323), Tercile 2=(0.324-0.648), and Tercile 3=(0.649-0.973). 
b    Baseline CD4 in cells/mm3 categories: ≤350, 351-500, and >500
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Figure 4.2 Expected CD4 response, survival functions for incident AIDS-defining illness 
(ADI), and cumulative incidence functions (CIF) for non-AIDS death (NAD) following 
non-immunosuppressive treatment (blue) and immunosuppressive treatment (red) 
conditional on survival to 0, 0.5, 1, and 2 years.a 

 
a    CD4 response indicating by asterisks. Solid lines are the ADI survival functions based on the subdistribution joint 
longitudinal CD4 ADI models. Dashed lines are the NAD CIF based on the joint longitudinal CD4 NAD models.  
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Supplementary Materials 
Table S4.1 Longitudinal results of the cause-specific joint CD4 and incident ADI model in the total, good prognosis, and solid tumor populations. 
 Total Population Good Prognosis Solid Tumor 

Covariate Estimate 95% CIa Estimate 95% CIa Estimate 95% CIa 

Intercept 844 (740, 947) 619 (562, 677) 547 (481, 613) 
Time 
      Spline 1 
      Spline 2 

 
-175 
-550 

 
(-322, -28) 

(-997, -103) 

 
-169 
-561 

 
(-333, -6) 

(-1056, -67) 

 
-169 
-411 

 
(-307, -32) 
(-748, -74) 

Immunosuppressive Treatment -149 (-211, -87) -202 (-287, -118) -165 (-255, -75) 
Baseline CD4b 

      ≤350 
      351-500 

 
-359 

-95 

 
(-418, -299) 
(-165, -25) 

 
-294 
-177 

 
(-364, -224) 
(-247, -107) 

 
-351 
-130 

 
(-423, -278) 
(-209, -50) 

Propensity Scorec 

      Spline 1 
      Spline 2 
      Spline 3 
      Spline 4 

 
-272 
-279 
-399 
264 

 
(-356, -189) 
(-344, -214) 
(-599, -200) 

(189, 338) 

 
-45 
45 
0.3 
-62 

 
(-151, 62) 
(-10, 101) 
(-92, 93) 

(-140, 15) 

 
-53 

7 
98 
23 

 
(-118, 13) 
(-52, 66) 

(-61, 256) 
(-56, 102) 

Time* Immuno. Trt. 
      Spline 1* Immuno. Trt. 
      Spline 2* Immuno. Trt. 

 
326 

-340 

 
(153, 498) 

(-801, 121) 

 
221 

-320 

 
(5, 437) 

(-827, 188) 

 
163 

-869 

 
(-45, 371) 

(-1219, -518) 
Time*Baseline CD4 
      Spline 1*≤350 
      Spline 2*≤350 
      Spline 1*351-500 
      Spline 2*351-500 

 
335 
623 
453 
968 

 
(173, 498) 

(143, 1103) 
(228, 678) 

(407, 1529) 

 
130 
647 
439 

1045 

 
(-65, 324) 

(115, 1179) 
(223, 656) 

(375, 1714) 

 
387 
760 
375 
781 

 
(207, 567) 

(377, 1143) 
(186, 563) 

(353, 1210) 
Immuno. Trt.* Baseline CD4 
      Immuno. Trt.*350 
      Immuno. Trt.351-500 

 
85 

-18 

 
(14, 157) 

(-100, 64) 

 
103 
77 

 
(7, 199) 

(-12, 167) 

 
76 
41 

 
(-26, 179) 
(-73, 155) 

Time* Immuno. Trt.* Base. CD4 
      Spline 1* Immuno. Trt.*≤350 
      Spline 2* Immuno. Trt.*≤350 
      Spline 1* Immuno. Trt.*351-500 
      Spline 2* Immuno. Trt.*351-500 

 
-395 
-366 

-39 
74 

 
(-591, -200) 
(-872, 140) 
(-290, 213) 
(-504, 652) 

 
-128 
-446 
120 
-78 

 
(-383, 126) 

(-1023, 130) 
(-145, 385) 
(-762, 605) 

 
-294 
-251 
156 
590 

 
(-547, -40) 
(-664, 163) 
(-116, 428) 
(128, 1052) 

a   95% confidence interval are asymptotic and based on the Wald statistics using the variance for the linear mixed effects model. 
b   Baseline CD4 in cells/mm3 categories: ≤350, 351-500, >500 (REF) 
c   Propensity score is the predicted probability of receiving immunosuppressive cancer treatment conditional on age, sex, race (non-Hispanic black vs. other), 
    history of injection drug use, baseline CD4 modeled with natural cubic splines, ART use at baseline, hepatitis C, and prior AIDS diagnosis at baseline.  
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Table S4.2. Survival results of the cause-specific joint CD4 and incident ADI model in the total, good prognosis, and solid tumor populations. 
 
 Total Population Good Prognosis Solid Tumor 

Covariate HRa 95% CIb HRa 95% CIb HRa 95% CIb 
5 Year SEER Mortality Riskc 
      Category 2  
      Category 3 

 
0.75 
2.07 

 
(0.27, 2.12) 
(0.58, 7.40) 

 
0.90 
0.99 

 
(0.15, 5.59) 
(0.21, 4.58) 

 
0.21 
0.96 

 
(0.04, 1.13) 
(0.22, 4.07) 

Age 0.99 (0.94, 1.04) 0.97 (0.90, 1.04) 0.98 (0.92, 1.04) 
White 0.44 (0.09, 2.03) 0.21 (0.02, 1.87) 0.94 (0.18, 4.81) 
Female 0.73 (0.26, 2.09) 0.70 (0.16, 2.96) 0.86 (0.28, 2.67) 
IDU 3.63 (1.03, 12.7) 1.03 (0.17, 6.38) 8.01 (1.66, 38.7) 
No ART 1.66 (0.54, 5.09) 1.39 (0.28, 6.91) 2.65 (0.80, 8.79) 
Hepatitis C 0.35 (0.10, 1.25) 0.68 (0.14, 3.37) 0.32 (0.07, 1.43) 
Baseline CD4d 

      ≤350 
      351-500 

 
1.34 
1.59 

 
(0.24, 7.52) 
(0.28, 8.89) 

 
1.34 
1.76 

 
(0.12, 15.2) 
(0.19, 16.7) 

 
1.99 
0.87 

 
(0.32, 12.2) 
(0.13, 5.63) 

Immunosuppressive Treatment 0.93 (0.36, 2.37) 0.58 (0.14, 2.44) 1.56 (0.53, 4.64) 
Longitudinal CD4e 0.75 (0.54, 1.05) 0.56 (0.33, 0.96) 0.84 (0.59, 1.20) 
a   HR= Hazard Ratio 
b   95% confidence interval are asymptotic and based on the Wald statistics. 
c   5 year mortality risk based on SEER estimates for an individual’s particular cancer type and stage. For total population and solid tumors: Category 1=(0.0-0.323) 
    (REF), Category 2=(0.324-0.648), Category 3=(0.649-0.973); For good prognosis strata: Category 1=(0.0-0.147) (REF), Category 2=(0.148-0.296), Category 
    3=(0.297-0.444) 
d   Baseline CD4 in cells/mm3 categories: ≤350, 351-500, >500 (REF) 
e   Longitudinal CD4 cell count is incorporated as a linear predictor from the longitudinal model, is lagged by 6 months, and is scaled by 100 cells (i.e. HR reflects 
    every 100 cell increase in predicted CD4). 
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Table S4.3 Longitudinal results of the subdistribution joint CD4 and incident ADI model in the total, good prognosis, and solid tumor populations. 
 Total Population Good Prognosis Solid Tumor 

Covariate Estimate 95% CIa Estimate 95% CIa Estimate 95% CIa 

Intercept 842 (739, 945) 620 (563, 678) 545 (480, 611) 
Time 
      Spline 1 
      Spline 2 

 
-172 
-544 

 
(-319, -25) 
(-989, -98) 

 
-170 
-560 

 
(-333, -7) 

(-1054, -66) 

 
-168 
-411 

 
(-305, -31) 
(-748, -74) 

Immunosuppressive Treatment -149 (-211, -88) -209 (-287, -131) -164 (-302, -26) 
Baseline CD4b 

      ≤350 
      351-500 

 
-359 

-95 

 
(-419, -300) 
(-165, -26) 

 
-294 
-180 

 
(-361, -227) 
(-249, -112) 

 
-352 
-130 

 
(-425, -280) 
(-209, -52) 

Propensity Scorec 

      Spline 1 
      Spline 2 
      Spline 3 
      Spline 4 

 
-272 
-277 
-396 
263 

 
(-356, -189) 
(-342, -212) 
(-595, -198) 

(189, 337) 

 
-32 
49 

7 
-49 

 
(-98, 35) 

(4, 94) 
(-79, 93) 
(-104, 6) 

 
-50 

8 
104 
26 

 
(-114, 14) 
(-58, 74) 

(-49, 256) 
(-79, 130) 

Time* Immuno. Trt. 
      Spline 1* Immuno. Trt. 
      Spline 2* Immuno. Trt. 

 
324 

-346 

 
(152, 496) 

(-806, 113) 

 
214 

-323 

 
(4, 423) 

(-830, 184) 

 
157 

-870 

 
(-131, 446) 

(-1224, -516) 
Time*Baseline CD4 
      Spline 1*≤350 
      Spline 2*≤350 
      Spline 1*351-500 
      Spline 2*351-500 

 
334 
616 
448 
961 

 
(171, 496) 

(137, 1095) 
(225, 670) 

(402, 1519) 

 
130 
646 
441 

1050 

 
(-59, 320) 

(115, 1178) 
(225, 658) 

(383, 1717) 

 
388 
758 
373 
779 

 
(207, 568) 

(375, 1142) 
(185, 561) 

(351, 1207) 
Immuno. Trt.* Baseline CD4 
      Immuno. Trt.*350 
      Immuno. Trt.351-500 

 
86 

-18 

 
(14, 158) 

(-100, 63) 

 
106 
79 

 
(16, 196) 

(-10, 167) 

 
75 
40 

 
(-71, 220) 

(-119, 199) 
Time* Immuno. Trt.* Base. CD4 
      Spline 1* Immuno. Trt.*≤350 
      Spline 2* Immuno. Trt.*≤350 
      Spline 1* Immuno. Trt.*351-500 
      Spline 2* Immuno. Trt.*351-500 

 
-393 
-359 

-34 
80 

 
(-588, -198) 
(-863, 146) 
(-284, 216) 
(-495, 656) 

 
-131 
-454 
128 
-80 

 
(-376, 114) 

(-1030, 122) 
(-135, 390) 
(-763, 603) 

 
-288 
-248 
163 
593 

 
(-604, 28) 

(-669, 172) 
(-179, 505) 
(130, 1055) 

a   95% confidence interval are asymptotic and based on the Wald statistics using the variance for the linear mixed effects model. 
b   Baseline CD4 in cells/mm3 categories: ≤350, 351-500, >500 (REF) 
c   Propensity score is the predicted probability of receiving immunosuppressive cancer treatment conditional on age, sex, race (non-Hispanic black vs. other), 
    history of injection drug use, baseline CD4 modeled with natural cubic splines, ART use at baseline, hepatitis C, and prior AIDS diagnosis at baseline.  
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Table S4.4 Survival results of the subdistribution joint CD4 and incident ADI model in the total, good prognosis, and solid tumor populations. 
 
 Total Population Good Prognosis Solid Tumor 

Covariate HRa 95% CIb HRa 95% CIb HRa 95% CIb 
5 Year SEER Mortality Riskc 
      Category 2  
      Category 3 

 
0.49 
0.95 

 
(0.15, 1.59) 
(0.28, 3.22) 

 
0.86 
0.83 

 
(0.13, 5.91) 
(0.17, 4.05) 

 
0.19 
0.57 

 
(0.03, 1.07) 
(0.15, 2.20) 

Age 1.00 (0.95, 1.05) 0.97 (0.90, 1.05) 0.99 (0.93, 1.04) 
White 0.40 (0.09, 1.88) 0.21 (0.02, 2.02) 0.74 (0.15, 3.67) 
Female 0.62 (0.22, 1.76) 0.58 (0.13, 2.69) 0.71 (0.23, 2.20) 
IDU 3.02 (0.83, 11.0) 2.42 (0.36, 16.1) 4.89 (1.03, 23.1) 
No ART 1.01 (0.33, 3.13) 1.23 (0.23, 6.51) 1.41 (0.44, 4.49) 
Hepatitis C 0.45 (0.12, 1.72) 0.46 (0.08, 2.70) 0.46 (0.10, 2.09) 
Baseline CD4d 

      ≤350 
      351-500 

 
1.39 
1.88 

 
(0.24, 8.06) 
(0.33, 10.6) 

 
0.78 
1.44 

 
(0.06, 9.64) 
(0.15, 13.6) 

 
1.95 
1.15 

 
(0.32, 12.0) 
(0.18, 7.33) 

Immunosuppressive Treatment 0.94 (0.36, 2.45) 0.73 (0.16, 3.42) 1.51 (0.49, 4.65) 
Longitudinal CD4e 0.85 (0.61, 1.20) 0.71 (0.48, 1.06) 0.93 (0.61, 1.44) 
a   HR= Hazard Ratio 
b   95% confidence interval are asymptotic and based on the Wald statistics. 
c   5 year mortality risk based on SEER estimates for an individual’s particular cancer type and stage. For total population and solid tumors: Category 1=(0.0-0.323) 
    (REF), Category 2=(0.324-0.648), Category 3=(0.649-0.973); For good prognosis strata: Category 1=(0.0-0.147) (REF), Category 2=(0.148-0.296), Category 
    3=(0.297-0.444) 
d   Baseline CD4 in cells/mm3 categories: ≤350, 351-500, >500 (REF) 
e   Longitudinal CD4 cell count is incorporated as a linear predictor from the longitudinal model, is lagged by 6 months, and is scaled by 100 cells (i.e. HR reflects 
    every 100 cell increase in predicted CD4). 
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Table S4.5 Longitudinal results of the cause-specific joint HIV log10 viral load and incident ADI model in the total, good prognosis, and solid tumor 
populations. 
 
