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Abstract

In this study, we employ non-uniform Cellular Automata (CA) to simulate drug treatment of HIV
infection, where each computational domain may contain different CA rules, in contrast to normal
uniform CA models. Ordinary (or partial) differential equation models are insufficient to describe
the two extreme time scales involved in HIV infection (days and decades), as well as the implicit
gpatial heterogeneity (Fischl, M.A. et a., 1990; Hershberg, U. et a., 2001; Kirschner D.E. and
Webb, G.F., 1997a). Zorzenon dos Santose R.M. (2001) reported a cellular automata approach to
simulate three-phase patterns of human immunodeficiency virus (HIV) infection consisting of
primary response, clinical latency and onset of acquired immunodeficiency syndrome (AIDS),
Here we report a related model. We developed a non-uniform CA model to study the dynamics of
drug therapy of HIV infection, which simulates four-phases (acute, chronic, drug treatment
responds and onset of AIDS). The results of our basic drug therapy of HIV infection model indicate
that both simulations (with and without treatments) evolve to the relatively same steady state
(characteristic of Wolfram’'s class Il behavior). The results of our advanced drug therapy of HIV
infection model, including lymphocytes mobility and threshold concept for Piptect and Preyi, indicate
that the healthy cells can evolve into undetected level. Three different drug therapies (mono-
therapy, combined drug therapy and highly active antiretroviral therapy HAART) can also be
simulated in our model. Our model for prediction of the temporal behavior of the immune system

to drug therapy qualitatively corresponds to clinical data.
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| ntroduction

Immune system of vertebrate is complex and efficient defense system for exterior invasion such as
bacteria and virus. The intelligence of immune system inspires many computational researchers to
get close insight into its mechanism as an intelligent nature solver. For instance, its memorization
of lymphocytes and decentralization of defense concept has been employing in Network defense
system. On the other hands, computational scientists also supply an additional tool for
immunologists to do experiments using computer instead of in vivo experiments. Some immune
experiments are time-consuming, immeasurable or dangerous. With advantage of fast, easy and
cheap, many researchers reveals enthusiasm in computer simulation for different aspects of
immune system. In this project, we would like to simulate drug therapy for infection of human
immunodeficiency virus causing acquired immunodeficiency syndrome (AIDS).

In this chapter, we will give brief introduction of immune system, particularly lymph node we
simulated. And we will aso introduce the mechanism of HIV drug therapy and supply a survey of
computational models for HIV infection and drug therapy. In the end of this chapter, we describe
the goals for this project and questions to answer. In the second chapter, we explain the original
model published in a reference (Zorzenon dos Santos, R.M. and Coutinho, S., 2001), the
correctness for this model and our own model inspired on the original model. The following
chapter three, we show implementation results both of the correctness of the original model and of
our own model. In the last chapter four, we will discuss the problems in the experiments and future

work.

1.1 Immune System

Immune System is complex protective system, especialy vertebrate, which includes lymph organs
and lymphocytes. The organs mainly consist of spleen, bone marrow, thymus and lymph nodes.
Each organ has particular function.

Lymphocytes

The most abundant lymphocytes are B-lymphocytes (simply called B cells) and T lymphocytes
(likewise caled T cells). Although mature lymphocytes al look pretty much aike, they are
extraordinary diverse in their functions. B cells differentiate into plasma cells and secrete
antibodies. Most of T cells in the body can be distinguished by two kinds of present molecular



(glycoproteins) on their surface, which are CD4 and CD8, respectively. CD8 T cells (also caled
cytotoxic T lymphocytes, CTLs) secrete molecules that destroy infected cells. CD4 T cells (also
called helper T cells) bind to antigen presented by B cells. The result is the development of clones
of plasma cells secreting antibodies against the antigenic material.

Bone Marrow

B cells are not only produced in the bone marrow but also mature there. But the precursors of T

cells leave the bone marrow and mature in the thymus (which accounts for their designation)

Thymus

Immature T cells are transferred to the thymus and undergo a complicated maturation process.

Soleen

The spleen is magor center for B cells to congregate. The vast mgority of B cells situates
themselves in the spleen and carry out their functions here. There is no need for them to migrate to
sites of infection and tissue damage unlike T cells which must migrate. From the view of model,
we mainly concern the lymph nodes because most of important immune interactions lie on this
organ.

