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Abstract: Background/Objectives: Human immunodeficiency virus type 1 (HIV-1) persists in 

individuals on combination antiretroviral therapy (cART) due to the existence of latent reservoirs 

that evade immune detection. Although shock-and-kill strategies utilizing latency-reversing agents 

(LRAs) aim to reactivate and eliminate these reservoirs, their effectiveness is limited by cART's lack 

of cytotoxicity, which means LRA treatments fail to eliminate the infected cell population. As a result, 

treatment cessation results in rapid viral rebound. This study introduces and evaluates a novel HIV-

1 LTR-driven therapeutic construct that reactivates latent HIV-1 cells and directly eliminates both 

latent and active infected cells, independent of immune clearance. Methods: We employed a dual 

computational modeling approach to assess the efficacy of the HIV-1 LTR-driven therapeutic 

construct. A system of SBML-based ODE models was used to analyze population-level trends in viral 

suppression and reservoir reduction over time. Additionally, ABMs implemented in NetLogo 

provided insights into spatial and stochastic interactions between infected cells and therapeutic 

agents. Both models compared the novel construct to conventional cART and LRA-based shock-and-

kill strategies by tracking changes in both detectable and total active, reactivated, and latent HIV-1 

reservoirs. Results: The novel treatment monotherapy reduced the HIV-1 population by 96.26% (p < 

0.0001), with a cytotoxic efficacy of 99.27% (p < 0.0001). This resulted in a 93.17% greater reduction in 

the viral reservoir compared to the cART-LRA polytherapy. Sensitivity analyses highlighted the role 

of key kinetic parameters in treatment efficacy. Variations in k₃ and kLRA in the novel treatment model 

showed a consistent reduction in the viral reservoir, with higher values leading to greater efficacy. 

ABM results demonstrated that in the experimental group, treatment resulted in a 1.39% increase in 

healthy CD4+ T cells, a 12.00% reduction in latent HIV-1 cells, and a statistically significant decline in 

active HIV-1 cells. Conclusions: This study demonstrates that the novel HIV-1 LTR-driven 

therapeutic construct significantly improves upon current shock-and-kill strategies by directly 

eliminating both latent and active HIV-1-infected cells with high cytotoxic efficacy. By utilizing the 

diphtheria toxin A (DTA) suicide gene, this construct overcomes the limitations of cART and LRA 

polytherapies, which fail to eradicate infected cells, rather depending on suppression. Computational 

modeling results show that the construct substantially reduces both detectable and total viral 

reservoirs, providing a promising adjunct to existing HIV-1 treatment strategies. These findings serve 

as a foundation for future in vitro and in vivo research and contribute to the development of a 

functional cure for HIV-1. 

Keywords: HIV; in silico; latent; HIV latency; HIV Reactivation; latency-reversing agents 

 

1. Introduction  

The human immunodeficiency virus type 1 (HIV-1) is a lentivirus that primarily infects CD4+ T- 

T-lymphocytes, leading to progressive immune system deterioration and, if left untreated, the onset 
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of acquired immunodeficiency syndrome (AIDs). In 2023, approximately 1.3 million people 

contracted HIV, and 630,000 deaths were attributed to HIV-related complications [1].  

Combination antiretroviral therapy (cART) is considered the standard for HIV treatment, 

working to suppress viral replication of infected cells, thereby preventing the virus from replicating 

and infecting adjacent cells. cART is composed of 6 primary drug classes, each of which targets a 

phase of the HIV-1 life cycle in active HIV-1 cells [2,3]. cART has been shown to be extremely effective 

in reducing the detectable viral reservoir, as measured by the number of virion-producing cells. 

However, it is important to recognize that while cART is highly effective in reducing viremia, it has 

no cytotoxic impact on the cells it affects. Therefore, while cART can severely diminish the number 

of detectable cells, the actual active cell population remains stable and remains viable (even if they 

are undetectable), capable of rekindling infection or seeding new reservoirs upon treatment cessation 

[4–12].  

This phenomenon is corroborated by several recent studies which propose that during 

antiretroviral therapies, non-quiescent cells retain the capacity for replication within certain 

“sanctuary sites” in lymphoid tissues, thus sustaining the presence of the viral reservoir [13,14]. 

Lorenzo-Redondo et al. (2016) provided evidence that HIV-1 can continue to replicate in such tissues 

even when potent cART is being implemented. Through longitudinal analysis of peripheral blood 

and lymph node samples from patients over a six-month period, they posit that viral rebound 

detected in blood may arise not from the stochastic reactivation of latent cells, but from ongoing 

replication within these sanctuary sites [12].  

Moreover, cART is unable to achieve complete viral eradication of HIV-1 from infected 

individuals due to the persistence of quiescent reservoirs. Latency is maintained when HIV-1 

integrates itself into the host’s genome but does not produce virions, hampering the ability of cART 

treatments to detect and attack it, therefore necessitating lifelong cART treatment to maintain viral 

suppression. Then, at any given moment, the latent reservoir can reactivate and proliferate 

throughout the body [15,16]. Since cART is only able to prevent viral replication and the spread of 

HIV-1 when the virus is active, latency is the downfall of such treatments and the primary focus of 

contemporary HIV-1 research [2].  

To address the challenge of persistent HIV-1 reservoirs, researchers have developed “shock-and-

kill” treatments, which aim to induce viral reactivation, thereby exposing latently infected cells to 

immune clearance and antiretroviral-mediated suppression. These approaches rely on latency-

reversing agents (LRAs) to disrupt viral latency, followed by cART and immune-mediated 

cytotoxicity to eliminate reactivated cells [15,17]. Despite their promise, LRAs remain a developing 

field and have shown relatively low efficacy in reactivating latent HIV-1 [18]. Although recent 

breakthroughs in chromatin-modulating drugs, such as histone deacetylase inhibitors (HDACis), 

have improved LRA potency, their effectiveness in clearing reservoirs remains limited, with most 

treatments showing little to no reduction in the viral reservoir following LRA treatment [19]. Even 

when LRAs successfully induce reactivation, cART is still incapable of eliminating the reactivated 

cells. Instead, it merely suppresses new virion production, preventing further infection but leaving 

both active and reactivated cells intact and capable of reseeding reservoirs [7–10,12–14].  

These challenges underscore that while LRAs are becoming increasingly effective at reactivating 

latent HIV-1, their practical ability to eliminate active and reactivated cells remains minimal due to 

the lack of cytotoxicity from cART. Consequently, there is a growing demand for treatments capable 

of directly killing both active and reactivated HIV-1 cells with high cytotoxic efficacy, addressing the 

fundamental limitations of current LRA and cART-based approaches [20,21]. The research that has 

been done on directly eliminating active and reactivated HIV-1 cells largely focuses on CRISPR-

mediated strategies [22–24]. One widely cited study utilizes a CRISPR activation (CRISPRa) mediated 

shock-and-kill approach to eliminate reactivated HIV- 1 cells. In this approach, CRISPRa targets the 

HIV-1 long terminal repeat (HIV-1 LTR) promoter, inducing latent HIV-1 transcription and 

upregulating the expression of Tat and Rev, two viral regulatory proteins. Tat then binds to the HIV-

1 LTR, further amplifying transcription, while Rev facilitates the nuclear export of viral mRNA. This 
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dual activation triggers the expression of a tBid suicide gene, leading to the apoptosis of reactivated 

cells [23]. While this study exemplifies the commonly presented CRISPR-mediated shock-and-kill 

approaches, they also come with a number of challenges, such as immunogenicity, delivery, and high 

mutation rates [25–28]. Therefore, although such CRISPR-mediated strategies have shown potential 

in targeting latent HIV-1, further research is needed to assess their feasibility, safety, and effectiveness 

in clinical settings.  

Given these challenges concerning latent HIV-1 clearance and room to grow in the field of shock-

and-kill treatment methods, this study aims to introduce and evaluate the effectiveness of a novel 

HIV-1 LTR-driven therapeutic construct capable of directly reactivating latent cells and then 

eliminating these reactivated cells, as well as directly eliminating active HIV-1 cells, without reliance 

on immune clearance. This marker system uses the HIV-1 LTR promoter to drive the expression of 

the diphtheria toxin A (DTA) suicide gene. Upon reactivation, LTR transcription triggers DTA 

expression, which inhibits protein synthesis and induces apoptosis in infected cells. Unlike cART, 

which only suppresses viral replication, this system actively kills HIV-1-infected cells with supreme 

cytotoxicity, offering a more direct and effective approach to reducing the infected cell population. 