 Total Population Good Prognosis Solid Tumor 

Covariate Estimate 95% CIa Estimate 95% CIa Estimate 95% CIa 
Intercept 1.70 (1.44, 1.95) 1.60 (1.13, 2.07) 2.18 (1.90, 2.46) 
Time 
      Spline 1 
      Spline 2 

 
-2.18 
-3.44 

 
(-2.54, -1.82) 
(-4.34, -2.53) 

 
-1.72 
-3.16 

 
(-2.43, -1.01) 
(-4.62, -1.68) 

 
-2.14 
-1.55 

 
(-2.84, -1.44) 
(-2.47, -0.64) 

Immunosuppressive Treatment 0.17 (-0.01, 0.34) 0.21 (-0.12, 0.54) 0.17 (-0.10, 0.46) 
Unsuppressed VLb 1.81 (1.64, 1.98) 1.96 (1.44, 2.47) 1.89 (1.68, 2.10) 
Propensity Scorec 

      Spline 1 
      Spline 2 
      Spline 3 
      Spline 4 

 
-0.06 
0.59 
0.73 
0.02 

 
(-0.32, 0.19) 
(0.34, 0.84) 
(0.15, 1.31) 

(-0.22, 0.26) 

 
0.10 
0.80 
0.79 
0.16 

 
(-0.46, 0.65) 
(0.26, 1.35) 

(-0.39, 1.97) 
(-0.41, 0.72) 

 
-0.27 
-0.47 
-0.28 
0.24 

 
(-0.58, 0.04) 

(-0.73, -0.21) 
(-0.83, 0.27) 
(-0.10, 0.59) 

Time* Immuno. Trt. 
      Spline 1* Immuno. Trt. 
      Spline 2* Immuno. Trt. 

 
0.76 
3.14 

 
(0.32, 1.19) 
(2.12, 4.16) 

 
0.48 
2.82 

 
(-0.41, 1.36) 
(1.06, 4.58) 

 
0.38 
0.98 

 
(-0.52, 1.28) 
(-0.03, 1.99) 

Immuno. Trt.* Unsuppressed VL -0.57 (-0.78, -0.36) -1.26 (-1.85, -0.67) -0.42 (-0.69, -0.15) 
a   95% confidence interval are asymptotic and based on the Wald statistics. 
b   Unsuppressed VL= baseline HIV Viral Load >400 copies/mL 
c   Propensity score is the predicted probability of receiving immunosuppressive cancer treatment conditional on age, sex, race (non-Hispanic black vs. other), 
    history of injection drug use, baseline CD4 modeled with natural cubic splines, ART use at baseline, hepatitis C, and prior AIDS diagnosis at baseline. 
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Table S4.6 Survival results of the cause-specific joint HIV log10 viral load measures and ADI model in the total, good prognosis, and solid tumor 
populations. 
 
 

 Total Population Good Prognosis Solid Tumor 
Covariate HRa 95% CIb HRa 95% CIb HRa 95% CIb 

5 Year SEER Mortality Riskc 
      Category 2  
      Category 3 

 
0.96 
2.81 

 
(0.30, 3.08) 
(0.70, 11.3) 

 
1.23 
1.67 

 
(0.15, 9.82) 
(0.33, 8.33) 

 
0.18 
1.77 

 
(0.02, 1.66) 
(0.39, 8.13) 

Age 0.99 (0.93, 1.05) 0.99 (0.92, 1.07) 0.97 (0.90, 1.05) 
White 0.20 (0.02, 1.68) 0.18 (0.02, 1.68) 0.50 (0.06, 4.46) 
Female 0.60 (0.19, 1.91) 0.61 (0.14, 2.66) 0.79 (0.22, 2.89) 
IDU 2.96 (0.75, 11.7) 0.84 (0.14, 5.10) 5.08 (0.86, 29.9) 
No ART 0.84 (0.17, 4.05) 0.51 (0.06, 4.52) 1.95 (0.35, 20.8) 
Hepatitis C 0.48 (0.12, 1.90) 1.37 (0.28, 6.63) 0.31 (0.06, 1.65) 
Baseline CD4d 

      ≤350 
      351-500 

 
1.73 
1.70 

 
(0.36, 8.30) 
(0.30, 9.80) 

 
4.27 
3.54 

 
(0.42, 43.4) 
(0.35, 35.7) 

 
1.55 
0.62 

 
(0.30, 7.99) 
(0.08, 5.08) 

Longitudinal Viral Loade 1.19 (0.70, 2.02) 1.21 (0.54, 2.75) 1.19 (0.65, 2.17) 
a   HR= hazard ratio 
b   95% confidence interval are asymptotic and based on the Wald statistics. 
c   5 year mortality risk based on SEER estimates for an individual’s particular cancer type and stage. For total population and solid tumors: Category 1=(0.0-0.323) 
    (REF), Category 2=(0.324-0.648), Category 3=(0.649-0.973); For good prognosis strata: Category 1=(0.0-0.147) (REF), Category 2=(0.148-0.296), Category 
    3=(0.297-0.444) 
d    Baseline CD4 in cells/mm3 categories: ≤350, 351-500, >500 (REF) 
e   Longitudinal log10 HIV viral load is incorporated as a linear predictor from the longitudinal model and is lagged by 6 months. 
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Table S4.7 Longitudinal results of the subdistribution joint HIV log10 viral load and incident ADI model in the total, good prognosis, and solid tumor 
populations. 
 
 Total Population Good Prognosis Solid Tumor 

Covariate Estimate 95% CIa Estimate 95% CIa Estimate 95% CIa 
Intercept 1.69 (1.44, 1.95) 1.60 (1.13, 2.07) 2.18 (1.90, 2.46) 
Time 
      Spline 1 
      Spline 2 

 
-2.18 
-3.46 

 
(-2.53, -1.82) 
(-4.37, -2.56) 

 
-1.73 
-3.17 

 
(-2.44, -1.02) 
(-4.64, -1.70) 

 
-1.78 
-1.52 

 
(-2.63, -0.96) 
(-2.44, -0.60) 

Immunosuppressive Treatment 0.17 (0.01, 0.34) 0.21 (-0.12, 0.54) 0.21 (-0.09, 0.52) 
Unsuppressed VLb 1.81 (1.64, 1.98) 1.96 (1.44, 2.47) 1.75 (1.45, 2.05) 
Propensity Scorec 

      Spline 1 
      Spline 2 
      Spline 3 
      Spline 4 

 
-0.06 
0.59 
0.73 
0.02 

 
(-0.32, 0.19) 
(0.34, 0.84) 
(0.14, 1.31) 

(-0.22, 0.26) 

 
0.10 
0.80 
0.79 
0.15 

 
(-0.46, 0.65) 
(0.26, 1.35) 

(-0.40, 1.97) 
(-0.41, 0.72) 

 
-0.29 
-0.31 
-0.11 
0.22 

 
(-1.38, 0.79) 

(-0.60, -0.01) 
(-0.75, 0.52) 
(-0.48, 0.93) 

Time* Immuno. Trt. 
      Spline 1* Immuno. Trt. 
      Spline 2* Immuno. Trt. 

 
0.75 
3.16 

 
(0.32, 1.19) 
(2.15, 4.18) 

 
0.48 
2.84 

 
(-0.41, 1.37) 
(1.08, 4.59) 

 
0.09 
1.15 

 
(-1.24, 1.41) 
(0.12, 2.18) 

Immuno. Trt.* Unsuppressed VL -0.58 (-0.79, -0.37) -1.26 (-1.85, -0.67) -0.35 (-0.67, -0.04) 
a   95% confidence interval are asymptotic and based on the Wald statistics. 
b   Unsuppressed VL= baseline HIV Viral Load >400 copies/mL 
c   Propensity score is the predicted probability of receiving immunosuppressive cancer treatment conditional on age, sex, race (non-Hispanic black vs. other), 
    history of injection drug use, baseline CD4 modeled with natural cubic splines, ART use at baseline, hepatitis C, and prior AIDS diagnosis at baseline. 
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Table S4.8 Survival results of the subdistribution joint HIV log10 viral load measures and ADI model in the total, good prognosis, and solid tumor 
populations. 
 
 

 Total Population Good Prognosis Solid Tumor 
Covariate HRa 95% CIb HRa 95% CIb HRa 95% CIb 

5 Year SEER Mortality Riskc 
      Category 2  
      Category 3 

 
0.80 
1.21 

 
(0.24, 2.62) 
(0.33, 4.46) 

 
0.80 
1.54 

 
(0.10, 6.65) 
(0.32, 7.42) 

 
0.20 
0.93 

 
(0.02, 1.79) 
(0.23, 3.71) 

Age 0.98 (0.93, 1.04) 0.97 (0.90, 1.05) 0.97 (0.90, 1.05) 
White 0.21 (0.03, 1.68) 0.17 (0.02, 1.55) 0.39 (0.05, 3.34) 
Female 0.58 (0.19, 1.84) 0.57 (0.13, 2.48) 0.72 (0.20, 2.59) 
IDU 2.31 (0.63, 8.43) 1.13 (0.20, 6.50) 3.18 (0.62, 16.2) 
No ART 0.67 (0.14, 3.30) 0.43 (0.05, 3.73) 1.10 (0.21, 5.82) 
Hepatitis C 0.61 (0.17, 2.22) 1.10 (0.23, 5.36) 0.43 (0.09, 2.09) 
Baseline CD4d 

      ≤350 
      351-500 

 
1.36 
1.48 

 
(0.29, 6.47) 
(0.26, 8.29) 

 
3.09 
2.80 

 
(0.32, 29.8) 
(0.29, 27.3) 

 
1.23 
0.66 

 
(0.23, 6.27) 
(0.09, 5.02) 

Longitudinal Viral Loade 1.07 (0.64, 1.82) 1.06 (0.49, 2.31) 1.13 (0.64, 2.00) 
a   HR= hazard ratio 
b   95% confidence interval are asymptotic and based on the Wald statistics. 
c   5 year mortality risk based on SEER estimates for an individual’s particular cancer type and stage. For total population and solid tumors: Category 1=(0.0-0.323) 
    (REF), Category 2=(0.324-0.648), Category 3=(0.649-0.973); For good prognosis strata: Category 1=(0.0-0.147) (REF), Category 2=(0.148-0.296), Category 
    3=(0.297-0.444) 
d    Baseline CD4 in cells/mm3 categories: ≤350, 351-500, >500 (REF) 
e   Longitudinal log10 HIV viral load is incorporated as a linear predictor from the longitudinal model and is lagged by 6 months. 
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Table S4.9 Longitudinal CD4 model of the cause-specific joint longitudinal survival model for CD4, HIV viral load, and incident ADI model in the 
total, good prognosis, and solid tumor populations. 
 Total Population Good Prognosis Solid Tumor 

Covariate Estimate 95% CIa Estimate 95% CIa Estimate 95% CIa 

Intercept 690 (484, 903) 656 (566, 752) 666 (439, 869) 
Time 
      Spline 1 
      Spline 2 

 
-100 
-353 

 
(-439, 222) 
(-956, 270) 

 
-189 
-508 

 
(-553, 144) 
(-1156, 98) 

 
-18 

-186 

 
(-342, 347) 
(-841, 505) 

Immunosuppressive Treatment -184 (-279, -84) -199 (-315, -93) -161 (-274, -54) 
Baseline CD4b 

      ≤350 
      351-500 

 
-397 
-151 

 
(-487, -312) 
(-254, -52) 

 
-318 
-164 

 
(-414, -226) 
(-261, -76) 

 
-390 
-147 

 
(-486, -299) 
(-257, -33) 

Propensity Scorec 

      Spline 1 
      Spline 2 
      Spline 3 
      Spline 4 

 
-123 

-71 
-86 
63 

 
(-308, 58) 
(-220, 88) 

(-533, 357) 
(-122, 265) 

 
-97 
-85 
-82 
-13 

 
(-252, 46) 
(-189, 19) 

(-262, 105) 
(-138, 113) 

 
-86 
-36 
-44 
132 

 
(-271, 113) 
(-205, 127) 
(-499, 418) 

(-59, 338) 
Time* Immuno. Trt. 
      Spline 1* Immuno. Trt. 
      Spline 2* Immuno. Trt. 