Lymph nodes
Lymph nodes are numerous and widespread throughout body. They form a network linked together

by the lymphatic system vessels. The lymphatic system has been utilized by the immune system as
a communication and transport network for lymphocytes and antigen presenting cells (APC)
culminating in regional repositories of immune cells called lymph nodes.

Along the length of the lymphatic vessels are smooth, oval lymph nodes. They are frequently
situated at the junction between several lymphatic ducts and consist of densely packed immune
system cells, in particular antigen presenting cells, B and T lymphocytes. Each lymph node is
plumed into the lymphatic system with several, ducts extending from it. There is at lease one and
more likely severa afferent lymphatic ducts bringing cells and plasma to the node. There are
efferent lymphatic ducts leaving the lymph node ultimately to drain back into blood stream.
Lymphnodes are very dynamic organs. The bulk of the cells are mobile, with large volumes
entering leaving the nodes each day. Antigens (such as virus) may be free in the lymph fluid or be
contained by APCs suspended in the lymph. The lymph mode acts as a reservoir with numerous

sinuses “network” for lymph fluid. The lymph is passed through these “network” and enters the



efferent duct and leaves the lymph node. During this period, free floating antigens or antigens
adding APCs are picked up to T and B cells presenting in the node.

The migration of T cells and APCs through a lymph node a continuous, but when a foreign
stimulatory antigen is encountered in alymph node the movement of cellsin and out of the node is

prohibited for up to 24 hours.

1.2  Drug Therapy

AIDSand CD4 T cells

AIDS provides a vivid and tragic illustration of the importance of CD4 T cells in immunity. The
HIV binds to CD4 molecules and thus is able to invade and infect CD4 T cells. As the disease

progresses, the number of CD4 T cells declines below its normal level of about 1000 per microliter.
The reason for this might be explained that CD8 T cells destroy the infected CD4 T cells
continuously and the rest uninfected CD4 cells might be induced to commit suicide (apoptosis).
When the number of CD4 T cells drops below 400 per microliter, the ability of the patient to mount
an immune response declines dangerously. Not only does the patient become hypersusceptible to
pathogens that give all of us grief but aso to microorganisms, especialy virus and fungi, that
normally inhabit our tissues without harming us. Eventually, the patient dies of these opportunistic
infections.

How HIV harms

The virus spreads from one person to another usually through sexual intercourse, direct exposure to
contaminated blood, or transmission from a mother to her fetus or suckling infant. In the body, HIV
invades certain cells of the immune system—including CD4, or helper, T lymphocytes—replicates
inside them and spread to other cells.

At the start of an infection, hefty viral replication and the killing of CD4 T cells are made manifest
both by high levels of HIV in the blood and by a dramatic drop in millimeter of blood. About three
weeks into this acute phase, many people display symptoms reminiscent of mononucleosis, such as
fever, enlarged lymph nodes, rash, muscle aches and headaches. The maladies resolve within
another one to three weeks, as the immune system starts to gain some control over the virus. That
is, the CD4 T cell population responds in ways that spur other immune cells-CD8, or cytotoxic, T

lymphocytes—to increase their killing of infected, virus-producing cells. The body also produces



antibody molecules in an effort to contain the virus, they bind to free HIV particles (outside cells)
and assist in their removal.

Degspite al this activity, the immune system rarely, if ever, fully eliminates the virus. By about six
months, the rate of viral replication reaches a lower, but relatively steady, state that is reflected in
the maintenance of viral levels at akind of “set point”. This set point varies greatly from patient to
patient and dictates the subsequent rate of disease progression; on average, eight to ten years pass
before a magjor HIV-related complication develops. In this prolonged, chronic stage, patients feel
good and show few, if any, symptoms.