Through computational simulations validated with experimental data, we assess its impact on viral 

reservoir depletion, active HIV-1 suppression, and CD4+ T-cell restoration. Our findings indicate that 

the novel construct, particularly in combination with cART, significantly reduces latent and active 

HIV-1 populations while improving immune function. These results highlight its potential as a 

promising adjunct to existing shock-and-kill strategies, addressing key limitations in current HIV-1 

eradication efforts. 

2. Results 

2.1. Treatment Effectiveness Analysis  

2.1.1. cART and LRA Combination Therapy Model 

In this model, a latency-reversing agent (LRA) was introduced alongside cART to evaluate its 

impact on reducing both the detectable HIV-1 reservoir and the true HIV-1 population. Table 1 details 

the results displayed by this combination therapy in reducing both HIV-1’s reservoir populations and 

in reducing HIV-1 detectable virus levels. The polytherapy’s effectiveness in reducing the detectable 

viral reservoir was calculated to be 99.66% ( p < 0.0001). Its effectiveness in reducing the viral 

reservoir’s population was calculated to be 44.72% ( p < 0.0001).  

Table 1. cART and LRA Combination Therapy SBML Simulation Results. 

Category Detectable 

Virus (µM) 

p-value 

(Detectable) 

Viral Reservoir 

Population 

(µM) 

p-value 

(Population) 

Final Latent 

HIV Cells N/A N/A 0.00011509 <0.0001* 

Final Active 

HIV Cells 0.00009566 <0.0001* 0.03194142 <0.0001* 

Final 

Reactivated 

HIV Cells 0.00000126 <0.0001* 0.00209120 <0.0001* 
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* Indicates statistical significance. 

 

Figure 1. cART and LRA Combination Therapy Impact on Detectable HIV-1 Reservoirs. 

 

Figure 2. cART and LRA Combination Therapy Impacts on HIV-1 Reservoir Populations. 

2.1.3. Novel Treatment Monotherapy Model  

To isolate the novel construct's effects, this model simulated its administration without cART. 

Table 2 details the results displayed by the novel treatment in reducing both HIV-1’s reservoir 

populations and its ability to reduce HIV-1 detectable virus levels. The treatment was able to reduce 

the viral population by 96.26% ( p < 0.0001) and the cytotoxic efficacy of the marker was found to be 

99.27% ( p < 0.0001). Therefore, the novel treatment was projected to be 93.17% more effective in 

reducing the HIV-1 population when compared to the cART-LRA polytherapy.  

Table 2. Novel Treatment Monotherapy SBML Simulation Results. 

Category 
Detectable Virus 

(µM) 

p-value 

(Detectable) 

Viral Reservoir 

Population (µM) 

p-value 

(Population) 

Latent HIV Cells N/A N/A 0.00140950 <0.0001* 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 28 March 2025 doi:10.20944/preprints202503.0071.v2

https://doi.org/10.20944/preprints202503.0071.v2


 5 of 25 

 

Active HIV Cells 0.00044642 <0.0001* 0.00044642 <0.0001* 

Reactivated HIV 

Cells 
0.00000440 <0.0001* 0.00000440 <0.0001* 

* Indicates statistical significance. 

 

Figure 3. Treatment Monotherapy Impact on HIV-1 Reservoir. 

2.2. Sensitivity Analyses 

A sensitivity analysis was performed to delineate the impact of key kinetic parameters on 

treatment efficacy, focusing on the two critical rate constants modelled for the novel treatment: k3 

and kLRA (derivations detailed in Appendix A). We also ran a sensitivity analysis on the kLRA rate 

constant for the cART and LRA combination therapy model in order to compare the results with the 

sensitivity analyses of the treatment monotherapy.  

2.2.1. Impact of k3 on HIV-1 Dynamics - Treatment Monotherapy 

The parameter k3 regulates the dynamics of active and reactivated HIV-1 cells while having 

minimal impact on the latent reservoir, aside from reducing infection spread. The model began with 

initial concentrations of 9.375 × 10⁻⁴ μM latent HIV, 0.0615625 μM active HIV, and 0 μM reactivated 

HIV. Table 3 displays the results of the k3 sensitivity analysis on the reactivated cell population, 

active cell population, latent cell population, and the effectiveness of the marker in reducing the 

overall viral reservoir.  

Table 3. k3 Sensitivity Analysis Results. 

Value Latent Active Reactivated Viral Reservoir Reduction 

-10% 1.88582 × 10⁻³ μM 4.8297 × 10⁻⁴ μM 6.35 × 10⁻⁶ μM 96.20% 

-8% 1.88458 × 10⁻³ μM 4.7521 × 10⁻⁴ μM 6.25 × 10⁻⁶ μM 96.21% 

-6% 1.88334 × 10⁻³ μM 4.6769 × 10⁻⁴ μM 6.15 × 10⁻⁶ μM 96.23% 

-4% 1.88211 × 10⁻³ μM 4.6038 × 10⁻⁴ μM 6.05 × 10⁻⁶ μM 96.24% 
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-2% 1.88087 × 10⁻³ μM 4.5330 × 10⁻⁴ μM 5.96 × 10⁻⁶ μM 96.26% 

0% 1.87963 × 10⁻³ μM 4.4642 × 10⁻⁴ μM 5.87 × 10⁻⁶ μM 96.27% 

2% 1.87839 × 10⁻³ μM 4.3974 × 10⁻⁴ μM 5.78 × 10⁻⁶ μM 96.28% 

4% 1.87715 × 10⁻³ μM 4.3324 × 10⁻⁴ μM 5.70 × 10⁻⁶ μM 96.29% 

6% 1.87592 × 10⁻³ μM 4.2693 × 10⁻⁴ μM 5.61 × 10⁻⁶ μM 96.31% 

8% 1.87468 × 10⁻³ μM 4.2079 × 10⁻⁴ μM 5.53 × 10⁻⁶ μM 96.32% 

10% 1.87345 × 10⁻³ μM 4.1482 × 10⁻⁴ μM 5.45 × 10⁻⁶ μM 96.33% 

2.2.2. Effect of kLRA on HIV-1 Dynamics - Treatment Monotherapy  

Latent HIV-1 reactivation was modulated by kLRA. The model started with 9.375 × 10-4 μM latent 

HIV and 0 μM reactivated cells. Table 4 displays the results of the kLRA sensitivity analysis on the 

reactivated cell population, active cell population, latent cell population, and the effectiveness of the 

novel treatment in reducing the overall viral reservoir. 

Table 4. kLRA Sensitivity Analysis on Treatment Monotherapy. 

Value Latent Reactivated Active Viral Reservoir Reduction 

-10% 2.05718 × 10⁻³ μM 4.4642 × 10⁻⁴ μM 5.78 × 10⁻⁶ μM 95.98% 

-8% 2.01904 × 10⁻³ μM 4.4642 × 10⁻⁴ μM 5.80 × 10⁻⁶ μM 96.05% 

-6% 1.98229 × 10⁻³ μM 4.4642 × 10⁻⁴ μM 5.82 × 10⁻⁶ μM 96.10% 

-4% 1.94685 × 10⁻³ μM 4.4642 × 10⁻⁴ μM 5.84 × 10⁻⁶ μM 96.16% 

-2% 1.91265 × 10⁻³ μM 4.4642 × 10⁻⁴ μM 5.85 × 10⁻⁶ μM 96.22% 

0% 1.87963 × 10⁻³ μM 4.4642 × 10⁻⁴ μM 5.87 × 10⁻⁶ μM 96.27% 

2% 1.84773 × 10⁻³ μM 4.4642 × 10⁻⁴ μM 5.88 × 10⁻⁶ μM 96.32% 

4% 1.81690 × 10⁻³ μM 4.4642 × 10⁻⁴ μM 5.90 × 10⁻⁶ μM 96.37% 

6% 1.78708 × 10⁻³ μM 4.4642 × 10⁻⁴ μM 5.91 × 10⁻⁶ μM 96.42% 

8% 1.75822 × 10⁻³ μM 4.4642 × 10⁻⁴ μM 5.93 × 10⁻⁶ μM 96.46% 

10% 1.73027 × 10⁻³ μM 4.4642 × 10⁻⁴ μM 5.94 × 10⁻⁶ μM 96.51% 

2.2.3. Effect of kLRA on HIV-1 Dynamics - cART and LRA Combination Therapy  

Table 5. kLRA Sensitivity Analysis on cART and LRA Polytherapy. 