 
225 
-12 

 
(-177, 647) 
(-836, 743) 

 
272 

-265 

 
(-184, 714) 

(-1097, 514) 

 
297 
391 

 
(-222, 822) 

(-477, 1339) 
Time*Baseline CD4 
      Spline 1*≤350 
      Spline 2*≤350 
      Spline 1*351-500 
      Spline 2*351-500 

 
178 
48 

298 
672 

 
(-218, 578) 
(-726, 842) 
(-214, 771) 

(-206, 1475) 

 
177 
164 
336 
857 

 
(-293, 634) 
(-632, 963) 

(-55, 793) 
(15, 1670) 

 
234 
146 
213 
512 

 
(-185, 613) 
(-628, 931) 
(-246, 690) 

(-379, 1435) 
Immuno. Trt.* Baseline CD4 
      Immuno. Trt.*350 
      Immuno. Trt.351-500 

 
130 
25 

 
(12, 245) 

(-108, 156) 

 
135 
108 

 
(12, 268) 

(-11, 240) 

 
85 

-19 

 
(-48, 217) 

(-156, 131) 
Time* Immuno. Trt.* Base. CD4 
      Spline 1* Immuno. Trt.*≤350 
      Spline 2* Immuno. Trt.*≤350 
      Spline 1* Immuno. Trt.*351-500 
      Spline 2* Immuno. Trt.*351-500 

 
-11 
-6 

157 
153 

 
(-539, 523) 

(-977, 1031) 
(-410, 733) 

(-887, 1242) 

 
-38 
-3 

181 
448 

 
(-655, 567) 

(-1016, 1041) 
(-399, 815) 

(-568, 1503) 

 
49 
29 

128 
-195 

 
(-59, 642) 

(-1117, 1194) 
(-532, 717) 

(-1117, 1194) 
a   95% credible intervals are calculated using Markov chain Monte Carlo methods. 
b   Baseline CD4 in cells/mm3 categories: ≤350, 351-500, >500 (REF) 
c   Propensity score is the predicted probability of receiving immunosuppressive cancer treatment conditional on age, sex, race (non-Hispanic black vs. other), 
    history of injection drug use, baseline CD4 modeled with natural cubic splines, ART use at baseline, hepatitis C, and prior AIDS diagnosis at baseline. 
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Table S4.10 Longitudinal log10 HIV viral load model of the cause-specific joint longitudinal survival model for CD4, HIV viral load, and incident ADI 
in the total, good prognosis, and solid tumor populations. 
 
 Total Population Good Prognosis Solid Tumor 

Covariate Estimate 95% CIa Estimate 95% CIa Estimate 95% CIa 

Intercept 1.86 (1.34, 2.38) 1.64 (1.15, 2.12) 2.17 (1.71, 2.65) 
Time 
      Spline 1 
      Spline 2 

 
-1.99 
-2.49 

 
(-2.81, -1.16) 
(-3.97, -1.08) 

 
-1.63 
-2.92 

 
(-2.35, -0.94) 
(-4.39, -1.46) 

 
-1.77 
-1.53 

 
(-2.69, -1.00) 
(-2.73, -0.50) 

Immunosuppressive Treatment 0.18 (-0.14, 0.53) 0.20 (-0.15, 0.54) 0.28 (-0.09, 0.63) 
Unsuppressed VLb 1.73 (1.36, 2.11) 1.89 (1.40, 2.33) 1.71 (1.34, 2.07) 
Propensity Scorec 

      Spline 1 
      Spline 2 
      Spline 3 
      Spline 4 

 
0.09 
0.29 
0.38 
0.19 

 
(-0.47, 0.65) 
(-0.23, 0.84) 
(-0.79, 1.58) 
(-0.33, 0.71) 

 
0.15 
0.67 
0.67 
0.15 

 
(-0.37, 0.66) 
(0.10, 1.19) 

(-0.48, 1.87) 
(-0.43, 0.71) 

 
-0.48 
-0.12 
-0.21 
-0.05 

 
(-1.10, 0.14) 
(-0.64, 0.42) 
(-1.44, 0.97) 
(-0.66, 0.62) 

Time* Immuno. Trt. 
      Spline 1* Immuno. Trt. 
      Spline 2* Immuno. Trt. 

 
0.67 
2.33 

 
(-0.30, 1.73) 
(0.64, 3.99) 

 
0.35 
2.50 

 
(-0.55, 1.29) 
(0.78, 4.34) 

 
0.14 
1.07 

 
(-1.21, 1.38) 
(-0.11, 2.81) 

Immuno. Trt.* Unsuppressed VL -0.56 (-1.01, -0.12) -1.14 (-1.69, -0.60) -0.51 (-1.02, 0.01) 
a   95% credible intervals are calculated using Markov chain Monte Carlo methods. 
b   Unsuppressed VL= baseline HIV Viral Load >400 copies/mL 
c   Propensity score is the predicted probability of receiving immunosuppressive cancer treatment conditional on age, sex, race (non-Hispanic black vs. other), 
    history of injection drug use, baseline CD4 modeled with natural cubic splines, ART use at baseline, hepatitis C, and prior AIDS diagnosis at baseline. 
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Table S4.11 Survival model of the cause-specific joint longitudinal survival model for CD4, HIV viral load, and incident ADI model in the total, good 
prognosis, and solid tumor populations. 
 
 Total Population Good Prognosis Solid Tumor 

Covariate HRa 95% CIb HRa 95% CIb HRa 95% CIb 
5 Year SEER Mortality Riskc 
      Category 2  
      Category 3 

 
0.82 
2.39 

 
(0.24, 2.24) 
(0.70, 8.60) 

 
1.27 
1.73 

 
(0.15, 8.49) 
(0.35, 7.98) 

 
0.10 
0.98 

 
(0.01, 0.61) 
(0.23, 3.64) 

Age 0.99 (0.94, 1.04) 0.98 (0.91, 1.04) 0.97 (0.90, 1.04) 
White 0.18 (0.02, 1.11) 0.10 (0.01, 0.65) 0.47 (0.06, 3.19) 
Female 0.64 (0.21, 1.68) 0.78 (0.17, 3.24) 0.73 (0.20, 2.25) 
IDU 2.85 (0.84, 10.9) 0.65 (0.11, 3.49) 5.63 (1.11, 36.6) 
No ART 0.86 (0.17, 3.23) 0.44 (0.04, 3.11) 1.91 (0.34, 9.09) 
Hepatitis C 0.48 (0.14, 1.60) 1.44 (0.32, 6.74) 0.36 (0.07, 1.63) 
Baseline CD4d 

      ≤350 
      351-500 

 
1.47 
1.59 

 
(0.31, 6.62) 
(0.32, 9.17) 

 
1.90 
2.65 

 
(0.29, 23.6) 
(0.48, 25.6) 

 
1.83 
0.57 

 
(0.31, 12.1) 
(0.09, 3.53) 

Immunosuppressive Treatment 1.63 (0.59, 4.88) 0.77 (0.22, 2.75) 4.11 (1.22, 18.1) 
Longitudinal CD4e 0.84 (0.60, 1.13) 0.61 (0.34, 0.95) 0.95 (0.60, 1.42) 
Longitudinal Viral Loadf 1.08 (0.59, 1.92) 0.77 (0.32, 1.70) 1.24 (0.61, 2.47) 
a   HR= hazard ratio 
b   95% credible intervals are calculated using Markov chain Monte Carlo methods. 
c   5 year mortality risk based on SEER estimates for an individual’s particular cancer type and stage. For total population and solid tumors: Category 1=(0.0-0.323) 
    (REF), Category 2=(0.324-0.648), Category 3=(0.649-0.973); For good prognosis strata: Category 1=(0.0-0.147) (REF), Category 2=(0.148-0.296), Category 
    3=(0.297-0.444) 
d   Baseline CD4 in cells/mm3 categories: ≤350, 351-500, >500 (REF) 
e   Longitudinal CD4 cell count is incorporated as a linear predictor from the longitudinal model and is scaled by 100 cells (i.e. HR reflects every 100 cell increase in 
     predicted CD4) 
f   Longitudinal log10 HIV viral load is incorporated as a linear predictor from the longitudinal model. 
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Table S4.12 Random effects covariance matrices for the longitudinal components of the cause-specific joint longitudinal survival model for CD4,a 
log10 HIV viral load, and incident ADI model in the total, good prognosis, and solid tumor populations. 
 

  CD4 Intercept CD4 Time Spline 1 CD4 Time Spline 2 VL Intercept VL Time Spline 1 

To
ta

l 
Po

pu
la

tio
n CD4 Time Spline 1 -0.11     

CD4 Time Spline 2 0.08 0.49    
VL Intercept -0.30 0.28 0.56   
VL Time Spline 1 0.14 -0.48 -0.35 -0.40  
VL Time Spline 2 -0.34 0.52 0.09 0.18 -0.31 

G
oo

d 
Pr

og
no

si
s CD4 Time Spline 1 -0.23     

CD4 Time Spline 2 -0.11 0.36    
VL Intercept -0.16 0.27 0.66   
VL Time Spline 1 0.04 -0.35 -0.36 -0.43  
VL Time Spline 2 -0.21 0.51 0.01 0.07 -0.04 

So
lid

 
Tu

m
or

 
 

CD4 Time Spline 1 -0.01     
CD4 Time Spline 2 0.20 0.67    
VL Intercept -0.32 0.31 0.47   
VL Time Spline 1 0.26 -0.63 -0.53 -0.56  

 VL Time Spline 2 -0.09 0.19 0.08 0.12 -0.12 
a   CD4 cell count is scaled by 100 cells 
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Table S4.13 Survival model of the subdistribution joint longitudinal survival model for CD4, HIV viral load, and incident ADI model in the total, good 
prognosis, and solid tumor populations. 
 
 Total Population Good Prognosis Solid Tumor 

Covariate HRa 95% CIb HRa 95% CIb HRa 95% CIb 
5 Year SEER Mortality Riskc 
      Category 2  
      Category 3 

 
0.76 
1.12 

 
(0.26, 2.25) 
(0.38, 3.66) 

 
0.70 
1.64 

 
(0.07, 5.19) 
(0.38, 8.46) 

 
0.11 
0.57 

 
(0.01, 0.72) 
(0.14, 2.08) 

Age 0.98 (0.93, 1.03) 0.96 (0.90, 1.02) 0.96 (0.89, 1.03) 
White 0.19 (0.02, 0.99) 0.13 (0.01, 0.84) 0.44 (0.05, 2.86) 
Female 0.61 (0.20, 1.65) 0.65 (0.14, 2.48) 0.71 (0.21, 2.45) 
IDU 2.25 (0.74, 7.48) 1.01 (0.18, 5.17) 4.03 (0.92, 19.2) 
No ART 0.71 (0.14, 2.66) 0.39 (0.03, 2.82) 1.07 (0.20, 5.08) 
Hepatitis C 0.62 (0.18, 1.80) 1.05 (0.24, 4.32) 0.52 (0.11, 2.13) 
Baseline CD4d 

      ≤350 
      351-500 

 
1.29 
1.39 

 
(0.33, 5.78) 
(0.31, 6.70) 

 
1.66 
2.00 

 
(0.21, 21.4) 
(0.30, 22.2) 

 
1.70 
0.62 

 
(0.29, 9.66) 
(0.10, 3.78) 

Immunosuppressive Treatment 1.53 (0.59, 4.21) 1.04 (0.27, 3.73) 3.89 (1.09, 16.5) 
Longitudinal CD4e 0.91 (0.69, 1.18) 0.69 (0.44, 1.02) 1.02 (0.66, 1.45) 
Longitudinal Viral Loadf 0.99 (0.59, 1.65) 0.70 (0.33, 1.51) 1.20 (0.62, 2.29) 
a   HR= hazard ratio 
b   95% credible intervals are calculated using Markov chain Monte Carlo methods. 
c   5 year mortality risk based on SEER estimates for an individual’s particular cancer type and stage. For total population and solid tumors: Category 1=(0.0-0.323) 
    (REF), Category 2=(0.324-0.648), Category 3=(0.649-0.973); For good prognosis strata: Category 1=(0.0-0.147) (REF), Category 2=(0.148-0.296), Category 
    3=(0.297-0.444) 
d   Baseline CD4 in cells/mm3 categories: ≤350, 351-500, >500 (REF) 
e   Longitudinal CD4 cell count is incorporated as a linear predictor from the longitudinal model and is scaled by 100 cells (i.e. HR reflects every 100 cell increase in 
     predicted CD4) 
f   Longitudinal log10 HIV viral load is incorporated as a linear predictor from the longitudinal model. 
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Table S4.14 Longitudinal model results of the cause-specific joint longitudinal CD4 and non-AIDS death model in the total, good prognosis, and 
solid tumor populations. 
 Total Population Good Prognosis Solid Tumor 

Covariate Estimate 95% CIa Estimate 95% CIa Estimate 95% CIa 

Intercept 810 (703, 917) 623 (566, 681) 653 (586, 721) 
Time 
      Spline 1 
      Spline 2 

 
-184 
-529 

 
(-332, -36) 
(-971, -87) 

 
-175 
-551 

 
(-339, -11) 

(-1048, -55) 

 
-9 

N/A 

 
(-20, 2) 

N/A 
Immunosuppressive Treatment -179 (-250, -109) -203 (-284, -121) -149 (-230, -69) 
Baseline CD4b 

      ≤350 
      351-500 

 
-362 
-104 

 
(-423, -301) 
(-175, -34) 

 
-300 
-178 

 
(-370, -230) 
(-247, -108) 

 
-455 
-180 

 
(-521, -388) 
(-283, -76) 

Propensity Scorec 

      Spline 1 
      Spline 2 
      Spline 3 
      Spline 4 

 
-237 
-214 
-472 

-12 

 
(-323, -152) 
(-279, -149) 
(-686, -259) 

(-70, 46) 

 
-50 
43 
-5 

-66 

 
(-139, 39) 

(-6, 93) 
(-93, 83) 
(-134, 1) 

 
-65 
-6 
5 

-121 

 
(-133, 2) 
(-77, 66) 

(-148, 158) 
(-190, -52) 

Time* Immuno. Trt. 
      Spline 1* Immuno. Trt. 
      Spline 2* Immuno. Trt. 