Their apparent good health continues because CD4 T cell levels remain high enough to preserve
defensive responses to other pathogens. But over time, CD4 T cell concentrations gradually fail.
When the level drops below 200 cells per cubic millimeter of blood, people are said to have AIDS.
As levels dip under 100, the balance of power shifts away from the immune system. HIV levels
skyrocket, and microbes that the immune system would normally control begin to proliferate
extensively, giving rise to potentially deadly opportunistic infections that are the hallmarkers of
AIDS. Once such disease appears, AIDS frequently becomes lethal within a year or two.
Opportunistic infections sometimes occur before the CD4 T cell level falls under 200; in that case,
the appearance of the infections leads to a diagnosis of AIDS, regardless of the CD4 T cell level.
Although patients typically survive HIV infection for ten or eleven years, the course can vary
enormously. Some die within a year after infection, whereas others (4-7%) maintain fully normal
CDA4 T cell countsfor eight years or more and survive beyond 20 years.

Time course of HIV infection

Currently, clinicians employ two common laboratory markers for detection of disease progression,
such as the amount of virus (viral load of HIV RNA) and the number of T helper cells (CD4 T cell
count) in blood. Immune response for typical virus infection, varying from days to weeks, present a
three-phase pattern (seeaso Fig. 1).

- Acute Phase: During a few weeks (varying from two to six weeks), a transient and dramatic
jump of plasmavirion level is present (in the Figure 1) with a marked decrease of immune cell
count, following by a sharp decline.

- Chronic Phase: During a few years (average eight to ten years), the immune system partialy
eliminates the HIV virus and the rate of viral production reaches a lower, but relative steady.
Cd4 T cell concentration gradually fall.



- AIDS Phase: An outbreak of the virus (varying from one to two years), together with
constitutional symptoms and onslaught by opportunistic disease, cause death. The Cd4 T cell
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Figure 1 Time course of HIV infection including three phases: Acute, Chronical and AIDS phases

Mechanism of HIV invasion

The cell level mechanism isthat HIV invades and destroys CD4 T lymphocytes. First the virus gain
access to the interior of these cells by binding to CD4 itself and t another molecule, a* co-receptor”
on the cell surface. Such binding enables HIV to fuse with the cell membrane and to release its
contents into the cytoplasm. Those contents include various enzymes and two strands of RNA that
each carry the entire HIV genome: the genetic blueprint for making new HIV particles.

One of the enzymes, reverse transcriptase copies the HIV virus into double-strand DNA (a property
that qualifies HIV as aretrovirus). Then a second enzyme, integrase, helps to splice the HIV DNA
permanently into chromosome in the host cell. When a T cell that harbors this integrated DNA (or
provirus) becomes activated against HIV or other microbes, the cell replicates and also unwittingly
begins to produce new copies of both the viral genome and vira proteins. Now another HIV
enzyme (a protease) cuts the new protein molecules into forms that are packaged with the virus's
RNA genome in new vira particles. These particles overwhelm and kill the cell that produced

them.



Mechanism of Drug Therapy

All approved anti-HIV, or antiretroviral, drugs attempt to block vira replication within cells by
inhibiting either reverse transcriptase or the HIV protease. Two classes inhibit reverse transcriptase
and thus forestall genetic integration. Agents in one of these classes, the nucleoside analogues,
resemble the natural substances that become building blocks of HIV DNA, when reverse
transcriptase tries to add the drugs to a developing stranding of HIV DNA, the drugs prevent
completion of the strand. This group includes the first anti-HIV drug zidovudine (AZT), which was
introduced in 1987, and its close chemical relatives. Nonnucleoside reverse transcriptase inhibitors,
composed of other kinds of substances, constitute the second class of antiretrovirals. A third class,
the protease inhibitors, blocks the active, catalytic site of HIV protease, thereby preventing it from
cleaving newly made HIV proteins.

At any stage, vira levels correlate with prognosis. Many studies specifically relating those levels to
disease progression suggest that patients whose vira concentrations fall into the undetectable realm
and stay there are most likely to avoid progression to AIDS. Thus, these findings imply that the
amount of virus in the system plays a magjor role in determining a patient’s fate. That is why
therapy must aim to shut down vira replication. For the vast majority of patients, whose immune
systems cannot fight HIV adequately unaided, aggressive drug offers the best chance for long-term
well-being. It appears, however, that even patients who respond well to therapy (in whom
replication stops) will have to continue taking the medicine and perhaps indefinitely. The reason
has to do with the presence in the body of HIV-sequestering havens that are not eradicated by
antiretroviral therapy.