% Change LatentHIV ActiveHIV ReactivatedHIV Reservoir Reduction 

-10% 1.0 × 10⁻⁵ μM 3.1978 × 10⁻² μM 2.483 × 10⁻³ μM 44.848% 

-8% 9.0 × 10⁻⁶ μM 3.1978 × 10⁻² μM 2.484 × 10⁻³ μM 44.847% 
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-6% 9.0 × 10⁻⁶ μM 3.1978 × 10⁻² μM 2.484 × 10⁻³ μM 44.846% 

-4% 9.0 × 10⁻⁶ μM 3.1978 × 10⁻² μM 2.485 × 10⁻³ μM 44.845% 

-2% 9.0 × 10⁻⁶ μM 3.1978 × 10⁻² μM 2.486 × 10⁻³ μM 44.844% 

0% 9.0 × 10⁻⁶ μM 3.1978 × 10⁻² μM 2.487 × 10⁻³ μM 44.843% 

2% 9.0 × 10⁻⁶ μM 3.1977 × 10⁻² μM 2.487 × 10⁻³ μM 44.843% 

4% 8.0 × 10⁻⁶ μM 3.1978 × 10⁻² μM 2.488 × 10⁻³ μM 44.841% 

6% 8.0 × 10⁻⁶ μM 3.1978 × 10⁻² μM 2.488 × 10⁻³ μM 44.841% 

8% 8.0 × 10⁻⁶ μM 3.1978 × 10⁻² μM 2.489 × 10⁻³ μM 44.840% 

10% 8.0 × 10⁻⁶ μM 3.1978 × 10⁻² μM 2.490 × 10⁻³ μM 44.839% 

2.3. ABM Population Dynamics  

2.3.1. Control Group Analysis 

This simulation began with initial values of 4,750 healthy CD4+ T-cells, 100 latent HIV-1 cells, 

and 400 active HIV-1 cells. The results, gathered from 100 independent trials for each condition, 

provide compelling insights into the potential of the treatment as a therapeutic intervention. Table 3 

depicts the average cell counts derived from the control model. Across 100 trials, the population of 

healthy cells decreased by an average of 8.25% (from 4,750 to 4,358 ± 29.18 cells; paired t-test: t(99) = 

134.3, p < 0.0001, 95% CI [387.2, 396.8]), the latent HIV-1 cell population, on average, remained 

unchanged at 0% (100 ± 1.07 cells; paired t-test: t(99) = 0, p = 1, 95% CI [-0.21, 0.21]), and the active cell 

population decreased, on average, by 48.50% (from 400 to 206 ± 20.22 cells; paired t-test: t(99) = 95.9, 

p < 0.0001, 95% CI [190.0, 198.0]). Therefore, the total HIV-1 reservoir population reduction was 

41.20%. 

Table 3. Control Group Average Values. 

Cell Type 

Mean ± Standard 

Deviation 

Minimum Maximum 

Healthy CD4+ T-Cells 4358 ± 29.18 4281 4428 

Latent HIV-1 Cells 100 ± 1.07 97 103 
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Active HIV-1 Cells 206 ± 20.22 161 255 

 

Figure 5. Distribution of All HIV-1 Reservoirs in Control Group. 

2.3.2. Experimental Group Analysis 

This simulation began with initial values of 4,750 healthy CD4+ T-cells, 100 latent HIV-1 cells, 

and 400 active HIV-1 cells. The results, gathered from 100 independent trials for each condition, 

provide insights into the potential of the treatment as a therapeutic intervention. Table 4 depicts the 

average cell counts derived from the experimental model. Across 100 trials, healthy cells increased 

by an average of 1.39% (to 4,816 ± 26.01 cells; paired t-test: t(99) = 25.4, p < 0.0001, 95% CI [60.8, 71.2]), 

the latent HIV-1 cell population decreased by an average of 12.00% (88 ± 3.40 vs. 100 ± 1.07 cells; 

Mann-Whitney U = 0, p < 0.0001, r = 0.86), and the active HIV-1 cell population decreased by 93.50% 

(26 ± 5.80 vs. 206 ± 20.22 cells; Mann-Whitney U = 0, p < 0.0001, r = 0.86), on average. Therefore, the 

total HIV-1 reservoir population reduction, on average, was 77.20%. 

Table 4. Experimental Group Average Values. 

Cell Type Mean ± Standard 

Deviation 

Minimum Maximum 

Healthy CD4+ T-Cells 4816 ± 26.01 4768 4880 

Latent HIV-1 Cells 88 ± 3.40 78 94 
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Active HIV-1 Cells 26 ± 5.80 15 42 

 

 

 

Figure 6. Distribution of All HIV-1 Reservoirs in Experimental Group. 

 

Figure 7. Control vs. Experimental Group Comparisons with Error Bars. 

3. Discussion  

Current shock-and-kill treatments consist of CRISPR-based interventions, as explained in 

Section 1. However, CRISPR-based therapies face substantial logistical and mechanistic barriers. One 

challenge presents in the form of HIV-1's high mutation rate, which facilitates the emergence of 

CRISPR-resistant escape variants [25,28]. Additionally, CRISPR components pose immunogenicity 

risks due to their bacterial origin, which can provoke host immune responses thus reducing 

therapeutic efficacy [27]. Finally, delivery remains a critical obstacle. CRISPR constructs are large and 

complex genetic systems and therefore require large genetic payloads, which often exceed the 

packaging capacity of clinically approved vectors [25]. 

To overcome these challenges, our study presents a novel HIV-1 LTR-driven therapeutic 

construct designed to exploit the virus’s own transcriptional machinery. This construct targets both 

latent and active HIV-1 reservoirs through a cytotoxic, all-in-one, shock-and-kill mechanism, which 
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triggers apoptosis in HIV-infected cells via the expression of a diphtheria toxin A (DTA) suicide gene 

under the control of the HIV-1 long terminal repeat (LTR) promoter. The construct was designed 

specifically to overcome aforementioned challenges with current shock and kill treatments. 

Immunogenicity is not a barrier for this construct given its reliance on human and viral regulatory 

elements rather than bacterial components, thus avoiding host immune activation and the compact, 

streamlined structure of the construct (only 928 basepairs) enhances the efficiency of delivery, as it 

requires a smaller genetic payload compared to CRISPR systems (5000-6000 base pairs), making it 

compatible with clinically approved viral vectors. 

 

Figure 8. Structure of the Novel Construct (modeled with Snapgene 7.2.1). 

To test the efficacy of our marker in reducing both the detectable and total viral reservoir, we 

carefully constructed two in silico models. The first utilized ABMs to simulate based population 

dynamics in an HIV-1 system. The second utilized Tellurium, a Systems Biology Markup Language 

(SBML) Python platform, which enabled us to precisely simulate intracellular kinetics and cell to cell 

interactions. To capture system level dynamics, we employed NetLogo, an agent based model that 

simulates the behavior of individual cells in a heterogeneous population over time. The ABM 

simulations allowed us to assess the construct’s impact on the overall CD4+ T-cell, latent HIV-1 

reservoirs, and active HIV-1 reservoir dynamics. These programs work together to validate the 

treatment on both a cellular level and a wider, systemic level. The convergence of these independent 

methodologies provides robust evidence that our HIV-1 LTR-driven construct effectively targets both 

latent and active HIV-1 reservoirs, supporting its potential as a transformative strategy for HIV-1 

eradication. 

Our SBML simulations projected the novel treatment’s potent cytotoxicity, confirming its ability 

to significantly deplete both the detectable HIV-1 reservoir and the total HIV-1 reservoir population.  

The two critical parameters for assessing the therapeutic viability of this novel approach are (1) 

the projected cytotoxic effect in targeted cells and (2) its capacity to reduce both the total and 

detectable reservoir populations. Our findings validate the first criterion, but not the second. 