 
533 

-280 

 
(351, 715) 

(-743, 183) 

 
227 

-328 

 
(12, 442) 

(-838, 181) 

 
36 

N/A 

 
(23, 49) 

N/A 
Time*Baseline CD4 
      Spline 1*≤350 
      Spline 2*≤350 
      Spline 1*351-500 
      Spline 2*351-500 

 
343 
588 
451 
934 

 
(180, 507) 

(113, 1063) 
(234, 669) 

(381, 1488) 

 
139 
629 
441 

1033 

 
(-56, 334) 
(94, 1163) 
(225, 657) 

(372, 1694) 

 
25 

N/A 
10 

N/A 

 
(12, 38) 

N/A 
(-13, 33) 

N/A 
Immuno. Trt.* Baseline CD4 
      Immuno. Trt.*350 
      Immuno. Trt.351-500 

 
120 

7 

 
(41, 199) 
(-81, 95) 

 
111 
76 

 
(17, 206) 

(-13, 166) 

 
102 
-56 

 
(18, 186) 

(-170, 59) 
Time* Immuno. Trt.* Base. CD4 
      Spline 1* Immuno. Trt.*≤350 
      Spline 2* Immuno. Trt.*≤350 
      Spline 1* Immuno. Trt.*351-500 
      Spline 2* Immuno. Trt.*351-500 

 
-624 
-376 
-249 

-26 

 
(-828, -420) 
(-882, 130) 

(-500, 2) 
(-603, 552) 

 
-140 
-412 
122 
-68 

 
(-393, 112) 
(-991, 167) 
(-144, 387) 
(-745, 609) 

 
-28 
N/A 
17 

N/A 

 
(-43, -13) 

N/A 
(-7, 42) 

N/A 
a   95% confidence interval are asymptotic and based on the Wald statistics using the variance for the linear mixed effects model. 
b   Baseline CD4 in cells/mm3 categories: ≤350, 351-500, >500 (REF) 
c   Propensity score is the predicted probability of receiving immunosuppressive cancer treatment conditional on age, sex, race (non-Hispanic black vs. other), 
    history of injection drug use, baseline CD4 modeled with natural cubic splines, ART use at baseline, hepatitis C, and prior AIDS diagnosis at baseline.  
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Table S4.15 Survival model results of the cause-specific joint longitudinal CD4 and non-AIDS death model in the total, good prognosis, and solid 
tumor populations. 
 
 Total Population Good Prognosis Solid Tumor 

Covariate HRa 95% CIb HRa 95% CIb HRa 95% CIb 
5 Year SEER Mortality Riskc 
      Category 2  
      Category 3 

 
1.70 
5.13 

 
(0.99, 2.94) 
(2.80, 9.40) 

 
3.39 
2.01 

 
(0.99, 11.5) 
(0.69, 5.83) 

 
1.84 
5.22 

 
(0.95, 3.57) 
(2.67, 10.2) 

Age 0.99 (0.97, 1.03) 1.05 (0.99, 1.11) 1.01 (0.98, 1.04) 
White 1.63 (0.93, 2.85) 1.04 (0.34, 3.17) 1.47 (0.79, 2.74) 
Female 1.43 (0.88, 2.30) 1.70 (0.68, 4.22) 1.21 (0.70, 2.07) 
IDU 1.14 (0.65, 2.00) 0.28 (0.07, 1.05) 1.28 (0.68, 2.40) 
No Cancer Treatment 5.06 (2.44, 10.5) 4.00 (1.15, 13.9) 4.33 (1.99, 9.46) 
No ART 1.57 (0.88, 2.80) 1.38 (0.43, 4.42) 1.91 (0.99, 3.67) 
Hepatitis C 0.85 (0.48, 1.50) 3.52 (1.09, 11.3) 0.67 (0.36, 1.28) 
Baseline CD4d 

      ≤350 
      351-500 

 
0.86 
1.05 

 
(0.42, 1.77) 
(0.50, 2.22) 

 
3.48 
2.81 

 
(0.58, 21.0) 
(0.53, 14.9) 

 
0.83 
1.07 

 
(0.37, 1.83) 
(0.50, 2.34) 

Immunosuppressive Treatment 1.87 (1.01, 3.46) 0.45 (0.15, 1.30) 1.91 (0.99, 3.67) 
Longitudinal CD4e 0.71 (0.60, 0.84) 0.65 (0.43, 0.99) 0.74 (0.60, 0.90) 
a   HR= hazard ratio 
b   95% confidence interval are asymptotic and based on the Wald statistics. 
c   5 year mortality risk based on SEER estimates for an individual’s particular cancer type and stage. For total population and solid tumors: Category 1=(0.0-0.323) 
    (REF), Category 2=(0.324-0.648), Category 3=(0.649-0.973); For good prognosis strata: Category 1=(0.0-0.147) (REF), Category 2=(0.148-0.296), Category 
    3=(0.297-0.444) 
d   Baseline CD4 in cells/mm3 categories: ≤350, 351-500, >500 (REF) 
e   Longitudinal CD4 cell count is incorporated as a linear predictor from the longitudinal model and is scaled by 100 cells (i.e. HR reflects every 100 cell increase in 
     predicted CD4) 
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Table S4.16 Longitudinal model results of the subdistribution joint longitudinal CD4 and non-AIDS death model in the total, good prognosis, and 
solid tumor populations. 
 Total Population Good Prognosis Solid Tumora 

Covariate Estimate 95% CIb Estimate 95% CIb Estimate 95% CIb 

Intercept 811 (704, 918) 623 (566, 680) 654 (587, 721) 
Time 
      Spline 1 
      Spline 2 

 
-185 
-530 

 
(-333, -37) 
(-972, -89) 

 
-175 
-553 

 
(-339, -11) 

(-1050, -56) 

 
-9 

N/A 

 
(-20, 2) 

N/A 
Immunosuppressive Treatment -180 (-250, -111) -203 (-284, -121) -149 (-228, -69) 
Baseline CD4c 

      ≤350 
      351-500 

 
-362 
-104 

 
(-423, -301) 
(-174, -34) 

 
-299 
-177 

 
(-369, -229) 
(-246, -108) 

 
-455 
-181 

 
(-521, -390) 
(-278, -84) 

Propensity Scored 

      Spline 1 
      Spline 2 
      Spline 3 
      Spline 4 

 
-238 
-215 
-474 

-13 

 
(-324, -153) 
(-280, -150) 
(-686, -262) 

(-70, 45) 

 
-50 
44 
-5 

-66 

 
(-139, 40) 

(-6, 93) 
(-93, 83) 
(-134, 1) 

 
-64 
-7 
3 

-121 

 
(-131, 3) 
(-77, 64) 

(-148, 153) 
(-189, -52) 

Time* Immuno. Trt. 
      Spline 1* Immuno. Trt. 
      Spline 2* Immuno. Trt. 

 
534 

-278 

 
(353, 716) 

(-740, 184) 

 
228 

-327 

 
(12, 443) 

(-836, 183) 

 
36 

N/A 

 
(23, 48) 

N/A 
Time*Baseline CD4 
      Spline 1*≤350 
      Spline 2*≤350 
      Spline 1*351-500 
      Spline 2*351-500 

 
344 
587 
452 
934 

 
(181, 508) 

(113, 1062) 
(234, 669) 

(381, 1487) 

 
139 
637 
442 

1045 

 
(-56, 333) 

(102, 1171) 
(225, 659) 

(382, 1709) 

 
25 

N/A 
10 

N/A 

 
(12, 38) 

N/A 
(-11, 32) 

N/A 
Immuno. Trt.* Baseline CD4 
      Immuno. Trt.*350 
      Immuno. Trt.351-500 

 
120 

7 

 
(42, 197) 
(-80, 94) 

 
110 
77 

 
(15, 204) 

(-13, 166) 

 
101 
-55 

 
(18, 184) 

(-164, 54) 
Time* Immuno. Trt.* Base. CD4 
      Spline 1* Immuno. Trt.*≤350 
      Spline 2* Immuno. Trt.*≤350 
      Spline 1* Immuno. Trt.*351-500 
      Spline 2* Immuno. Trt.*351-500 

 
-623 
-379 
-250 

-26 

 
(-826, -420) 
(-884, 126) 

(-501, 1) 
(-602, 550) 

 
-140 
-426 
119 
-80 

 
(-393, 113) 

(-1005, 152) 
(-147, 386) 
(-760, 599) 

 
-28 
N/A 
17 

N/A 

 
(-43, -13) 

N/A 
(-6, 40) 

N/A 
a  Reduced to one spline for time to improve model fit.  
b   95% confidence interval are asymptotic and based on the Wald statistics using the variance for the linear mixed effects model. 
c   Baseline CD4 in cells/mm3 categories: ≤350, 351-500, >500 (REF) 
d   Propensity score is the predicted probability of receiving immunosuppressive cancer treatment conditional on age, sex, race (non-Hispanic black vs. other), 
    history of injection drug use, baseline CD4 modeled with natural cubic splines, ART use at baseline, hepatitis C, and prior AIDS diagnosis at baseline.  
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Table S4.17 Survival model results of the subdistribution joint longitudinal CD4 and non-AIDS death model in the total, good prognosis, and solid 
tumor populations. 
 
 Total Population Good Prognosis Solid Tumor 

Covariate HRa 95% CIb HRa 95% CIb HRa 95% CIb 
5 Year SEER Mortality Riskc 
      Category 2  
      Category 3 

 
1.81 
4.41 

 
(1.05, 3.11) 
(2.39, 8.14) 

 
3.18 
2.17 

 
(0.95, 10.6) 
(0.76, 6.18) 

 
2.06 
4.60 

 
(1.07, 3.98) 
(2.32, 9.14) 

Age 1.00 (0.97, 1.03) 1.04 (0.99, 1.10) 1.01 (0.98, 1.04) 
White 1.81 (1.03, 3.15) 1.09 (0.36, 3.28) 1.69 (0.90, 3.18) 
Female 1.53 (0.95, 2.47) 1.65 (0.66, 4.10) 1.32 (0.76, 2.29) 
IDU 0.89 (0.51, 1.56) 0.34 (0.09, 1.23) 0.83 (0.44, 1.56) 
No Cancer Treatment 5.74 (2.77, 11.9) 3.86 (1.13, 13.2) 5.19 (2.36, 11.4) 
No ART 1.44 (0.80, 2.60) 1.25 (0.40, 3.97) 1.71 (0.88, 3.34) 
Hepatitis C 0.95 (0.55, 1.66) 3.15 (1.03, 9.59) 0.79 (0.42, 1.48) 
Baseline CD4d 

      ≤350 
      351-500 

 
0.73 
1.01 

 
(0.35, 1.51) 
(0.48, 2.14) 

 
3.25 
2.59 

 
(0.54, 19.6) 
(0.50, 13.3) 

 
0.59 
1.01 

 
(0.26, 1.33) 
(0.46, 2.24) 

Immunosuppressive Treatment 1.78 (0.96, 3.28) 0.48 (0.17, 1.35) 1.79 (0.93, 3.48) 
Longitudinal CD4e 0.70 (0.59, 0.84) 0.73 (0.49, 1.07) 0.70 (0.56, 0.86) 
a   HR= hazard ratio 
b   95% confidence interval are asymptotic and based on the Wald statistics. 
c   5 year mortality risk based on SEER estimates for an individual’s particular cancer type and stage. For total population and solid tumors: Category 1=(0.0-0.323) 
    (REF), Category 2=(0.324-0.648), Category 3=(0.649-0.973); For good prognosis strata: Category 1=(0.0-0.147) (REF), Category 2=(0.148-0.296), Category 
    3=(0.297-0.444) 
d   Baseline CD4 in cells/mm3 categories: ≤350, 351-500, >500 (REF) 
e   Longitudinal CD4 cell count is incorporated as a linear predictor from the longitudinal model and is scaled by 100 cells (i.e. HR reflects every 100 cell increase in 
     predicted CD4) 
 
  



 173 

Table S4.18 Longitudinal results of the cause-specific joint longitudinal HIV log10 viral load and non-AIDS death model in the total, good prognosis, 
and solid tumor populations. 
 

 Total Population Good Prognosis Solid Tumor 
Covariate Estimate 95% CIa Estimate 95% CIa Estimate 95% CIa 

Intercept 1.70 (1.45, 1.95) 1.60 (1.13, 2.07) 2.07 (1.60, 2.53) 
Time 
      Spline 1 
      Spline 2 

 
-2.19 
-3.46 

 
(-2.54, -1.83) 
(-4.37, -2.56) 

 
-1.71 
-3.19 

 
(-2.42, -1.01) 
(-4.66, -1.72) 

 
-1.69 
-1.57 

 
(-2.50, -0.88) 
(-2.57, -0.58) 

Immunosuppressive Treatment 0.16 (-0.01, 0.33) 0.21 (-0.12, 0.54) 0.21 (-0.14, 0.57) 
Unsuppressed VLb 1.80 (1.63, 1.97) 1.94 (1.42, 2.46) 1.84 (1.47, 2.21) 
Propensity Scorec 

      Spline 1 
      Spline 2 
      Spline 3 
      Spline 4 

 
-0.07 
0.60 
0.74 
0.02 

 
(-0.33, 0.19) 
(0.35, 0.86) 
(0.16, 1.33) 

(-0.22, 0.26) 

 
0.09 
0.80 
0.82 
0.16 

 
(-0.46, 0.65) 
(0.25, 1.34) 

(-0.37, 2.00) 
(-0.41, 0.73) 

 
-0.29 
-0.27 
0.09 
0.24 

 
(-0.92, 0.34) 
(-0.82, 0.29) 
(-1.09, 1.27) 
(-0.38, 0.86) 

Time* Immuno. Trt. 
      Spline 1* Immuno. Trt. 
      Spline 2* Immuno. Trt. 

 
0.76 
3.14 

 
(0.33, 1.20) 
(2.12, 4.16) 

 
0.47 
2.85 

 
(-0.42, 1.36) 
(1.08, 4.61) 

 
0.28 
1.08 

 
(-0.89, 1.45) 
(-0.19, 2.34) 

Immuno. Trt.* Unsuppressed VL -0.56 (-0.77, -0.35) -1.25 (-1.84, -0.65) -0.46 (-0.97, 0.05) 
a   95% confidence interval are asymptotic and based on the Wald statistics. 
b   Unsuppressed VL= baseline HIV Viral Load >400 copies/mL 
c   Propensity score is the predicted probability of receiving immunosuppressive cancer treatment conditional on age, sex, race (non-Hispanic black vs. other), 
    history of injection drug use, baseline CD4 modeled with natural cubic splines, ART use at baseline, hepatitis C, and prior AIDS diagnosis at baseline. 
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Table S4.19 Survival model results of the cause-specific joint longitudinal HIV log10 viral load and non-AIDS death model in the total, good 
prognosis, and solid tumor populations. 
 