History of HIV drug therapy

With the new drug development, three kinds of drug therapies were used. Standard monotherapy
treatment with reverse transcriptase inhibitors (such as zidovidine) alone, which typicaly yield
CD4+ T cell counts increasing by only about 30 per cubic millimeter, peaking at 3 months and
returning to baseline within 1 year (Fischl et a., 1990). Improved combined drug therapy with later
developed protease inhibitors (such as ritonavir and indinavir) together with standard reverse
transcriptase inhibitor, yields (1) viral titers falling to < 1% of pre-treatment values after a few
weeks of treatment and (2) CD4+ T cell countsrising by > 100 per cubic millimeter (normal CD4 +
T cell counts lie between 800-1200 per cubic millimeter in blood plasma) (Stephenson, et al. 1996;
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Travis, 1996). Because of incompletely blocking the replication pathway and occasionally creation
of aresistant virus stain against drug, the CD4 T cell counts turn over to the pre-treatment baseline
within few weeks (Fig. 2). The problem of drug resistance in the treatment has become an
increasing significant barrier in the effectiveness of AIDS immune-therapy. Currently, there is no
single drug that can completely prevent HIV from replicating. Treatment with drug combinationsis
in only 50% of the cases successful in inhibiting vira replication to undetectable levels (50 copies
per microliter). In the remaining 50% of cases viruses can be detected with areduced sensitivity to
one or more drugs from regimen of the patients. Newly developed therapy, highly active anti-
retroviral therapy (HAART), indicates that it is best way to achieve maximum viral suppression.
HAART consists of triple drugs (mostly three or more) including two nucleosides and a protease
inhibitor. Theoretically, the emergence of drug resistant HIV variants during HAART can be
prevented if HAART either inhibits HIV replication for 100%, or if the level of ongoing replication
is so low and effective virus population has been reduced so strongly by HAART, that the
probability of generation and selection of drug resistant HIV variants is negligible. It is unknown
for how long suppression of HIV replication can be maintained with currently available
antiretroviral regimens. Current clinical trials showed that plasma HIV RNA levels can be
suppressed to undetectable level at least 2 to 3 years (Finzi, D., et a., 1999; Finzi, D. et a., 1997,
Pakker, N.G., et d., 1999; Rinaldo, Jr C.R., 1999). Many issues about HAART are still needed to
confirm. Future research focus on whether low level of residual replication despite plasma HIV
RNA levels 50 copies will result in the emergence of multidrug resistant HIV variants and

virologic markers of treatment failure.
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Figure 2 Clinica data for mono-therapy (CD4+T count is compared with baseline): (a) This study
administered patients either with a placebo control (has line) or AZT (solid line) for 62 weeks. The
treatment started when CD4 T counts were between 200 and 500/ml (Fischl, M.A., et a., 1990). (b) The
results indicated that the effects of mono-therapy AZT on non-progressors can hot be sustained above
baseline for more than 70 weeks (Vella, S., et al., 1994).

3 Related work

1.3.1 Uniform and Non-uniform CA

Cdlular automata (CA) provide us with a means to model complex dynamical phenomena by
reformulating the macroscopic behavior into microscopic and mesoscopic rules that are discrete in
gpace and time. The states of the discrete elements (cells) organized in aregular grid, are updated
synchronously according to a uniform local interaction rule (Mielke, A. and Pandey, R.B., 1998).
Uniform CAs have three notable features. massive parallelism, locality of cellular interactions and
simplicity of cells (finite state machines). Non-uniform CAs have first been investigated by
Vichniac (1989) who discussed a one-dimension CA in which a cell probabilistically selects one of
two rules, at each time step. In this study, we use non-uniform CAs to explore the huge space of

this complex system. The three essential CA features are preserved in this non-uniform model.