Comparative analyses reveal that the novel therapy reduced the total viral reservoir by 96.26% and 

exhibited a cytotoxic efficacy of 99.27%. This indicates that nearly ten out of ten infected cells targeted 

by the construct were eradicated, even when accounting for mutational escape pathways, which is a 

persistent obstacle in conventional shock-and-kill strategies [17]. In contrast, cART-LRA combination 

therapy resulted in a reduction of the total reservoir population by 44.72% due to cART’s lack of 

cytotoxic ability [6–11]. Consequently, the novel therapy demonstrated a 93.17% greater efficacy in 

reservoir depletion compared to the cART-LRA polytherapy.  
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However, cART-LRA polytherapy was capable of reducing the detectable reservoir by 99.66% 

while the novel treatment was only capable of reducing the detectable reservoir by 99.27%, indicating 

that the cART-LRA polytherapy is 0.39% better at mitigating the detectable reservoir when compared 

to the novel therapy. Yet, this marginally greater reduction in the detectable reservoir does not 

undermine the therapeutic potential of the proposed construct. The primary limitation of cART-

based regimens remains their inability to eliminate the latent reservoir, leading to inevitable viral 

rebound upon treatment cessation [4,6]. Although cART-LRA polytherapy is 0.39% more effective in 

reducing the detectable reservoir, this advantage is clinically insignificant in the context of long-term 

viral control, as cART alone does not contribute to reservoir eradication. In contrast, the novel 

therapy’s ability to reduce the total reservoir by 96.26% suggests a fundamental shift in treatment 

outcomes, as a smaller latent reservoir and infectious reservoir directly correlates with a lower 

likelihood of post-treatment viral resurgence [29,30]. Given that sustained viral suppression under 

cART necessitates lifelong adherence, the novel approach has the potential to minimize or even 

prevent viral rebound, rather than delaying it, thus shifting HIV treatment away from indefinite 

management and towards curative intervention. 

The superior efficacy of the novel approach in reducing the population stems from its 

mechanistic advantage over cART-LRA therapy. LRAs facilitate latency reversal by inducing the 

transition of quiescent infected cells into a transcriptionally active state thus transiently increasing 

the size of the reactivated reservoir. While cART is capable of effectively inhibiting viral replication 

and preventing de novo infection, it lacks direct cytotoxicity, allowing reactivated and actively 

infected cells to persist, maintaining the potential for viral rebound upon treatment cessation [6–11]. 

In contrast, the novel construct exhibits direct cytotoxicity against infected cells, leading to both 

depletion of the detectable reservoir and substantial reduction of the total viral reservoir. This dual 

mechanism not only prevents ongoing viral propagation but also serves to actively eradicate HIV-

infected cells, whether latent, reactivated, or actively replicating, rather than merely suppressing 

them. 

The sensitivity analyses provided crucial insights into the mechanistic drivers of treatment 

efficacy, particularly regarding the impact of latent cell reactivation (kLRA) and DTA-induced 

apoptosis (k₃).  

The findings derived from the sensitivity analyses underscore a distinct advantage of the novel 

construct over contemporary therapies: the efficacy of the novel treatment is directly enhanced by 

improvements in latency reversal whereas cART-LRA combination therapy becomes less effective 

under the same conditions.  

The sensitivity analysis of kLRA in the novel treatment monotherapy revealed that as the efficacy 

of the LRA increased, so did the overall reservoir depletion, with HIV-1 population reductions 

improving from 95.98% to 96.51% as kLRA increased by 20% (-10% to +10% range). This indicates that 

a 1% increase in LRA efficacy correlates with a 0.027% rise in reservoir reduction. Yet, this trend 

suggests that as the field of LRA development advances and we develop the ability to reactivate more 

latent cells, the cytotoxic effects of the marker will become even more pronounced. However, the 

findings also highlight that, while the novel treatment demonstrates strong cytotoxicity, the 

persistence of the latent reservoir remains dependent on effective reactivation. Even at the highest 

kLRA tested, a residual latent population persisted, indicating that current LRAs may still be 

suboptimal for achieving full eradication, a severe limiting factor for the novel treatment. In stark 

contrast to the marker-based monotherapy, increasing kLRA in the cART-LRA combination therapy 

paradoxically expanded the total viral reservoir, with reductions ranging from 44.848% to 44.839% (-

10% to 10%). This result aligns with the fundamental limitation of cART: while it prevents viral 

replication, it lacks intrinsic cytotoxicity, meaning that the reactivation of latent cells simply increases 

the pool of infected cells rather than eliminating them. In other words, cART is unable to keep up 

with higher efficacy rates of LRA. This phenomenon is particularly problematic given that persistent 

reactivated cells remain viable and capable of viral rebound upon treatment cessation. Thus, a key 

distinction between the two therapies emerges. For the marker-based treatment, increasing kLRA 
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enhances efficacy by exposing more infected cells to cytotoxic elimination. In contrast, For cART-LRA 

therapy, increasing kLRA exacerbates the challenge of persistence by expanding the infected cell 

population. These findings indicate that cART-LRA therapy may become less effective as LRA 

potency improves, while the novel construct continues to grow in efficacy. The primary limitation of 

the marker-based treatment lies in the current effectiveness of LRAs, but this constraint is only 

temporary. As next-generation LRAs with greater potency and specificity are developed, the novel 

construct will disproportionately benefit, further enhancing its ability to eliminate the reservoir and 

reduce detectable HIV. This adaptability makes it a more scalable and future-proof strategy for long-

term HIV-1 eradication. Meanwhile, as LRAs with greater potency and specificity are developed, 

cART-LRA polytherapies will not yield an enhanced ability to eliminate HIV-1 reservoirs without 

some complementary cytotoxic therapy [20,21].  

The sensitivity analysis of k₃ further confirmed the robustness of the novel treatment. Table 3 

reveals that increasing k₃ (rate of DTA-induced apoptosis) enhances viral reservoir reduction, albeit 

marginally (96.20% to 96.33% over a ±10% k₃ range). Active cell populations decrease monotonically 

with higher k₃, while reactivated cells show minimal fluctuations (5.45–6.35 × 10⁻⁶ μM). The marker’s 

cytotoxicity is robust but not highly sensitive to k₃ variations, suggesting its efficacy depends more 

on reactivation efficiency (k_LRA) than apoptosis kinetics. Notably, the latent reservoir remained 

largely unchanged across k₃ variations, reinforcing the conclusion that LRA efficacy, rather than 

marker-induced cytotoxicity alone, is the primary bottleneck for complete reservoir clearance.  

While SBML modeling captures molecular-level kinetics, Agent Based Modeling (ABM) 

simulations provide insight into population-level dynamics over time, allowing us to evaluate the 

broader effects of the construct across multiple cell populations and introduce stochasticity not seen 

in the SBML models.  

In the cART-only control group, 100 independent trials demonstrated an 8.25% decline in 

healthy CD4+ T-cells (from 4,750 to 4,358 ± 29.18 cells; paired t-test: t(99) = 134.3, p < 0.0001, 95% CI 

[387.2, 396.8]), no significant change in the latent reservoir (100 ± 1.07 cells; paired t-test: t(99) = 0, p = 

1, 95% CI [-0.21, 0.21]), and a 48.50% reduction in active HIV-1 cells (from 400 to 206 ± 20.22 cells; 

paired t-test: t(99) = 95.9, p < 0.0001, 95% CI [190.0, 198.0]). These findings align with known cART 

dynamics seen in experimental studies, where active replication is suppressed but latent reservoirs 

persist, further validating both models [2].  

In the experimental group, which simulated the novel treatment monotherapy, the results 

showed a 1.39% increase in healthy CD4+ T-cells (to 4,816 ± 26.01 cells; paired t-test: t(99) = 25.4, p < 

0.0001, 95% CI [60.8, 71.2]), a 12% reduction in the latent reservoir (88 ± 3.40 vs. 100 ± 1.07 cells; Mann-

Whitney U = 0, p < 0.0001, r = 0.86), and a 93.50% reduction in active HIV-1 cells (26 ± 5.80 vs. 206 ± 

20.22 cells; Mann-Whitney U = 0, p < 0.0001, r = 0.86). Notably, all of these changes, from the increased 

proliferation of healthy CD4+ T-cells to the reduction in the active HIV-1 reservoir were statistically 

significant.  