 Total Population Good Prognosis Solid Tumor 

Covariate HRa 95% CIb HRa 95% CIb HRa 95% CIb 
5 Year SEER Mortality Riskc 
      Category 2  
      Category 3 

 
1.50 
5.60 

 
(0.84, 2.69) 
(2.98, 10.5) 

 
4.35 
2.04 

 
(1.28, 14.8) 
(0.64, 6.49) 

 
1.61 
4.91 

 
(0.78, 3.32) 
(2.37, 10.2) 

Age 1.03 (0.99, 1.05) 1.06 (0.99, 1.12) 1.04 (1.01, 1.07) 
White 1.56 (0.86, 2.85) 0.87 (0.28, 2.71) 1.53 (0.79, 2.96) 
Female 1.11 (0.66, 1.86) 1.20 (0.46, 3.17) 0.76 (0.42, 1.36) 
IDU 1.22 (0.68, 2.19) 0.43 (0.12, 1.51) 1.42 (0.73, 2.77) 
No Cancer Treatment 5.22 (2.45, 11.2) 3.74 (0.93, 14.9) NA NA 
No ART 1.43 (0.75, 2.71) 1.21 (0.36, 4.04) 1.26 (0.60, 2.61) 
Hepatitis C 0.90 (0.49, 1.65) 3.15 (1.06, 9.37) 0.81 (0.41, 1.60) 
Baseline CD4d 

      ≤350 
      351-500 

 
1.98 
1.59 

 
(1.01, 3.87) 
(0.72, 3.53) 

 
6.30 
4.13 

 
(1.08, 36.9) 
(0.72, 23.7) 

 
1.38 
1.51 

 
(0.67, 2.83) 
(0.65, 3.50) 

Immunosuppressive Treatment 2.41 (1.28, 4.55) 0.77 (0.27, 2.15) 1.68 (0.96, 2.94) 
Longitudinal Viral Loade 1.62 (1.25, 2.11) 1.53 (0.84, 2.80) 1.96 (1.45, 2.67) 
a   HR= hazard ratio 
b   95% confidence interval are asymptotic and based on the Wald statistics. 
c   5 year mortality risk based on SEER estimates for an individual’s particular cancer type and stage. For total population and solid tumors: Category 1=(0.0-0.323) 
    (REF), Category 2=(0.324-0.648), Category 3=(0.649-0.973); For good prognosis strata: Category 1=(0.0-0.147) (REF), Category 2=(0.148-0.296), Category 
    3=(0.297-0.444) 
d   Baseline CD4 in cells/mm3 categories: ≤350, 351-500, >500 (REF) 
e   Longitudinal log10 HIV viral load is incorporated as a linear predictor from the longitudinal model. 
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Table S4.20 Longitudinal results of the subdistribution joint longitudinal HIV log10 viral load and non-AIDS death model in the total, good 
prognosis, and solid tumor populations. 
 

 Total Population Good Prognosis Solid Tumor 
Covariate Estimate 95% CIa Estimate 95% CIa Estimate 95% CIa 

Intercept 1.70 (1.45, 1.95) 1.60 (1.13, 2.07) 2.06 (1.60, 2.52) 
Time 
      Spline 1 
      Spline 2 

 
-2.17 
-3.46 

 
(-2.53, -1.82) 
(-4.36, -2.55) 

 
-1.72 
-3.21 

 
(-2.42, -1.01) 
(-4.68, -1.74) 

 
-1.68 
-1.57 

 
(-2.51, -0.86) 
(-2.55, -0.59) 

Immunosuppressive Treatment 0.16 (-0.01, 0.34) 0.21 (-0.12, 0.54) 0.23 (-0.12, 0.59) 
Unsuppressed VLb 1.80 (1.63, 1.97) 1.93 (1.42, 2.45) 1.83 (1.47, 2.19) 
Propensity Scorec 

      Spline 1 
      Spline 2 
      Spline 3 
      Spline 4 

 
-0.07 
0.60 
0.74 
0.02 

 
(-0.33, 0.19) 
(0.34, 0.85) 
(0.16, 1.33) 

(-0.22, 0.26) 

 
0.10 
0.79 
0.81 
0.16 

 
(-0.46, 0.65) 
(0.25, 1.34) 

(-0.38, 1.99) 
(-0.41, 0.73) 

 
-0.24 
-0.31 
0.11 
0.28 

 
(-0.86, 0.37) 
(-0.85, 0.24) 
(-1.05, 1.26) 
(-0.33, 0.89) 

Time* Immuno. Trt. 
      Spline 1* Immuno. Trt. 
      Spline 2* Immuno. Trt. 

 
0.74 
3.13 

 
(0.30, 1.17) 
(2.11, 4.14) 

 
0.47 
2.86 

 
(-0.42, 1.35) 
(1.10, 4.63) 

 
0.06 
1.08 

 
(-1.12, 1.25) 
(-0.17, 2.32) 

Immuno. Trt.* Unsuppressed VL -0.56 (-0.77, -0.35) -1.24 (-1.83, -0.65) -0.47 (-0.97, 0.02) 
a   95% confidence interval are asymptotic and based on the Wald statistics. 
b   Unsuppressed VL= baseline HIV Viral Load >400 copies/mL 
c   Propensity score is the predicted probability of receiving immunosuppressive cancer treatment conditional on age, sex, race (non-Hispanic black vs. other), 
    history of injection drug use, baseline CD4 modeled with natural cubic splines, ART use at baseline, hepatitis C, and prior AIDS diagnosis at baseline. 
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Table S4.21 Survival model results of the subdistribution joint longitudinal HIV log10 viral load and non-AIDS death model in the total, good 
prognosis, and solid tumor populations. 
 
 Total Population Good Prognosis Solid Tumor 

Covariate HRa 95% CIb HRa 95% CIb HRa 95% CIb 
5 Year SEER Mortality Riskc 
      Category 2  
      Category 3 

 
1.62 
4.12 

 
(0.90, 2.89) 
(2.19, 7.74) 

 
4.20 
1.97 

 
(1.23, 14.3) 
(0.64, 6.30) 

 
1.83 
4.35 

 
(0.90, 3.73) 
(2.08, 9.11) 

Age 1.03 (0.99, 1.06) 1.06 (0.99, 1.12) 1.04 (1.01, 1.07) 
White 1.89 (1.03, 3.45) 0.98 (0.32, 3.05) 1.81 (0.94, 3.51) 
Female 1.30 (0.78, 2.19) 1.20 (0.45, 3.21) 0.81 (0.45, 1.46) 
IDU 0.96 (0.53, 1.74) 0.48 (0.14, 1.67) 1.01 (0.52, 1.97) 
No Cancer Treatment 5.28 (2.47, 11.3) 3.54 (0.89, 14.1) NA NA 
No ART 1.16 (0.61, 2.20) 1.26 (0.37, 4.17) 1.01 (0.48, 2.10) 
Hepatitis C 0.99 (0.55, 1.78) 3.23 (1.06, 9.83) 0.92 (0.48, 1.77) 
Baseline CD4d 

      ≤350 
      351-500 

 
1.62 
1.47 

 
(0.83, 3.15) 
(0.67, 3.24) 

 
5.46 
3.91 

 
(0.96, 31.0) 
(0.70, 21.7) 

 
1.09 
1.45 

 
(0.54, 2.23) 
(0.63, 3.33) 

Immunosuppressive Treatment 2.00 (1.06, 3.80) 0.71 (0.25, 2.02) 1.37 (0.78, 2.43) 
Longitudinal Viral Loade 1.64 (1.25, 2.14) 1.52 (0.84, 2.75) 2.04 (1.50, 2.78) 
a   HR= hazard ratio 
b   95% confidence interval are asymptotic and based on the Wald statistics. 
c   5 year mortality risk based on SEER estimates for an individual’s particular cancer type and stage. For total population and solid tumors: Category 1=(0.0-0.323) 
    (REF), Category 2=(0.324-0.648), Category 3=(0.649-0.973); For good prognosis strata: Category 1=(0.0-0.147) (REF), Category 2=(0.148-0.296), Category 
    3=(0.297-0.444) 
d   Baseline CD4 in cells/mm3 categories: ≤350, 351-500, >500 (REF) 
e   Longitudinal log10 HIV viral load is incorporated as a linear predictor from the longitudinal model. 
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Table S4.22 Survival model results of the cause-specific joint longitudinal survival model for CD4, HIV viral load, and non-AIDS death survival 
model in the total, good prognosis, and solid tumor populations. 
 
 Total Population Good Prognosis Solid Tumor 

Covariate HRa 95% CIb HRa 95% CIb HRa 95% CIb 
5 Year SEER Mortality Riskc 
      Category 2  
      Category 3 

 
1.61 
5.32 

 
(0.98, 2.66) 
(3.04, 9.37) 

 
4.09 
2.07 

 
(1.44, 12.0) 
(0.73, 5.82) 

 
1.66 
5.43 

 
(0.90, 3.12) 
(2.72, 10.6) 

Age 1.01 (0.99, 1.04) 1.05 (1.00, 1.09) 1.03 (1.00, 1.05) 
White 1.75 (1.02, 2.94) 1.02 (0.33, 2.69) 1.65 (0.91, 2.94) 
Female 1.26 (0.81, 1.98) 1.39 (0.60, 3.27) 1.01 (0.61, 1.71) 
IDU 1.08 (0.66, 1.79) 0.36 (0.11, 1.19) 1.22 (0.63, 2.27) 
No Cancer Treatment 5.09 (2.60, 10.1) 3.12 (0.87, 11.0) 3.79 (1.79, 8.01) 
No ART 1.73 (0.89, 3.11) 1.38 (0.46, 3.85) 1.63 (0.83, 3.02) 
Hepatitis C 0.87 (0.50, 1.49) 3.39 (1.25, 9.55) 0.73 (0.39, 1.34) 
Baseline CD4d 

      ≤350 
      351-500 

 
1.07 
1.20 

 
(0.56, 1.99) 
(0.60, 2.32) 

 
3.38 
3.28 

 
(0.81, 18.1) 
(0.95, 13.7) 

 
1.07 
1.27 

 
(0.55, 2.33) 
(0.62, 2.68) 

Immunosuppressive Treatment 2.08 (1.21, 3.77) 0.63 (0.25, 1.55) 2.26 (1.23, 4.05) 
Longitudinal CD4e 0.77 (0.64, 0.91) 0.75 (0.52, 1.03) 0.85 (0.70, 1.02) 
Longitudinal Viral Loadf 1.27 (0.99, 1.63) 1.25 (0.71, 2.21) 1.44 (1.08, 1.95) 
a   HR= hazard ratio 
b   95% credible intervals are calculated using Markov chain Monte Carlo methods. 
c   5 year mortality risk based on SEER estimates for an individual’s particular cancer type and stage. For total population and solid tumors: Category 1=(0.0-0.323) 
    (REF), Category 2=(0.324-0.648), Category 3=(0.649-0.973); For good prognosis strata: Category 1=(0.0-0.147) (REF), Category 2=(0.148-0.296), Category 
    3=(0.297-0.444) 
d   Baseline CD4 in cells/mm3 categories: ≤350, 351-500, >500 (REF) 
e   Longitudinal CD4 cell count is incorporated as a linear predictor from the longitudinal model and is scaled by 100 cells (i.e. HR reflects every 100 cell increase in 
     predicted CD4) 
f   Longitudinal log10 HIV viral load is incorporated as a linear predictor from the longitudinal model. 
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Table S4.23 Survival model results of the subdistribution joint longitudinal survival model for CD4, HIV viral load, and non-AIDS death survival 
model in the total, good prognosis, and solid tumor populations. 
 