1.3.2 Computational Task and Related Work

Modeling the population dynamics of cells in immune response relevant to HIV has recently
attracted a considerable interest (Kirschner, D.E. and Webb, G.F., 1997b; Hershberg, U., et a.,
2001; Stilianakis, N., et al., 1997; Toffoli T. and Margolus, N, 1987; Vella, S., et a., 1994;
Zorzenon dos Santos, R.M. and Coutinho, S., 2001). Currently, the only two ways to model this
dynamics of the immune response with respect to the pathology and therapy of HIV infection are
analytic PDE and ODE models and cellular automata models. Analytical approaches are successful

12



to describe different aspects of HIV infection dynamics (Fischl, M.A., et a., 1990; Hershberg, U.,
et a., 2001; Toffoli, T. and Margolus, N., 1987). But they have strong limitations to describe the
two time scales observed in the time course of infection in term of weeks and years and have
serious difficulties in exploiting spatial information.

Cdlular automata are recently regarded as a good strategy to model this spatial -temporal dynamics
with emphasis on local interactions. Mielke et al., developed a fuzzy interaction model for mutating
HIV with a fuzzy set of 10 interactions for macrophages, helper cells, cytotoxic cells and virion
(Stilianakis, N., et al., 1997). Hershberg et al., (2001) indicated, using a microscopic simulation,
that the time course of AIDS is determined by the interactions of the virus and the immune cellsin
the shape space of antigens, and that it is the virus® ability to move more rapidly in this space (its
high mutability) which cause the time course and eventual " victory" of the disease (Kirschner,
D.E. and Webb, G.F., 1997b). This model clearly showed the three stages of the disease. A simple
set of CA rules was used to model the evolution of HIV infection by Zorenon dos Santos et al.
(2001). The three phase patterns were also presented and the results indicated that the infected cells
organize themselves into spatial structures, which are responsible for the decrease in the
concentration of uninfected cells, leading to AIDS (Zorzenon dos Santos, R.M. and Countinho, S.,
2001). This CA model inspires the drug therapy simulation presented here. In this model we can
investigate the HIV infection dynamics with therapy using microscopic simulations. The main
ingredients in our model are destruction of previously emerged spatial patterns (wave-like and
solid-like structures) and reconstruction of new spatial patterns (wave-like structures) due to
incorporation of the drug therapy concept. In the sequel we will refer to the Zorenon dos Santos®
model as the HIV Infection Model (HI model) and our model as the Drug Therapy of HIV
Infection Model (DTHI model).

13



The Computational M odel

Here we gradually illustrate the basic concepts of DTHI. The first subsection introduces shortly the
context of the problem, including the models of ODE/ PDE. The second section presents the CA
rules and corresponding description for mimicked biological concepts in the HI model as well as
the correctness for one of rules. The third section describes two dynamic models (accumulative and
threshold methods) for Prei(te) and Pinrec(tc) as well as corresponding biological concepts. The
subsequent section (the fourth section) reveals two models (Brownian and modified TM-GAS
models) for lymphocyte mobility. The biological background is also presented. Finally we defines
our DTHI models (basic and advanced) in the last section.

2.1 TheProblem of Modeling Drug Therapy

With continuous progress of medical and biological research, three kinds of therapy have been
gradually developed. The long-term survival with combined drug therapy is considered to be longer
than with mono-therapy. The appearance of resistance virus against HAART is apparently much
longer than with combined drug therapy. Up to now, the extension of long-term survival with
HAART is not yet known. Mathematical ODE/PDE models have difficulties to simulate the four
phases (acute, chronic, drug treatment responds and AIDS) in one model but have also difficulties
to unify three therapies into one model. Because these models could not describe two kinds of time
scales (weeks in primary response and years in the clinical latency and AIDS) which might be
related to two kinds of interactions: one local and fast, and the other long-ranged and slow
(Zorzenon dos Santos, R.M. and Coutinho, S., 2001).

2.2 TheHI Model

Here we first review the rules and biological descriptions of HIV infection model (HI) with Moore
neighborhood and periodic boundary from reference (Zorzenon dos Santos, R.M. and Coutinho, S.,
2001).

[Rule 1] Update of a healthy cell.
(a) If it has at least one infected-A 1 neighbor, it becomes an infected-A1 cell.

14



The spread of the HIV infection by contact before the immune system had developed its specific

response against the virus.

(b) If it has no infected-A1 neighbor but does have at least R (2<R<8) infected-A2 neighbors, it
becomes infected-A1l.