Comparing the two groups, the experimental treatment resulted in a 10.51% increase in healthy 

CD4+ T-cells relative to the control (4,816 vs. 4,358 cells; unpaired t-test: t(198) = 123.7, p < 0.0001, 95% 

CI [451.7, 464.3]), a 12% reduction in the latent reservoir compared to no change in the control, and 

an 87.38% greater reduction in active HIV-1 cells compared to the control group. In total, it mitigated 

the total HIV-1 reservoir 72.20% better than the cART-LRA combination therapy.  

This statistically significant reduction in the overall HIV-1 reservoir population suggests that the 

construct effectively clears actively replicating, latent, and reactivated cells. The CD4+ T-cell rebound 

reflects the impacts of the novel construct on reducing infection spread, thus promoting an increase 

in healthy cell proliferation.  

Although these findings are promising, computational models inherently oversimplify the 

biological complexity of HIV-1 infection. For instance, our models assume ideal delivery and 

sustained construct expression which are factors that may vary in vivo. In vivo studies are therefore 

critical to validate these results, particularly to assess pharmacokinetics and tissue distribution of 

cells expressing the construct and to capture the unpredictability of such HIV-1 systems.  
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To mitigate the inherent limitations of in silico modeling and establish a robust foundation for 

experimental validation, we ensured that all control simulations accurately reflected empirical 

findings. Specifically, we implemented a baseline SBML simulation to isolate the effects of cART on 

latent and active HIV-1 reservoirs and compare the results to those derived from experimental 

studies. The simulation demonstrated that cART monotherapy reduced the detectable viral reservoir 

by 99.84%, a finding consistent with numerous experimental studies [31,32]. Notably, the cART-LRA 

polytherapy model also yielded biologically consistent results, projecting a detectable reservoir 

reduction of 99.66%, a calculation that closely aligns with the 99.84% projection found in the baseline 

cART monotherapy simulation. These close alignments corroborate experimental evidence that LRA 

administration alongside cART does not significantly alter the HIV-1 viral reservoir [15]. Similarly, 

control simulations for the ABM model exhibited strong concordance with experimental data, as 

previously mentioned. By validating these control models against established benchmarks, we 

ensured confidence in our experimental simulations, wherein the only variables that changed were 

those associated with the novel therapeutic intervention, whose parameters were also derived from 

empirical data [33–35]. 

An additional consideration in the development of novel HIV-1 therapeutics is off-target 

cytotoxicity [36]. While the HIV-1 LTR promoter provides a degree of HIV-1 specific targeting, there 

remains a potential risk of unintended apoptosis in uninfected cells. Further experimental validation 

is therefore required to assess the construct’s specificity and quantify any collateral cytotoxicity. 

However, it is also important to note that existing research on DTA demonstrates a low incidence of 

off-target effects coupled with a high cytotoxic efficacy against infected cells. Given that unintended 

cytotoxicity in shock-and-kill strategies primarily stems from the lytic mechanism (in this case DTA), 

these findings suggest that the proposed therapy is unlikely to exhibit significant off-target effects 

[37,38]. Nevertheless, in vitro and in vivo studies remain essential to confirm its safety profile. 

Beyond off-target toxicity, the emergence of viral resistance represents a substantial challenge in 

contemporary HIV-1 therapeutics [17]. The high mutation rate of HIV-1 raises the concern that 

genetic variants with altered LTR sequences could evade construct recognition, thereby 

compromising treatment efficacy. While we have included rate constants for HIV-1 LTR mutations 

in the SBML models (see Appendix A.7), HIV-1 mutations are unpredictable and vary from cell to 

cell making it hard to predict the probability that a mutation will occur that hampers the efficacy of 

the novel treatment [39]. However, our calculated mutation rate is an overestimation which serves to 

provide a degree of certainty for the result. 

Beyond off-target toxicity, the potential for viral resistance remains a significant challenge in 

contemporary HIV-1 therapeutics. Given the high mutation rate of HIV-1, there is concern that 

genetic variants with altered LTR sequences would enable HIV-1 to evade construct recognition, 

ultimately diminishing treatment efficacy. While our SBML models incorporate rate constants for 

HIV-1 LTR mutations (see Appendix A.7), the stochastic nature of viral mutations makes it difficult 

to precisely determine the likelihood of resistance-compromising mutations. However, our 

calculated mutation rate represents a deliberate overestimation, providing a conservative framework 

that enhances the robustness of our findings. Additionally, CRISPR-based approaches for HIV 

treatment are inherently more vulnerable to viral mutations due to their dependence on precise DNA 

sequence recognition [40]. Given HIV’s exceptionally high mutation rate, empirical studies have 

demonstrated the rapid emergence of CRISPR-resistant HIV-1 strains, as even single-nucleotide 

variations can disrupt Cas9 target recognition [23,28]. In contrast, the novel construct is structurally 

simpler and less susceptible to resistance development since the primary avenue for potential 

resistance is limited to mutations within the LTR sequence, significantly narrowing the potential for 

viral escape.  

Finally, from a translational perspective, delivery optimization is paramount. Current gene 

therapy platforms face practical barriers such as vector size limitations and immunogenicity [25,41]. 

Ensuring scalable, cost-effective delivery will be crucial for advancing this therapeutic toward clinical 

trials. In line with several other shock-and-kill strategies, we propose a lentiviral vector to be 
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developed for effective delivery of this construct. Their efficiency in transducing non-dividing cells 

makes them well-suited for targeting latent HIV reservoirs. [6,23]. 
Our study demonstrates that the HIV-1 LTR-driven therapeutic construct achieves significant 

viral reservoir depletion by directly targeting both actively infected and latent cells. SBML kinetic 

modeling and ABM simulations consistently revealed a substantial reduction in the total and 

detectable HIV-1 reservoir, alongside a marked increase in healthy CD4+ T-cell populations – an 

outcome not observed with the cART-LRA polytherapy. Sensitivity analyses further highlighted the 

construct’s mechanistic advantages, showing that its efficacy scales with improvements in latency 

reversal, unlike cART-LRA therapy, which paradoxically expands the reservoir under enhanced LRA 

potency. While concerns regarding off-target toxicity and viral resistance remain, existing evidence 

suggests that the construct exhibits a high degree of specificity and is less prone to resistance 

emergence compared to CRISPR-based approaches. Although further in vitro and in vivo studies are 

essential to validate these findings, particularly in optimizing delivery mechanisms and assessing 

long-term efficacy, this study represents a significant advancement in the development of a scalable 

and durable HIV-1 eradication strategy. 

4. Materials and Methods 

4.1. Overview of Modeling Approaches  

This study investigates HIV-1 latency reversal and targeted cell elimination using two 

complementary computational models: a system of ordinary differential equation (ODE)-based 

SBML models and an agent-based model (ABM) implemented in NetLogo. These models serve 

distinct but interconnected purposes in understanding HIV-1 dynamics under different therapeutic 

conditions [42–44]. 

The SBML models provide a structured mathematical framework for analyzing population-level 

trends over time. These models simulate the effects of combination antiretroviral therapy (cART), 

latency-reversing agents (LRAs), and a novel marker-based therapeutic strategy. Specifically, we 

examine two key outcomes in these models: 

1. We first measure trends in the detectable virus reservoir, measured by tracking changes in 

active and reactivated HIV-1 levels over time, as these are virion producing cells. This metric 

represents how well a treatment suppresses virion production and, consequently, how effective 

it is in reducing detectable HIV levels. 

2. The second outcome we measure is reservoir population dynamics, which account for the 

actual number of surviving active, reactivated, and latent HIV-infected cells regardless of if 

they are producing virions or not.  

The ABM model provides a complementary approach by incorporating spatial and stochastic 

interactions between individual cells and treatment agents to track reservoir population dynamics. 

While the SBML models allow us to analyze broad trends in HIV population dynamics, the ABM 

model offers insight into how localized interactions influence infection progression and treatment 

efficacy. The results from these two models may differ, but both are valid because they capture 

different aspects of the HIV-1 infection process. SBML models focus on average population-level 

changes, whereas ABM models account for individual cellular interactions [42,43]. 