 Total Population Good Prognosis Solid Tumor 

Covariate HRa 95% CIb HRa 95% CIb HRa 95% CIb 
5 Year SEER Mortality Riskc 
      Category 2  
      Category 3 

 
1.71 
4.53 

 
(1.02, 2.97) 
(2.61, 8.06) 

 
3.98 
2.07 

 
(1.36, 11.8) 
(0.69, 5.84) 

 
1.88 
4.78 

 
(1.05, 3.47) 
(2.53, 8.65) 

Age 1.01 (0.99, 1.04) 1.04 (1.00, 1.09) 1.03 (0.99, 1.06) 
White 2.02 (1.20, 3.29) 1.12 (0.36, 2.91) 1.95 (1.07, 3.44) 
Female 1.40 (0.88, 2.19) 1.39 (0.60, 3.14) 1.11 (0.64, 1.89) 
IDU 0.90 (0.53, 1.56) 0.43 (0.13, 1.29) 0.86 (0.45, 1.61) 
No Cancer Treatment 5.34 (2.67, 10.7) 3.01 (0.86, 10.4) 3.93 (1.84, 8.55) 
No ART 1.63 (0.84, 2.99) 1.39 (0.44, 4.02) 1.40 (0.71, 2.71) 
Hepatitis C 0.95 (0.55, 1.51) 3.32 (1.20, 8.82) 0.85 (0.46, 1.53) 
Baseline CD4d 

      ≤350 
      351-500 

 
0.82 
1.08 

 
(0.43, 1.62) 
(0.54, 2.12) 

 
3.05 
3.05 

 
(0.71, 14.7) 
(0.87, 14.7) 

 
0.80 
1.21 

 
(0.41, 1.69) 
(0.61, 2.58) 

Immunosuppressive Treatment 1.79 (1.04, 3.16) 0.62 (0.27, 1.49) 1.89 (1.02, 3.65) 
Longitudinal CD4e 0.73 (0.61, 0.85) 0.77 (0.56, 1.04) 0.79 (0.65, 0.94) 
Longitudinal Viral Loadf 1.22 (0.94, 1.58) 1.24 (0.69, 2.12) 1.41 (1.04, 1.88) 
a   HR= hazard ratio 
b   95% credible intervals are calculated using Markov chain Monte Carlo methods. 
c   5 year mortality risk based on SEER estimates for an individual’s particular cancer type and stage. For total population and solid tumors: Category 1=(0.0-0.323) 
    (REF), Category 2=(0.324-0.648), Category 3=(0.649-0.973); For good prognosis strata: Category 1=(0.0-0.147) (REF), Category 2=(0.148-0.296), Category 
    3=(0.297-0.444) 
d   Baseline CD4 in cells/mm3 categories: ≤350, 351-500, >500 (REF) 
e   Longitudinal CD4 cell count is incorporated as a linear predictor from the longitudinal model and is scaled by 100 cells (i.e. HR reflects every 100 cell increase in 
     predicted CD4) 
f   Longitudinal log10 HIV viral load is incorporated as a linear predictor from the longitudinal model.  
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Table S4.24 Longitudinal model results of the cause-specific joint longitudinal survival model with CD4, incident AIDS defining illness (ADI) and 
non-AIDS death among the total, good prognosis, and solid tumor populations. 
 Total Population Good Prognosis Solid Tumor 

Covariate Estimate 95% CIa Estimate 95% CIa Estimate 95% CIa 

Intercept 686 (500, 873) 635 (557, 713) 612 (519, 705) 
Time 
      Spline 1 
      Spline 2 

 
-228 
-675 

 
(-522, 65) 

(-1323, -27) 

 
-319 
-876 

 
(-805, 167) 

(-1965, 212) 

 
-230 
-572 

 
(-520, 61) 
(-1150, 6) 

Immunosuppressive Treatment -165 (-252, -77) -185 (-287, -92) -168 (-266, -70) 
Baseline CD4b 

      ≤350 
      351-500 

 
-373 
-123 

 
(-455, -291) 
(-217, -29) 

 
-299 
-143 

 
(-382, -216) 
(-226, -59) 

 
-153 
-409 

 
(-491, -327) 
(-251, -55) 

Propensity Scorec 

      Spline 1 
      Spline 2 
      Spline 3 
      Spline 4 

 
-122 
-136 
-128 
116 

 
(-286, 42) 
(-276, 2) 

(-515, 259) 
(-46, 277) 

 
-97 

4 
-105 

-50 

 
(-212, 16) 
(-97, 89) 

(-267, 56) 
(-154, 55) 

 
-44 
-19 
-22 
-29 

 
(-141, 53) 
(-105, 67) 

(-229, 184) 
(-125, 67) 

Time* Immuno. Trt. 
      Spline 1* Immuno. Trt. 
      Spline 2* Immuno. Trt. 

 
466 
309 

 
(124, 808) 

(-354, 972) 

 
472 
-87 

 
(-77, 1021) 

(-1255, 1080) 

 
317 
73 

 
(-67, 703) 

(-523, 669) 
Time*Baseline CD4 
      Spline 1*≤350 
      Spline 2*≤350 
      Spline 1*351-500 
      Spline 2*351-500 

 
346 
614 
372 

1037 

 
(1, 691) 

(-89, 1317) 
(-36, 781) 

(224, 1851) 

 
344 
848 
513 

1404 

 
(-290, 977) 

(-548, 2244) 
(-170, 1196) 
(-106, 2913) 

 
458 
587 
343 
889 

 
(122, 793) 
(-89, 1263  
(-72, 757) 
(71, 1708) 

Immuno. Trt.* Baseline CD4 
      Immuno. Trt.*350 
      Immuno. Trt.351-500 

 
94 
18 

 
(-9, 196) 

(-99, 136) 

 
108 
75 

 
(-5, 222) 

(-40, 190) 

 
102 
27 

 
(-8, 212) 

(-99, 154) 
Time* Immuno. Trt.* Base. CD4 
      Spline 1* Immuno. Trt.*≤350 
      Spline 2* Immuno. Trt.*≤350 
      Spline 1* Immuno. Trt.*351-500 
      Spline 2* Immuno. Trt.*351-500 

 
-486 
-882 

-22 
-145 

 
(-896, -75) 

(-1615, -148) 
(-492, 448) 
(-988, 696) 

 
-464 
-658 

-4 
230 

 
(-1232, 304) 
(-2302, 986) 
(-797, 789) 

(-1474, 1934) 

 
-438 
-409 
139 
81 

 
(-896, 19) 

(-1168, 351) 
(-401, 678) 

(-838, 1000) 
a   95% confidence interval are asymptotic and based on the Wald statistics using the variance for the linear mixed effects model. 
b   Baseline CD4 in cells/mm3 categories: ≤350, 351-500, >500 (REF) 
c   Propensity score is the predicted probability of receiving immunosuppressive cancer treatment conditional on age, sex, race (non-Hispanic black vs. other), history of injection drug 
use, baseline CD4 modeled with natural cubic splines, ART use at baseline, hepatitis C, and prior AIDS diagnosis at baseline.  
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Table S4.25 Survival model results of the cause-specific joint longitudinal survival model with 
CD4, ADI, and non-AIDS death among the total, good prognosis, and solid tumor populations. 

 Covariate ADI Non-AIDS Death 
 HR 95% CIa HR 95% CIa 

To
ta

l P
op

ul
at

io
n 

5 Year SEER Mortality Riskb 
      Category 2  
      Category 3 

 
0.69 
2.64 

 
(0.24, 1.98) 
(0.74, 9.37) 

 
2.44 
1.83 

 
(0.75, 7.93) 
(0.45, 7.39) 

Age 0.97 (0.92, 1.02) 1.04 (0.98, 1.10) 
White 0.38 (0.08, 1.91) 4.04 (0.74, 22.0) 
Female 0.74 (0.26, 2.08) 1.87 (0.60, 5.84) 
IDU 3.59 (1.00, 12.9) 0.33 (0.08, 1.31) 
No Treatmentc 2.74 (1.44, 5.22) 2.74 (1.44, 5.22) 
No ART 1.50 (0.48, 4.70) 1.08 (0.30, 3.87) 
Hepatitis C 0.35 (0.10, 1.26) 2.46 (0.60, 10.1) 
Baseline CD4d 

      ≤350 
      351-500 

 
1.08 
1.42 

 
(0.21, 5.38) 
(0.28, 7.15) 

 
0.72 
0.73 

 
(0.12, 4.21) 
(0.12, 4.33) 

Immunosuppressive Treatment 1.17 (0.43, 3.14) 1.18 (0.42, 3.32) 
Longitudinal CD4e 0.76 (0.56, 1.05) 0.88 (0.61, 1.27) 

G
oo

d 
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5 Year SEER Mortality Riskb 
      Category 2  
      Category 3 

 
0.97 
1.03 

 
(0.14, 6.29) 
(0.21, 5.21) 

 
3.45 
1.77 

 
(0.38, 31.6) 
(0.26, 11.9) 

Age 0.95 (0.88, 1.02) 1.11 (1.01, 1.22) 
White 0.14 (0.01, 1.59) 9.21 (0.63, 135) 
Female 0.71 (0.16, 3.14) 2.53 (0.44, 14.5) 
IDU 1.09 (0.16, 7.22) 0.30 (0.03, 2.93) 
No Treatmentc 1.78 (0.54, 5.92) 1.78 (0.54, 5.92) 
No ART 1.36 (0.27, 6.95) 1.15 (0.16, 8.34) 
Hepatitis C 0.62 (0.12, 3.23) 5.64 (0.75, 42.4) 
Baseline CD4d 

      ≤350 
      351-500 

 
0.89 
1.20 

 
(0.10, 8.26) 
(0.16, 9.25) 

 
3.94 
2.73 

 
(0.22, 69.4) 
(0.19, 38.8) 

Immunosuppressive Treatment 0.53 (0.12, 2.36) 0.73 (0.12, 4.27) 
Longitudinal CD4e 0.59 (0.35, 0.98) 1.06 (0.54, 2.08) 

So
lid
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um
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5 Year SEER Mortality Riskb 
      Category 2  
      Category 3 

 
0.23 
1.16 

 
(0.04, 1.26) 
(0.29, 4.71) 

 
8.33 
4.35 

 
(1.33, 52.3) 
(0.93, 20.4) 

Age 0.97 (0.91, 1.03) 1.05 (0.98, 1.12) 
White 0.96 (0.19, 4.93) 1.45 (0.25, 8.33) 
Female 0.94 (0.31, 2.79) 1.23 (0.37, 4.13) 
IDU 6.44 (1.31, 31.6) 0.20 (0.04, 1.11) 
No Treatmentc 2.65 (1.29, 5.42) 2.65 (1.29, 5.42) 
No ART 2.67 (0.80, 8.90) 0.73 (0.19, 2.86) 
Hepatitis C 0.33 (0.07, 1.47) 2.07 (0.40, 10.6) 
Baseline CD4d 

      ≤350 
      351-500 

 
1.46 
0.72 

 
(0.26, 8.09) 
(0.12, 4.32) 

 
0.57 
1.61 

 
(0.09, 3.78) 
(0.23, 11.3) 

Immunosuppressive Treatment 1.99 (0.64, 6.23) 0.79 (0.23, 2.64) 
Longitudinal CD4e 0.81 (0.55, 1.19) 0.88 (0.57, 1.37) 

a   95% confidence interval are asymptotic and based on the Wald statistics. 
b   5 year mortality risk based on SEER estimates for an individual’s particular cancer type and stage. For total population 
and solid tumors: Category 1=(0.0-0.323) (REF), Category 2=(0.324-0.648), Category 3=(0.649-0.973); For good 
prognosis strata: Category 1=(0.0-0.147) (REF), Category 2=(0.148-0.296), Category 3=(0.297-0.444) 
c   HR for no treatment was estimated for both ADI and non-AIDS death combined, rather than separately due to model fit 
d   Baseline CD4 in cells/mm3 categories: ≤350, 351-500, >500 (REF) 
e  Longitudinal CD4 is a linear predictor from the longitudinal model, is lagged by 6 months, and is scaled by 100 cells
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Table S4.26 Longitudinal results of the cause-specific joint longitudinal survival model with HIV log10 viral load measures, incident AIDS defining 
illness (ADI), and non-AIDS death among the total, good prognosis, and solid tumor populations. 
 

 Total Population Good Prognosis Solid Tumor 
Covariate Estimate 95% CIa Estimate 95% CIa Estimate 95% CIa 

Intercept 1.78 (1.36, 2.20) 1.60 (1.13, 2.07) 2.20 (1.79, 2.62) 
Time 
      Spline 1 
      Spline 2 

 
-2.41 
-3.09 

 
(-2.82, -2.01) 
(-4.05, -2.14) 

 
-1.70 
-3.19 

 
(-2.41, -1.00) 
(-4.65, -1.72) 

 
-1.66 
-1.58 

 
(-2.39, -0.93) 
(-2.50, -0.66) 

Immunosuppressive Treatment 0.03 (-0.23, 0.29) 0.21 (-0.13, 0.54) 0.17 (-0.17, 0.51) 
Unsuppressed VLb 1.84 (1.55, 2.14) 1.94 (1.42, 2.46) 1.73 (1.44, 2.03) 
Propensity Scorec 

      Spline 1 
      Spline 2 
      Spline 3 
      Spline 4 

 
0.10 
0.54 
0.76 
0.20 

 
(-0.36, 0.55) 
(0.10, 0.98) 

(-0.24, 1.77) 
(-0.25, 0.65) 

 
0.10 
0.80 
0.83 
0.17 

 
(-0.46, 0.65) 
(0.25, 1.34) 

(-0.36, 2.01) 
(-0.40, 0.74) 

 
-0.24 
-0.30 
-0.17 
0.33 

 
(-0.69, 0.20) 
(-0.66, 0.05) 
(-1.08, 0.73) 
(-0.13, 0.78) 

Time* Immuno. Trt. 
      Spline 1* Immuno. Trt. 
      Spline 2* Immuno. Trt. 

 
0.99 
2.61 

 
(0.50, 1.48) 
(1.56, 3.66) 

 
0.46 
2.83 

 
(-0.42, 1.35) 
(1.08, 4.58) 

 
0.67 
1.04 

 
(-0.32, 1.66) 
(0.02, 2.07) 

Immuno. Trt.* Unsuppressed VL -0.45 (-0.82, -0.07) -1.24 (-1.84, -0.65) -0.38 (-0.73, -0.03) 
a   95% confidence interval are asymptotic and based on the Wald statistics. 
b   Unsuppressed VL= baseline HIV Viral Load >400 copies/mL 
c   Propensity score is the predicted probability of receiving immunosuppressive cancer treatment conditional on age, sex, race (non-Hispanic black vs. other), history of injection drug 
use, baseline CD4 modeled with natural cubic splines, ART use at baseline, hepatitis C, and prior AIDS diagnosis at baseline.
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Table S4.27 Survival results of the cause-specific joint longitudinal survival model with HIV log10 
viral load, ADI, and non-AIDS death in the total, good prognosis, and solid tumor populations. 