Before dying, infected-A2 cells may contaminate a healthy cell if their concentration is above some
threshold.

(c) Otherwise it stays healthy.

[Rule 2] Aninfected-Alcell becomes an infected-A2 cell after t time steps.

An infected cell is the one against which the immune response has devel oped a response hence its
ability to spread the infection is reduced. The t represents the time required for the immune
systems to develop a specific response to kill an infected cell. A time delay is requested for each
cell because each new infected cell carry a different lineage (strain) of the virus. Thisis the way to
incorporate the mutation rate of the virus in this model. On the average, one mutation is produced
in one generation due to the error occurrence during HIV transcription. Assume that mutation in
each tria isvaried in thismodel due to the stochastic characteristics.

[Rule 3] Infected-A2 cells become dead cells.
The depletion of the infected cells by the immune response.

[Rule 4]

(a) Dead cells can be replaced by healthy cells with probability Prey in the next step (Prep = 99%)
or remain dead with probability 1 - Py

The replenishment of the depleted cells mimics the high ability of the immune system to recover
from the immuno-suppression generated by infection. As a consequence, it will also mimic some

diffusion of the cellsin the tissue.

(b) Each new healthy cell introduced, may be replaced by an infected-A1 cell with probability Pintec

15



The introduction of new infected cells in the system, either coming from other compartments of the

immune system or from the activation of the latent infected cells.

2.3. HI model with dynamic Prey(t) and Pinsec(t)
Prep (Prenl = 99%) indicates the probability of the replenishment of the depleted cells. It mimics the
high ability of the immune system to recover from the immuno-suppression generated by infection.
As aconsequence, it will also mimic some diffusion of the cellsin the tissue.
Pintec (Pinfec = 10) represents the probability of the introduction for new infected cells in the
system, either coming from other compartments of the immune system or from the activation of the
latent infected cells.
Most of biological processes are accumulative and dynamic process. To keep Prgy and Pinsec 8
constants does not reflect the real biological process. The process of destroying immune system
should be gradual and time-dependent process under the condition of HIV infection. With the
recessiveness of replenishment, the probability of infection also gradually increase. Thus, we
introduce the following equation (1) to simulate the gradual recessiveness of replenishment. We
also employ the following equation (2) to simulate the increment of infection ability. We named it
accumulative method in this study.

Prepi(tct1) = 0.999* Preni(tc) Q)

Pinfec(tct1) = 1.02* Pinsec(tc) 2
Clinical results demonstrate that the probability of opportunistic infections increase especialy at
last stage AIDS. Alternatively, we can simply set up a threshold value (CD4+T counts = 200).
Once the immune system evolves below this threshold value, the probability of replenishment start
to decrease and the probability of infection sharply increase. The relationship can be described as
the two following equations:

Prepi(tct1) = 0.99* Prepi(tc) (3

Pinfec(tc+1) = Constant +1.01* Piprec(tc) 4)
Where Constant is temporally equal to 0.01. This value needs to be determined by clinical data We
named it threshold method.

2.4 HI model with lymphocytes mobility
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Lymphnodes, simulated in this study, are very dynamic organs. The bulk of the lymphocytes as
well as other cells are highly mobile along lymphatic system. Unlike cycle blood stream system,
lymph flow including antigens (virus) and lymphocytes will be finally terminated to the blood
stream. The lymph mode acts as a reservoir with numerous sinuses “network” for lymph fluid.
Meanwhile, when a foreign stimulatory antigen (virus) is encountered in a lymph node, the
continuous migration of lymphocytes will be prohibited for up to 24 hours.
In order to simulate the mobility mentioned above, we simply summary as following:
Lymphocytes can continuously move and interact in the lymph node, and this movement can aso
be interrupted for a short period. Thus, we employ Margolus neighbors (2 X 2 block rule). At every
step the simulation system is partitioned into two—cell blocks. This partition is changed at every
step, so that information could travel from place to place. The movement starts after the primary
infection. Because virus infection mainly focus on monocytes in the blood stream at the beginning
and infect lymphocytesin the lymphatic system later.
In this study, we used two ways to let the lymphocytes move and the movement start after
primary response. One is the two-dimensiona shuffle, namely 2D-Brownian, which either (1)
rotate the block’s contents one-quarter turns clockwise or (2) rotate it counterclockwise. In the
present diffusion model, the decision to rotate a block in one or the other direction will depend
on the outcome of a coin toss.
The additional rule at the beginning of rule setsis Brownian Motion (throw atoss and decide which
rotation).
This mimics the flow including lymphocytes is continuously mobile and highly dynamic, which
transfer the immune information within lymphatic system. In fact, this model is just to stir the
lattice. And its main weaknessis that the dead cell also moves.