Importantly, we distinguish between detectable virus and actual virus population. Detectable 

virus is measured by virion levels, which cART effectively suppresses by preventing new virion 

production. However, cART does not clear infected cells, meaning the actual HIV-infected cell 

population (active, reactivated, and latent cells) remains and can lead to viral rebound upon 

treatment cessation. The novel therapeutic construct aims to eliminate these infected cells, 

significantly reducing the reservoir and preventing future viral resurgence.  

4.2. SBML Models  

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 28 March 2025 doi:10.20944/preprints202503.0071.v2

https://pmc.ncbi.nlm.nih.gov/articles/PMC4567251/
https://www.nature.com/articles/s41434-023-00413-1
https://journals.plos.org/plosone/article?id=10.1371%2Fjournal.pone.0297247
https://academic.oup.com/bioinformatics/article/26/7/932/213719?login=false
https://doi.org/10.20944/preprints202503.0071.v2


 15 of 25 

 

The SBML models were designed using the software Tellurium and simulated the progression 

of HIV-1 infection and the effects of therapeutic interventions. The model tracks four distinct cellular 

populations: healthy CD4+ T cells, latent HIV-infected cells, active HIV-infected cells, and reactivated 

HIV-1 cells. The interventions incorporated in the model include cART monotherapy, which 

suppresses active and reactivated HIV-1 replication but does not eliminate infected cells; LRAs, 

which induce reactivation of latent cells; and a novel shock-and-kill treatment that selectively targets 

HIV-infected cells for apoptosis. Again, each model was designed to first track detectable virus levels 

and then track the reservoir population dynamics regardless of virion production.  

4.2.1. Model Design: Equations and Parameters 

The mathematical framework consists of a system of differential equations governing viral 

infection, latency dynamics, active infection progression, mutation rates, reactivation, and 

therapeutic effects. The infection spread rate, apoptosis rate, and pharmacokinetic effects of 

therapeutic agents were parameterized based on experimental data (Refer to Appendix A for detailed 

equation and parameter derivations). 

Simulations were conducted over a 87,600-hour period (ten years) under three therapeutic 

conditions: (1) cART alone (baseline model), (2) cART and LRA, and (3) the novel treatment 

monotherapy.  

4.2.2. Baseline SBMLModel: cART Monotherapy  

This model serves as a validation benchmark, as its results align with experimental data. It 

simulates HIV-1 dynamics under cART monotherapy, tracking three variables: Latent HIV-1 

(LatentHIV), Active HIV-1 (ActiveHIV), and Healthy CD4+ T Cells (HealthyCells). The interactions 

between these variables are governed by differential equations detailing viral replication, 

suppression, and immune system interactions (Further calculations are detailed in Appendix B). 

cART is modeled to effectively suppress viral replication but does not induce apoptosis of infected 

cells.  

4.2.3. cART with LRA SBML Model  

This SBML model expands upon the baseline cART montherapy model by incorporating the 

effects of cART and LRA combination therapy on HIV-1 dynamics. The model tracks four main 

variables: Latent HIV-1, Active HIV-1, Reactivated HIV-1, and Healthy CD4+ T Cells. Reactivated 

HIV-1 cells start at 0 and grow as LRA reactivates other latent HIV-1 cells. This leads to a reduction 

in the number of latent cells and an expansion in the number of reactivated cells. These variables 

interact through a system of ODEs that describe the complex dynamics of HIV-1 infection, viral 

suppression, latency reversal, and cell regeneration under the combined influence of cART and LRAs. 

View Appendix B for in depth explanations of each differential equation.  

A key addition to this model is the introduction of the latency-reversing agent (LRA) activation 

rate, represented by kLRA. This constant, set at 1.37 × 10-4, models the rate at which latent HIV-1 cells 

are reactivated due to the LRA treatment. This addition is crucial for understanding the impact of 

LRAs on reducing the latent HIV-1 reservoir. 

4.2.4. Novel Treatment Monotherapy SBML Model 

This SBML model focuses on the effects of a novel “shock-and-kill” treatment on HIV-1 

dynamics without the use of combination antiretroviral therapy (cART). The model tracks four main 

variables: Latent HIV-1 (LatentHIV), Active HIV-1 (ActiveHIV), Reactivated HIV-1 

(ReactivatedHIV), and Healthy CD4+ T Cells (HealthyCells). These variables interact through a 

system of ODEs that describe the complex dynamics of HIV-1 infection spread, latency reversal, 

mutation, and targeted cell death under the influence of the shock and kill treatment alone. View 

Appendix B for in depth explanations of each differential equation.  
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A key addition to this model is the introduction of the ‘kill’ portion of the shock and kill 

treatment, represented by the parameter k3 (0.031875). Another key addition to this model is an LTR 

mutation rate. This mutation rate was calculated via examining experimental HIV-1 mutation rates. 

It examines the rate at which HIV-1 mutates its HIV-1 LTR region and assumes that any mutations 

to this region would result in the treatment being inneffective, thereby idealizing the efficacy of 

mutations for HIV-1. The mutation rate is set at 4.96 × 10-4. 

The effectiveness of the novel marker in reducing both the detectable viral reservoir and the 

overall HIV-1 reservoir population is also evaluated in this model. To assess marker efficacy, we 

calculate the proportion of active and reactivated HIV-1 cells eliminated by the marker (see Appendix 

B for detailed formulas). This calculation focuses specifically on active and reactivated cells, in order 

to isolate the cytotoxic effect of the marker. The efficacy of the latency-reversing agent (LRA) is 

therefore not included in this measure, as it has already been accounted for separately. 

In addition to evaluating marker-specific effects, we calculate the overall reduction in the HIV-

1 reservoir population which includes all three HIV-1 populations (latent HIV-1, active HIV-1, and 

reactivated HIV-1). This measure includes both the LRA and marker effects as described in Appendix 

B. 

To quantify the marker's ability in reducing the detectable viral reservoir compared to cART, we 

compute the relative difference between the final detectable reservoir sizes under each treatment 

condition (see Appendix B for calculation details). 

These calculations allow us to directly compare the novel treatment's efficacy against cART in 

reducing both virion-producing cells and the broader HIV-1 reservoir. This comprehensive 

evaluation provides insight into the marker's potential to achieve deeper reservoir clearance and 

reduce the likelihood of viral rebound following treatment cessation. 

4.3. Agent Based Modeling  

4.3.1. Model Structure 

An agent-based simulation was developed in NetLogo to capture spatial heterogeneity and 

stochastic interactions. The model initializes with 5,250 total cells, consisting of: 

● 4,750 Healthy CD4+ T Cells 

● 100 Latent HIV-Infected Cells 

● 400 Active HIV-Infected Cells 

300 treatment agents (LRA and/or marker-based therapy) were introduced into the environment 

depending on the model being simulated.  

4.3.2. Agent Based Modeling Control Group 

The control simulation models untreated HIV-1 infection using a two-dimensional spatial 

framework where cells interact through infection, reactivation, immune clearance, and therapeutic 

interventions. The key biological processes simulated over 50 time steps include: 

1. LRA-Induced Reactivation of Latent HIV-1 Cells: Each LRA molecule scans for a nearby latent 

HIV-1 cell within a fixed interaction radius of 1 unit. If a latent HIV-1 cell is located, it 

undergoes reactivation with a 10% probability. Reactivated cells then transition from latent to 

reactivated HIV-1 cells, and immediately start producing virions.  

2. HIV-1 Transmission from Reactivated and Active Cells: Both reactivated HIV-1 cells and active 

HIV-1 cells attempt to infect nearby healthy cells within a radius of 2 units. Each infected 

healthy cell has a 4% chance of becoming a new latent HIV-infected cell and a 96% chance of 

becoming an actively infected HIV-1 cell. After successful infection, the infecting HIV-1 cell 

dies, mimicking the natural lifecycle of the virus. 
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3. cART Treatment of Active HIV-1 Cells: cART is capable of effectively suppressing both 

reactivated and active HIV-1 cells, including both pre-existing and newly infected ones. cART is 

able to suppress 90% of these cells from infecting other cells, thus increasing the number of 

healthy cells and decreasing the number of active and latent cells. This serves to “rewind” the 

simulation and remove the impact of cART effected active and reactivated cells. 