 Covariate ADI Non-AIDS Death 
 HR 95% CIa HR 95% CIa 

To
ta

l P
op

ul
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5 Year SEER Mortality Riskb 
      Category 2  
      Category 3 

 
1.00 
2.91 

 
(0.30, 3.27) 
(0.70, 12.1) 

 
1.53 
1.72 

 
(0.41, 5.75) 
(0.36, 8.15) 

Age 0.98 (0.92, 1.05) 1.05 (0.98, 1.13) 
White 0.21 (0.03, 1.74) 8.03 (0.89, 72.1) 
Female 0.63 (0.20, 1.99) 1.72 (0.49, 6.06) 
IDU 2.75 (0.69, 10.9) 0.41 (0.09, 1.83) 
No Treatmentc 3.64 (1.80, 7.38) 3.64 (1.80, 7.38) 
No ART 1.02 (0.21, 5.01) 1.42 (0.26, 7.89) 
Hepatitis C 0.55 (0.14, 2.20) 1.63 (0.36, 7.43) 
Baseline CD4d 

      ≤350 
      351-500 

 
1.75 
1.74 

 
(0.38, 8.09) 
(0.31, 9.72) 

 
1.28 
1.07 

 
(0.24, 6.90) 
(0.16, 7.18) 

Immunosuppressive Treatment 2.48 (0.78, 7.87) 0.87 (0.26, 2.84) 
Longitudinal Viral Loade 1.17 (0.68, 2.00) 1.46 (0.80, 2.65) 

G
oo

d 
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5 Year SEER Mortality Riskb 
      Category 2  
      Category 3 

 
1.37 
2.02 

 
(0.16, 11.6) 
(0.38, 10.6) 

 
3.15 
0.93 

 
(0.27, 37.1) 
(0.13, 6.85) 

Age 0.99 (0.91, 1.07) 1.08 (0.98, 1.19) 
White 0.17 (0.02, 1.55) 6.32 (0.52, 76.5) 
Female 0.62 (0.14, 2.73) 2.22 (0.37, 13.3) 
IDU 0.75 (0.12, 4.71) 0.65 (0.07, 5.83) 
No Treatmentc 2.19 (0.60, 7.95) 2.19 (0.60, 7.95) 
No ART 0.56 (0.06, 5.46) 2.54 (0.19, 33.5) 
Hepatitis C 1.41 (0.29, 6.94) 2.27 (0.32, 16.1) 
Baseline CD4d 

      ≤350 
      351-500 

 
3.85 
2.96 

 
(0.42, 35.6) 
(0.32, 27.0) 

 
1.69 
1.63 

 
(0.10, 29.8) 
(0.09, 28.7) 

Immunosuppressive Treatment 0.98 (0.23, 4.16) 0.77 (0.14, 4.35) 
Longitudinal Viral Loade 1.14 (0.49, 2.66) 1.46 (0.52, 4.15) 

So
lid

 T
um
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5 Year SEER Mortality Riskb 
      Category 2  
      Category 3 

 
0.13 
1.09 

 
(0.01, 1.38) 
(0.22, 5.55) 

 
12.2 
4.53 

 
(1.05, 141) 
(0.77, 26.6) 

Age 0.97 (0.88, 1.06) 1.07 (0.97, 1.18) 
White 0.59 (0.06, 5.43) 2.59 (0.26, 26.1) 
Female 0.80 (0.21, 3.01) 1.11 (0.26, 4.66) 
IDU 4.98 (0.84, 29.5) 0.26 (0.04, 1.71) 
No Treatmentc 2.79 (1.27, 6.16) 2.79 (1.27, 6.16) 
No ART 1.89 (0.32, 10.8) 0.73 (0.11, 4.87) 
Hepatitis C 0.37 (0.07, 2.06) 1.90 (0.30, 12.0) 
Baseline CD4d 

      ≤350 
      351-500 

 
1.52 
0.51 

 
(0.29, 8.05) 
(0.06, 4.34) 

 
1.06 
3.10 

 
(0.17, 6.47) 
(0.31, 31.0) 

Immunosuppressive Treatment 5.56 (1.21, 25.5) 0.40 (0.08, 2.39) 
Longitudinal Viral Loade 1.27 (0.68, 2.39) 1.31 (0.66, 2.63) 

a   95% confidence interval are asymptotic and based on the Wald statistics. 
b  5 year mortality risk based on SEER estimates for an individual’s particular cancer type and stage. For total population 
and solid tumors: Category 1=(0.0-0.323) (REF), Category 2=(0.324-0.648), Category 3=(0.649-0.973); For good 
prognosis strata: Category 1=(0.0-0.147) (REF), Category 2=(0.148-0.296), Category 3=(0.297-0.444) 
c   HR for no treatment was estimated for both ADI and non-AIDS death combined, rather than separately due to model fit 
d   Baseline CD4 in cells/mm3 categories: ≤350, 351-500, >500 (REF) 
e   Longitudinal log10 HIV viral load is incorporated as a linear predictor from the longitudinal model
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6. Conclusions 

6.1 Summary of Findings 
 
 This analysis focused on cancer outcomes among people with HIV (PWH) in the 

United States in the era of antiretroviral therapy (ART). Information about PWH 

diagnosed with an incident, first cancer while enrolled in the Johns Hopkins HIV Clinical 

Cohort (JHHCC) between 1996 and 2014 was used in all three aims. We obtained 

information on cancer stage and treatment from the Maryland Cancer Registry for these 

patients. As a non-HIV positive comparator group in the first aim, we examined people 

diagnosed with similar cancers to those in the JHHCC between 2000 and 2014 using the 

National Cancer Institute’s SEER cancer registries, representative of cancer diagnoses 

in the general US population. Those with HIV had cancers that were both more likely to 

be diagnosed at a localized stage and more likely to be diagnosed at a regional stage. 

These results persisted when examining only non-AIDS defining cancers (NADC), only 

cancers among women, and only cancers among men. When comparing the probability 

of receiving any cancer treatment by HIV status, we found no significant differences. 

Among PWH, 83% received any initial cancer treatment, while 87% of those without HIV 

received initial treatment, represented by SEER. The percent difference between those 

with and without HIV was slightly larger among PWH with lower CD4. The results were 

similar when restricting the analysis to only NADCs, males, and a sensitivity analysis 

among cancers where surgery was a common first treatment modality. Women with HIV 

and CD4 less than 200 cells/mm3 were observed to have a 14% lower probability of 

cancer treatment as compared to women without HIV. At higher levels of CD4, women 

had higher treatment rates than men, but at lower levels of CD4, women had lower 

treatment rates than men.  
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 We then compared 5-year restricted mean survival time (RMST) to all-cause 

mortality following cancer diagnosis by HIV status and found a significant reduction of 

5.4 months for those with HIV compared to those without HIV, when accounting for 

cancer type and demographic characteristics. This difference was attenuated and fully 

explained by differences in stage at diagnosis and cancer treatment. When examining 

differences in RMST stratifying the JHHCC by baseline CD4, we found larger reductions 

in mean survival for those with HIV who had a CD4 less than 200 at cancer diagnosis as 

compared to SEER. Upon further stratification, we found that this difference was most 

prominent among women with HIV and low CD4, with over an 11 month reduction in 

survival despite accounting for cancer type, stage at diagnosis, cancer treatment, and 

demographic covariates.  

 In order to provide more clinical information how immune status can influence 

outcomes after cancer diagnosis in PWH, we examined the effect of cancer treatments 

on CD4 cell count trajectories and the association between those trajectories and all-

cause mortality. We also examined HIV viral load in this context to see if different cancer 

treatment types had an effect on adherence, as measured via viral load, and to account 

for the association between adherence and CD4. We determined that chemotherapy and 

radiation had similar effects on CD4 decline and thus examined their use as one 

exposure category, immunosuppressive treatment. Those undergoing 

immunosuppressive treatment were compared to those undergoing non-

immunosuppressive treatment (i.e. no chemotherapy or radiation). We found that 

immunosuppressive treatment resulted in a sharp CD4 decline (approximately 200 

cells/mm3) following the initiation of cancer treatment and that this decline was 

attenuated for those who had lower CD4 at baseline, presumably because CD4 has a 

lower bound of 0 cells/mm3 and individuals with low CD4 can only decline so much.  
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We also found that immunosuppressive treatment was not associated with 

changes in viral load among those who were virally suppressed at baseline, but it was 

associated with a decline in viral load among those who were unsuppressed. 

Presumably, individuals undergoing immunosuppressive treatment, e.g. several rounds 

of chemotherapy, are being monitored more frequently and thus their HIV viral load and 

ART adherence might improve with more provider follow-up. Increases in longitudinal 

CD4 following cancer treatment were associated with a reduction in the hazard of all-

cause mortality. Conversely, increases in longitudinal HIV viral load were associated 

with an increase in all-cause mortality. These associations were similar when examined 

jointly.  

 Causes of death in PWH following a diagnosis of cancer are likely to be due to 

either HIV/AIDS progression or cancer progression, and because these two events 

preclude the occurrence of the other, they are competing events. We examined the 

association between longitudinal CD4 following cancer diagnosis in PWH and incident 

ADI/AIDS-death accounting for the competing event of non-AIDS death. Non-AIDS 

death in this context was presumed to be largely attributed to cancer-specific mortality 

and was a competing event for incident ADI/AIDS-death. We found trends towards 

reductions in the hazard of incident ADI/AIDS-death associated with increases in 

longitudinal CD4; however, the estimates were not significant in the total population, only 

among the good prognosis sensitivity analysis. We did find a significant decline in both 

the cause-specific and subdistribution hazard of non-AIDS death associated with 

increased longitudinal CD4. These results were robust to the inclusion of longitudinal 

viral load in the model. 



 186 

6.2 Public Health and Clinical Practice Implications 

A consistent finding across all three aims was the importance of CD4 cell count 

in cancer outcomes among PWH. Lower CD4 cell count at cancer diagnosis, a marker of 

immunosuppression, resulted in lower cancer treatment rates, shorter median survival 

following cancer diagnosis, and was associated with lower CD4 recovery following 

cancer treatment. Earlier diagnosis, earlier ART initiation, and improved ART adherence 

are all important factors in maintaining and improving immune status in PWH. 

Coordination between public health entities and clinicians are needed to appropriately 

implement HIV screening and linkage to care in the United States in order to achieve 

these outcomes.  

Another finding was the importance of long-term CD4 trajectories in cancer 

outcomes among PWH. There was a protective effect of higher CD4 on the risk of all-

cause mortality, incident AIDS defining illnesses, and non-AIDS death during and 

following cancer treatment. Lower CD4 levels associated with cancer treatment rather 

than poor adherence or late entry into care also resulted in worse cancer outcomes. This 

implies that the strategies to improve earlier entry into care and adherence are not 

enough to address our findings. Our results suggest that PWH might benefit from 

adaptations to current cancer treatment recommendations in order to reduce CD4 

declines associated with immunosuppressive treatment. More research is needed to 

assess the trade-offs between less immunosuppressive treatment and providing 

treatment that is adequate to control an individual’s cancer. 

For particular cancer types and stages, current recommendations may allow for a 

choice between surgical treatment and/or surgical treatment plus chemotherapy and/or 

radiotherapy. In these instances, our results suggest that the choice of less 

immunosuppressive treatment may be beneficial to patients with HIV. Similarly, some 

instances may allow for a choice between concurrent or sequential chemotherapy and/or 
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radiation regimens. We observed among those with baseline CD4>350 that even over 

the course of 5 years, individuals with immunosuppressive therapy would not achieve 

parity in CD4 levels with those who did not receive immunosuppressive therapy. This 

suggests that electing treatment regimens that minimize the initial decline associated 

with treatment might be beneficial to patients with HIV. It is important to further assess 

what the potential effect of concurrent versus sequential therapy would have on CD4 

decline and recovery. Presumably, a larger initial decline would be associated with 

concurrent cancer treatments, resulting in a longer recovery, while sequential therapy 

would likely reduce initial decline but may prolong the CD4 recovery process.  

6.3 Strengths and Limitations 

 Our analyses have several strengths. First, we had comprehensive clinical 

information relevant to HIV care, including laboratory measures, HIV treatment 

information, clinically-reviewed AIDS defining illnesses, and time-updated information 

other demographic, clinical, and behavioral measures relevant to people with HIV. 

Secondly, we were able to link clinician-validated cancer cases in our clinical database 

to treatment and staging information in the state cancer registry. This provided us with 

cancer information not often contained in HIV cohorts, and because the Maryland 

Cancer Registry follows the same codebook as SEER, we were able to compare 

outcomes with a large collection of cancer registries. Thirdly, we employed several 

methods that are uncommon but useful for epidemiologic analyses, including G-

computation, random forest and random survival forest methods, joint longitudinal 

survival models, and joint longitudinal survival models with competing time-to-event 

outcomes. This allowed us to describe and promote the use of these methods through 

their application in our analyses. Finally, we were able to expand the very limited 

knowledge regarding the clinical outcomes of cancer in people with HIV.  
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 There were several limitations associated with our analyses. A key limitation of 

this analysis was the lack of detailed information on cancer treatment. We did not have 

specific cancer treatment regimens, dose, or duration of treatment, nor did we have 

information on any second or third courses of cancer treatment. This likely introduced 

heterogeneity into results, particularly for the longitudinal models. It also limited our 

ability to examine differences in cancer treatment by HIV status with regards to the 

appropriateness of treatment. Another limitation of the analysis was the sample size of 

PWH with cancer. Ideally, we would have liked to examine each cancer type and/ cancer 

treatment separately to provide more precise clinical guidance and show consistency of 

our results across cancers. We did examine this somewhat in Aim 1 with a sensitivity 

analysis but the relevance of our results to clinical providers and their interpretation of 

the findings is certainly limited by the lack of specific results for a particular cancer. We 

were also limited by the current state of the literature with regards to joint longitudinal 

survival model in the setting of competing risks. Diagnostics for these models are 

somewhat limited and the significance of our results, but not the inferences,  in the non-

AIDS death models changed when the competing events were modeled jointly versus in 

separately cause-specific models. These results were also seemingly counterintuitive to 

what would be expected in a competing events framework.  

Another limitation of this analysis is that we did not account for frequency of 

clinical visits or laboratory measures in the joint longitudinal survival models. Individuals 

with fewer clinical visits could have had an incident AIDS defining illness that went 

unmeasured and we could have missed changes in CD4 or viral load that occurred 

during gaps in clinical care. However, because we included information from death 

certificates, we presume that nearly all mortality is captured. Finally, the generalizability 

of our results is limited because we have a population of PWH who are engaged in HIV 

care, which would likely represent the best possible outcomes among PWH in the US. 
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Conversely, our population is also more black and consists of more individuals’ whose 

HIV acquisition risk is injection drug use than what is typical of PWH in the US, which 

are two groups that have historically been clinically underserved. 

6.4 Recommendations for Future Research and Policy 

As cancer becomes an increasingly common comorbidity for PWH, more 

information on expected clinical course and oncologic guidelines tailored to PWH are 

needed. As of now, there is a dearth of information on the clinical course for these 

patients. We attempted to shed light on many open questions, including the effect of HIV 

on cancer stage, disparities in the rates of cancer treatment, differences in mortality after 

cancer by HIV status, the effect of immune suppression in PWH on mortality, and the 

extent to which AIDS progression and/or cancer progression is associated with immune 

suppression in PWH following a cancer diagnosis. Future research should help replicate 

these findings in larger datasets of PWH diagnosed with cancer, ideally datasets that 

have more comprehensive cancer treatment information. Given that we did observe 

differences in cancer stage, there is a need for more information on the risk factors for 

more advanced stage at diagnosis in PWH. We should also assess to what extent PWH 

in and out of cancer care are receiving cancer screenings and how effective these 

cancer screenings are at preventing morbidity and mortality in PWH under the current 

guidelines. 

Our findings suggest a strong role of immune suppression in mortality following 

cancer treatment. Further research comparing more and less immunosuppressive 

cancer treatments among PWH should be conducted, ideally among a particular cancer 

type and stage and in a setting where the efficacy of the two treatments is considered to 

be similar. Our findings with regards to immune suppression also suggest future 

directions for studies examining the effect of immune suppression on cancer-specific 
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mortality in people with HIV. Previous studies have either not included CD4 measures or 

have only included CD4 at baseline; however, our results suggest that more proximal, 

time-updated CD4 measures best account for the risk of mortality in PWH with cancer.  

Future research on how to incorporate subdistribution hazards into joint 

longitudinal survival models with competing risks should be examined. We found that the 

results from a cause-specific joint model where the two competing events were jointly 

modeled did not align with the cause-specific joint models when the two events were 

modeled separately. Furthermore, the results did not align with the expected results 

based on the subdistribution models. While joint longitudinal survival models are quite 

useful in epidemiology, most of the literature is geared towards a biostatistics audience 

and a review of the implementation of these models for an epidemiologic audience 

would help promote their adoption.  

Finally, a consistent theme in our results is the importance of maintaining a 

higher CD4 among people with HIV in order to improve morbidity and mortality. 

Generally speaking, it is known that earlier diagnosis and improved adherence to ART 

will translate to higher CD4. The challenge is the implementation of this at a population 

level, particularly among harder-to-reach populations. Beyond extensive population level 

interventions to identify those who are undiagnosed and to improve linkage to and 

engagement in clinical care, it is unlikely that improvements in treatment and clinical 

care for those who are already engaged in care will be enough to reduce disparities in 

morbidity and mortality between people with HIV and people without HIV. 
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and Access programs for 3,000,000+ data points. Trained 
data management staff on common data reporting errors 
and data management best practices. Prepared 
presentations for HSCT physicians on survival, relapse, 
and transplant complications data.  

            
August 2009 - April 2010 Field Researcher, Client Education Initiative- Sinapi Aba 

Trust, Kumasi, Ghana  
  

Helped design an entrepreneurship and public health 
curriculum for 90,000 low-literacy microfinance clients. 
Coordinated research activities and data collection 
between Ghana and US research teams. 

 
Jan 2007 - May 2009 Student Advocate, Lift (formerly National Student 

Partnerships), Baltimore, MD 
 
    Worked one-on-one with low-income clients to facilitate 
    goal planning, resource access, and career development.   
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Sept 2007 - May 2008 Research Assistant, Johns Hopkins Bloomberg School of 
Public Health, Baltimore, MD  

        
    Worked in Dr. Valeria Culotta’s lab preparing media and 
    sanitizing equipment for research activities. 
         
SKILLS 
 
Foreign Languages:  Spanish – Conversational 
Computing skills: R, Stata, SAS, Mplus 
  
TEACHING EXPERIENCE 
 
Fall 2015 Lead Teaching Assistant, Johns Hopkins Bloomberg 

School of Public Health, Baltimore, MD              
 
Led laboratory discussions, edited exams, and moderated 
an online discussion forum for an introductory 
epidemiology course of approximately 300 students. 
Developed and taught a two-hour review session for the 
final exam.  
 
Course: Epidemiologic Inference in Public Health I (Dr. 
David Celentano, Dr. Jennifer Deal, Dr. Elizabeth Platz) 

 
Summer 2015 Teaching Assistant, Johns Hopkins Bloomberg School of 

Public Health, Baltimore, MD              
 
Participated in laboratory discussions, attended lectures, 
and held office hours for a condensed introductory course 
in the Epidemiology and Biostatistics Summer Institute 
2014 
 
Course: Principles of Epidemiology (Dr. Lechaim Naggan) 

 
Spring 2014, Spring 2015 Teaching Assistant, Johns Hopkins Bloomberg School of 

Public Health, Baltimore, MD              
 
Assisted in laboratory discussions, helped write homework 
and exam questions, held TA office hours, attended all 
lectures, provided feedback on student presentations, and 
helped grade final exams. 
 
Course:  Methodological Challenges in Epidemiologic 
Research (Dr. Alison Abraham, Dr. Thomas Glass, Dr. 
Bryan Lau) 

 
2013 – 2015  Lead Teaching Assistant, Johns Hopkins Bloomberg 

School of Public Health, Baltimore, MD  
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Lead TA for three online courses in the 2013-2014 school 
year, three online courses in the 2014-2015, two online 
courses in the Epidemiology and Biostatistics Summer 
Institute 2014 and two in person courses in the 
Epidemiology and Biostatistics Summer Institute 2014. 
Organized student group presentations and course live 
talks, helped write homework and course exam questions, 
graded course presentations and final papers, and held 
online office hours and answered student questions via 
email.  
 
Courses:  Epidemiology and Natural History of Human 
Viral Infections, Epidemiology and Public Health Impact of 
HIV/AIDS, Advanced Topics in HIV/AIDS (Dr. Homayoon 
Farzadegan) 

 
HONORS AND AWARDS 
 
2018    Conference on Retroviruses and Opportunistic Infections 

New Investigator Award 
 

2017    The Marilyn Menkes Book Award 
 
2005 – 2009    AT&T Foundation Scholarship 
 
PUBLICATIONS 
 
Anthony Fojo, Catherine R Lesko, Keri L Calkins, Richard D Moore, Mary E McCaul, 
Heidi E Hutton, William C Mathews, Heidi Crane, Katerina Christopoulos, Karen 
Cropsey, Michael Mugavero, Kenneth Mayer, Brian W Pence, Bryan Lau, Geetanjali 
Chander. The Association between Heavy Alcohol Use and Decreased Virologic 
Suppression in Persons with HIV Depends on Concurrent Symptoms of Depression. 
AIDS and Behavior. Under Review March 2018.  
 
Keri L Calkins, Chelsea E Canan, Richard D Moore, Catherine R Lesko, Bryan Lau. An 
Application of Restricted Mean Survival Time in a Competing Risks Setting: Comparing 
Time to ART Initiation by Injection Drug Use. BMC Medical Research Methodology, 
March 2018. In Press. 
 
Alison G Abraham, Long Zhang, Keri Calkins, Adrienne Tin, Andrew Hoofnagle, Frank J 
Palella Jr, Michelle M Estrella, Lisa P Jacobson, Mallory D Witt, Lawrence A Kingsley, 
Todd T Brown. Vitamin D status and immune function reconstitution in HIV-infected men 
initiating therapy in the Multicenter AIDS Cohort Study. AIDS, Feb. 2018. In Press. 
 
Keri L Calkins, Catherine R Lesko, Geetanjali Chander, Richard D Moore, and Bryan 
Lau. Influence of Injection Drug Use-Related HIV Acquisition on CD4 Response to First 
Antiretroviral Therapy Regimen among Virally Suppressed Individual. Journal of 
Acquired Immune Deficiency Syndrome. Nov. 2017 [Online publication ahead of print] 
PMID: 29210833 
 
Eric B Schneider, Keri L Calkins, Matthew J Weiss, Joseph M Herman, Christopher L 
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Wolfgang, Martin A Makary, Nita Ahuja, Adil H Haider, Timothy Pawlik. Race-Based 
Differences in Length-of-Stay among Patients Undergoing Pancreaticoduodenectomy. 
Surgery. Vol. 156, No. 3, pp. 528–537, Sep. 2014. 
 
POSTERS/PRESENTATIONS 
 
Keri Calkins, Geetanjali Chander, Corinne Joshu, Anthony T Fojo, Richard D Moore, 
Bryan Lau. Cancer stage, treatment, and survival comparing HIV clinic enrollees and 
SEER. Conference on Retroviruses and Opportunistic Infections 2018. Boston, MA 
[Poster] 
 
Alison G Abraham, Keri Calkins, Bryan Lau, Long Zhang, Adrienne Tin, Andy 
Hoofnagle, Frank J Palella Jr, Mallory D Witt, Lawrence A Kingsley, Lisa P Jacobson, 
Todd T Brown. Vitamin D status at therapy initiation and immune function reconstitution 
in HIV-infected men in the Multicenter AIDS Cohort Study. AIDS 2016. Durban, South 
Africa [Poster] 
 
Geoff Dougherty, Keri Calkins, Avery Comarow, Ben Harder. Validity of Provider 
Rankings Based on Hospital-Acquired Conditions: Do Sensitivity and Specificity Matter? 
AcademyHealth Annual Research Meeting 2016. Boston, MA [Poster] 
 
Keri Calkins, Chelsea Canan, Richard Moore, Catherine Lesko, Bryan Lau. Differences 
in restricted mean time to ART initiation by injection drug use. Society for Epidemiologic 
Research- The Epidemiology Congress of the Americas 2016. Miami, FL [Presentation] 
 
Keri Calkins, Aparajita Singh, Joseph K Canner, Eric B Schneider. Emergency 
Department Presentation, Admission and Surgical Intervention for Crohn's Disease and 
Ulcerative Colitis in the United States. Digestive Disease Week 2016. San Diego, CA 
[Poster] 
 
Geoff Dougherty, Keri Calkins, Avery Comarow, Ben Harder. Measuring hospital-
acquired conditions: Opportunities to improve validity of inter-hospital comparisons. The 
27th Annual National Forum on Quality and Improvement in Health Care 2015. Orlando, 
FL [Poster] 
 
Keri Calkins, Joseph J. Eron, Alison G Abraham, Kate Buchacz, Michael A Horberg, 
Janet Tate, Sonia Napravnik, Richard Moore, Ronald Bosch, Bryan Lau. CD4 
reconstitution is related to CD4 at effective antiretroviral treatment initiation. International 
AIDS Society 2015. Vancouver, Canada [Poster] 
 
Eric B Schneider, Keri L Calkins, Matthew J Weiss, Christopher L Wolfgang, Martin A 
Makary, Nita Ahuja, Adil H Haider, Timothy M Pawlik. Black and Hispanic 
Pancreaticoduodenectomy Patients Are Treated by Lower Volume Providers and Have 
Longer Hospital Stays Compared with White Patients. Academic Surgical Congress 
2014. San Diego, CA [Poster] 
 
Keri Calkins, Lauren Fackler, Samuel Gammerman. Ways to Obtain Data from 
Referring Physicians. CIMBTR/NMDP Clinical Research Professionals Data 
Management Conference 2011. Minneapolis, MN. [Presentation] 
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COMMUNITY SERVICE/LEADERSHIP 
 
Sept 2016 – May 2017  Student Faculty Representative, Epidemiology Student 

Organization, Johns Hopkins Bloomberg School of Public 
Health, Baltimore, MD 

 
 Attended on Department of Epidemiology faculty meetings. 

Provided notes and updates to students on any relevant 
curriculum or policy changes. 

 
Sept 2015 – May 2016  President, Epidemiology Student Organization, Johns 

Hopkins Bloomberg School of Public Health, Baltimore, 
MD 

 
 Organized and catered monthly meetings of the 

Epidemiology Student Organization (ESO). Oversaw the 
operations of other ESO chairs and events. Met regularly 
with Department of Epidemiology leadership to discuss 
student issues. Conducted a survey among students of 
new teaching assistant policy and provided feedback to 
department chairs. 

  
Sept 2013 – May 2014 Community Service Chair, Epidemiology Student 

Organization, Johns Hopkins Bloomberg School of Public 
Health, Baltimore, MD 

 
Networked with local NGOs to find service opportunities for 
epidemiology students. Helped to organize a teaching and 
mentorship project for high school students to introduce 
them to careers in public health. 

 
Aug 2012 – Aug 2014 Member/Symposium Coordinator, Baltimore Harm 

Reduction Coalition, Baltimore, MD 
 

Organized two annual symposiums and a lecture series on 
harm reduction. Responsibilities included budget 
preparation, fundraising, advertisement, catering 
coordination, and scheduling. Participated and lead 
various volunteer and advocacy projects in Baltimore 
focused on harm reduction principles including street 
outreach to sex workers and organizing HIV advocacy 
town halls. 

 
 

 
 