4. Progression to the Next Time Step: Once all infection, reactivation, and treatments are executed, 

the simulation advances by one tick, and the cycle repeats until the trial reaches 50 ticks. 

All parameter derivations can be found in Appendix C.  

4.2.3. Agent Based Modeling Experimental Model  

Following initialization, the effects of the novel treatment monotherapy are simulated by 

allowing each marker to check its local environment and probabilistically modify the state of any 

eligible targets within its interaction radius. The infection spread process detailed in Section 4.2.2 

remains consistent in this experimental model. They key variations between the control and 

experimental ABM groups are the addition of the novel shock-and-kill marker and the removal of 

cART. The treatmemnt functions by reactivating latent HIV-1 cells while simultaneously attempting 

to eliminate them. In each iteration: 

1. Marker molecules randomly select nearby cells (excluding other markers) within a radius of 1. 

2. If a latent cell is targeted, there is a 10% chance that the LRA within the marker is able to 

reactivate the cell.  

3. If successfully reactivated, there is a 87.93% chance that the marker successfully eliminates the 

cell. 

4. If the cell is not eliminated, but is reactivated, it becomes either a latent or active cell and then 

infects other cells. 

5. All active HIV-1 cells begin viral replication and contribute to further infection spread.  

6. Additionally, marker molecules target active HIV-1 cells directly with a 87.93% probability of 

elimination. 

The simulation executes over 100 independent trials, each running 50 ticks, representing an 

approximate six-month period.  

4.4. Statistical and Sensitivity Analyses 

4.4.1. Statistical Methods 

Statistical analyses were performed using GraphPad Prism version 8.0.2 for Windows, 

GraphPad Software, San Diego, California USA, www.graphpad.com. Data normality was assessed 

using the Shapiro-Wilk test. For normally distributed variables, independent t-tests were used to 

compare outcomes across different treatment conditions; effect sizes were quantified using Cohen's 

d. For data meeting assumptions of equal variance, as confirmed by Levene's test, one-way ANOVA 

was employed, followed by Tukey's HSD post-hoc tests for pairwise comparisons; effect sizes for 

ANOVA were assessed using eta-squared (η²). For non-normally distributed variables, Mann-

Whitney U tests were employed to assess differences between the two groups; effect sizes were 

quantified using Cliff's delta. For comparisons of multiple non-normal groups, the Kruskal-Wallis 

test was used, followed by Dunn's post-hoc tests with Bonferroni correction for multiple 

comparisons. The threshold for statistical significance was set at p < 0.05. 

4.4.2. Sensitivity Analyses 
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To assess the robustness of the model, sensitivity analyses were conducted by systematically 

varying key kinetic parameters directly related to the novel treatment. The analysis focused on the 

following factors: 

● Varying k3: Examined how changes in the apoptosis rate influenced HIV-1 population 

dynamics. 

● Varying kLRA: Assessed how variations in LRA efficacy affected latent HIV-1 reactivation and 

marker efficacy.  

For each variation, the final concentrations of latent and active HIV-1 cells were recorded and 

compared across 50 independent simulation iterations.  

4.5. Adherence with F.A.I.R Guidelines  

To ensure the reproducibility and reusability of our research, we adhered to the FAIR (Findable, 

Accessible, Interoperable, Reusable) data principles: 

● Findable: All model code and parameter sets are available on a GitHub repository created for 

this research article (https://github.com/A-desai-1/All-Models/tree/main). 

● Accessible: The Tellurium model is provided in SBML format, while the NetLogo model uses 

the standard .nlogo ABM file format. 

● Interoperable: We adopted common ontologies used in HIV-1 research, such as the HIV-1 

Ontology, to ensure compatibility with other datasets and models. 

● Reusable: The Appendices follow the MIRIAM guidelines, detailing all data sources, parameter 

derivations, and model assumptions. 

The code is released under the MIT License, and the data compilation is available under CC-BY 

4.0. For inquiries about restricted datasets used in this study, please contact the corresponding author 

4.6. Materials 

The following materials were used to conduct this study: 

● Tellurium Spyder (Python 3.11): Used for simulating the ODE-based models. 

● NetLogo (Version 6.4.0): Implemented for agent-based modeling. 

● Snapgene (Version 7.2.1): Utilized to model the novel construct. 

● GraphPad (Version 8.0.2): Used for statistical testing and Monte Carlo sensitivity analysis. 

● CSV Data Files: Stored simulation outputs for statistical analysis. 

5. Conclusion 

Funding: This research received no external funding. 
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Data Availability Statement: The datasets used and/or analyzed during the current study are available from the 
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The following abbreviations are used in this manuscript:  

ABM  Agent Based Models / Agent Based Modeling  
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cART Combination antiretroviral therapy 

DTA Diptheria Toxin A 

HIV-1 Human Immunodeficiency Virus type 1 

LRA Latency reversal agent 

ODE Ordinary differential equations 

SBML System Biology Markup Language 

Appendix A 

This appendix provides detailed calculations used to derive the parameters for the SBML 

models: 

A.1 kLRA Constant Calculation  

The reactivation rate of latent HIV-1 cells was derived from experimental data on HIV-1 latency 

reversal kinetics in CD4+ T cells treated with the HDAC inhibitor romidepsin, as reported by Petravic 

et al. (2019) in PLOS Pathogens. This study found that the average efficacy of latency-reversing agents 

(LRAs) is 10% within 48 hours [45]. The LRA-induced reactivation rate constant (kLRA) was 

determined using first-order kinetics: 

𝑁(𝑡)  =  𝑁0  ∗  𝑒𝑘∗𝑡 

Where; 

● N(t) represents the concentration of latent HIV-1 cells at time t 

● N0 is the initial concentration  

● k is the rate constant 

Given an initial reservoir concentration of 0.0625 μM and a 10% reactivation rate within 48 hours, 

we solve for kLRA: 

0.9 =  𝑒(−𝑘𝐿𝑅𝐴 ∗ 48) 

𝑘𝐿𝑅𝐴  =  −𝑙𝑛(.9) / 48 

𝑘𝐿𝑅𝐴  =  0.002193 

This value was implemented in the model to simulate LRA-induced latency reversal dynamics. 

A.2 k6 Constant Calculation 

The k6 constant describes the rate of HIV-1 virion production by a single HIV-1 cell. Active HIV-

1-infected cells produce virions for approximately 24 hours [46]. During this time they generate 

enough virions to infect an average of eight new cells [47]. Given this information and given an initial 

viral load of 0.0625 μM, the infection rate constant (k6) can be calculated using first order kinetics: 

𝑁(𝑡)  =  𝑁0  ∗  𝑒𝑘∗𝑡 

𝑙𝑛(0.5) =  −𝑘6(24)  +  𝑙𝑛(0.0625) 

Solving for k6, we approximate the rate of HIV-1 virion production to be 0.00542 μM/hr-1. 

A.3 k7 Constant Calculation 

Mohri et al. (1998) in PNAS quantified CD4+ T cell repopulation following antiretroviral therapy 

(ART), reporting an average increase of cells per day [48]. Converting this to uM/hr-1 we performed 

the following calculations:  

1.1 ∗  108 𝑐𝑒𝑙𝑙𝑠/𝑑𝑎𝑦 =  
1.1 ∗  108

24
 𝑐𝑒𝑙𝑙𝑠/ℎ𝑜𝑢𝑟 =  4.58 𝑥 106 𝑐𝑒𝑙𝑙𝑠/ℎ𝑜𝑢𝑟 

= 4.58 𝑥 106 µ𝑀/ℎ𝑜𝑢𝑟 

A.4 nat_death Constants Calculations 
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The half-life of latently infected CD4+ T cells is approximately 44 months [49]. This corresponds 

to a decay rate of 5.2 × 10⁻⁴ per day. Converting this to uM/hr-1: 
5.2 ∗  10−4

24
 =  2.17 ∗  10−5 µ𝑀/ℎ𝑜𝑢𝑟 

Similarly, active HIV-1 cells have a natural death rate of 0.3 per day [50]: 
0.3

24
 =  0.0125 µ𝑀/ℎ𝑜𝑢𝑟  

A.5 k_cART_eff Constant Calculation 

cART efficacy was modeled using a logistic function with a baseline efficacy of 75%, consistent 

with 19 et al. (2023) in Nature Reviews Clinical Oncology [51]. The decay of cART effectiveness over 

time follows an exponential decay function. Experimental studies estimate a cART half-life of 48 

hours [52]. Using: 

𝜆 =  
0.693

𝐻𝑎𝑙𝑓 −  𝑙𝑖𝑓𝑒
 

we calculate:  

λ = 0.014437 hr−1 

Thus, the cART decay constant was set to 0.014437 hr⁻¹ to match observed pharmacokinetic data 

for cART drugs.  

A.6 k3 Constant Calculation  

The k3 constant describes the rate of DTA induced apoptosis. DTA has been found to induce 

apoptosis in 40% of affected cells within 60 minutes [53]. Given this and given an initial viral load of 

0.0625 μM, we can use the first-order kinetics equation to calculate the k3 constant:  

𝑁(𝑡)  =  𝑁0  ∗  𝑒𝑘∗𝑡 

Thank you for providing the initial cell density. Let's recalculate the rate constant using this 

information. 

𝑘3 =  −𝑙𝑛(0.6)  ∗  0.0625 

Solving for k6:  

𝑘 = 0.031875 𝜇𝑀/ℎ𝑟−1 

A.7 Mutation Rate 

This constant describes the rate of mutation specifically within the HIV-1 LTR region of HIV-1 

cells.  Experimental studies have found that the HIV-1 LTR region has a mutation rate of 1.2 × 10-5 

bases per site per day [54].  

Therefore, the per hour rate of mutation utilized in the SBML models was 4.8 × 10-7.   

Appendix B 

This appendix provides all the equations utilized across the SBML Models: 

B.1 Infection Spread ODE 

For cART SBML models, infection spread was modeled via the following ODE:  

𝑖𝑛𝑓𝑒𝑐𝑡𝑖𝑜𝑛_𝑠𝑝𝑟𝑒𝑎𝑑 

=  (𝐴𝑐𝑡𝑖𝑣𝑒𝐻𝐼𝑉 ∗  𝑘6 ∗  (1 − [𝑡ℎ𝑒𝑟𝑎𝑝𝑒𝑢𝑡𝑖𝑐 𝑖𝑛𝑡𝑒𝑟𝑣𝑒𝑛𝑡𝑖𝑜𝑛]))  + (𝑅𝑒𝑎𝑐𝑡𝑖𝑣𝑎𝑡𝑒𝑑𝐻𝐼𝑉 ∗  𝑘6 

∗  (1 − [𝑡ℎ𝑒𝑟𝑎𝑝𝑒𝑢𝑡𝑖𝑐 𝑖𝑛𝑡𝑒𝑟𝑣𝑒𝑛𝑡𝑖𝑜𝑛])) 

For the treatment monotherapy SBML model, infection spread was modeled via the following 

ODE:  

𝑖𝑛𝑓𝑒𝑐𝑡𝑖𝑜𝑛_𝑠𝑝𝑟𝑒𝑎𝑑 =  (𝐴𝑐𝑡𝑖𝑣𝑒𝐻𝐼𝑉 ∗  𝑘)  + (𝑅𝑒𝑎𝑐𝑡𝑖𝑣𝑎𝑡𝑒𝑑𝐻𝐼𝑉 ∗  𝑘6) 

The logistic growth models demonstrated here are consistent with experimental findings that 

delve into the mechanisms of HIV-1 infection spread [55].  

B.2 cART Efficacy ODE 
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The efficacy of cART is modeled using a logarithmic function to represent the gradual onset of 

drug effects: 

𝑘_𝑐𝐴𝑅𝑇_𝑒𝑓𝑓 =  𝑘_𝑐𝐴𝑅𝑇_𝑏𝑎𝑠𝑒 / (1 +  𝑒𝑥𝑝(−𝑘_𝑐𝐴𝑅𝑇_𝑙𝑜𝑔 ∗  (𝑡𝑖𝑚𝑒 −  𝑇_𝑚𝑖𝑑))) 

● k_cART_base: Baseline cART efficacy (0.75 or 75%) 

● k_cART_log: Logarithmic growth rate (0.014437) 

● T_mid: Midpoint of cART effect onset in hours (450) 

B.3 Latent HIV-1 Dynamics ODE 

In all models, the dynamics of latent HIV-1 were calculated via the following ODE: 

LatentHIV' = (infection_spread * 0.015) - (nat_deathl * LatentHIV) - (k_LRA * LatentHIV) 

This equation represents the change in the latent HIV-1 population, with 1.5% of new infections 

becoming latent, minus the natural death of latent cells and minus the latent cells being reactivated.  

B.4 Active HIV-1 Dynamics ODE 

For cART SBML models, the dynamics of active HIV-1 were modeled via the following ODE:  

ActiveHIV' = (infection_spread * 0.985) - (nat_death * ActiveHIV) 

For the treatment monotherapy SBML model, the dynamics of active HIV-1 were modeled via 

the following ODE:  

ActiveHIV' = (infection_spread * 0.985) - (nat_death * ActiveHIV) - (k3 * ActiveHIV) + 

(mutation_rate * ActiveHIV) 

These equations describe the change in active HIV-1 population, with 98.5% of new infections 

becoming active, minus natural cell death. cART-induced suppression takes effect via its role in 

infection spread. The novel treatment takes effect through direct cytoxic impact and some of its effects 

are counteracted by mutations in the HIV-1 LTR region.  

B.5 Reactivated Cell Dynamics ODE 

For cART SBML models, the dynamics of active HIV-1 were modeled via the following ODE:  

ReactivatedHIV' = (LatentHIV*k_LRA) - (nat_death * ReactivatedHIV) 

For the treatment monotherapy SBML model, the dynamics of active HIV-1 were modeled via 

the following ODE:  

ReactivatedHIV' = (LatentHIV*k_LRA) - (nat_death * ReactivatedHIV) - (k3 * ReactivatedHIV) + 

(mutation_rate * ReactivatedHIV) 

These equations describe the change in the reactivated HIV-1 population, with new reactivated 

cells being added via LRA activation of latent cells. cART-induced suppression takes effect via its role 

in infection spread. The novel treatment takes effect through direct cytoxic impact and some of its 

effects are counteracted by mutations in the HIV-1 LTR region.  

B.6 Marker Efficacy Calculations  

To calculate the rate of treatment efficacy in terms of cytotoxicity, the following formula was 

used: 

(
[𝑖𝑛𝑖𝑡𝑎𝑙 𝐻𝐼𝑉 𝑐𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛]  − [𝑓𝑖𝑛𝑎𝑙 𝑟𝑒𝑎𝑐𝑡𝑖𝑣𝑎𝑡𝑒𝑑 𝑎𝑛𝑑 𝑎𝑐𝑡𝑖𝑣𝑒 𝐻𝐼𝑉 𝑐𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛]

 [𝑖𝑛𝑖𝑡𝑖𝑎𝑙 𝐻𝐼𝑉 𝑐𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛]
)  ∗ 100 

To calculate the overall effectiveness of the treatment, the following formula was used: 

(
[𝑖𝑛𝑖𝑡𝑎𝑙 𝐻𝐼𝑉 𝑐𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛]  − [𝑓𝑖𝑛𝑎𝑙 𝐻𝐼𝑉 𝑐𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛]

 [𝑖𝑛𝑖𝑡𝑖𝑎𝑙 𝐻𝐼𝑉 𝑐𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛]
)  ∗ 100 

The difference between these two formulas lies in the fact that the cytotoxic efficacy equation 

does not include latent HIV-1 cell counts since latent cells are not impacted by cytotoxicity and 

instead only the LRA. However, latent HIV-1 cell counts are included in the overall treatment efficacy 

calculation.  
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Appendix C 

This appendix details the parameters utilized in both ABM Models  

C.1 ABM Model Parameter Derivations 

Experimental studies estimate cART efficacy between 90-99% [33–35,56]. For this model, cART 

efficacy was set at 95%, converted to a per-tick rate of 5.82%. The probability of reactivating a latent 

HIV-1 cell through the use of an LRA is cited as 10% [45], converted to 0.21% per tick. The per-tick 

probabilities were calculated using: 

1-(1-x)0.02  

Where x is the experimental value. 
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