Another way to modd is that we modify the TM-GAS rule, whose collision conserve

momentum as well as energy.

TM-GAS:
IF CENTER COLLISION
ELSE PHASE { CCW CW}
THEN > PLNO

17



Which means that two particles collide, the corresponding block is not rotated at all. Otherwise, the
block will rotate either clockwise (CW) or counter clockwise (CCW). Thus the momentum and
energy (in term of number of particles) are conserved.
Modified TM-GAS:

IF DEAD CELL COLLISION

ELSE PHASE { CCW CW}

THEN > PLNO
Which represents that if there is a dead cell checked in the block, the corresponding block will not
rotate. Otherwise it will rotate either CW or CCW which depend on the status phase.
The modified rule describe that lymphocytes move strait in the lymph node and the number of them
is kept as constant. But the dead cells will block its movement till they are vanished. Of course, the
momentum is not conserved at this mode. But this also reflect the real case which the lymphocytes
will be prohibited for 24 hrsin the lymph node (not move) and the size of lymphnode will enlarge

for two folds.

25 DTHI Model

2.5.1 Basic DTHI model

Based on the HI model, we incorporate the drug therapy process into the CA model for drug
therapy. All approved anti-HIV, or anti-retroviral, drugs attempt to block viral replication within
cells by inhibiting either reverse transcriptase or the HIV protease. In addition to the ‘delayed’
infection modeled in Rule 1b and the latent infection in Rule 4b, the main source of HIV infection
in the HI model is Rule 1a. We limit the range of HIV infection (infected A1 cells) by giving arank
level N (73 N 3 0).

This mimics the principle that the drug prevents the virus from replication, resulting in less
efficient infection. N represents the effectiveness of each drug. The bigger N, the less efficient the
drug. Different drug therapies are modeled by different response functions Pes, Over the time. Preg
represents the response function for each drug therapy, which have effects on the infected A1 cells
after the starting of a drug therapy. This models the fact that the drug therapy will not immediately
influence al of infected A1, but rather it will affect part of them at each time step. Over time these
effects of drug therapy can (and will) decay. At the same time, this also mimics the concept of drug

resistant virus strains.
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[Modified Rule 1] Update of a healthy cell:

If there is one A1 neighbor during the time of drug therapy, N (73 N 3 0) neighbor healthy cells
become infected-A1 in the next time steps with probability Pres,. Otherwise, all of eight neighbors
become infected-A1 cells. N isrelated to effectiveness of each drug. Non-uniform CA rulesis used
when the therapy starts. At the time step t. during the therapy, Presp(tc) infected-Al cells have rank
N and 1- Presp(tc) infected-A1l cells have the max rank eight.

[Modified Rule 3] We propose to adapt Rule 3 by adding “In The Next Time Step©This mimics the
fact that infected-A2 cell will aso be present in the lymph-node for a short time but with less
infection ability, compared to infected-A1 cells.

[Therest of rules|] don®change.

2.5.2 Advanced DTHI mode

We combine different ssmple models into one complex model. This model consider dynamic
Prepi(tc) @nd Pinrec(tc) (accumulative or threshold methods), lymphocytes mobility (Brownian model
or modified TM-GAS model) and therapy model. Based the comparison among different
combinations, a suitable and reasonable model for drug therapy of HIV infection will be generated

eventualy.

19



Simulation Results

3.1 HI Modd Simulation

3.1.1 HI Mode Simulation with Modified Rule 3
To repeat the HI model, we use the same parameters as reference (Zorzenon dos Santos, R.M. and

Coutinho, S., 2001), using a Moore neighborhood, periodic boundary conditions on a lattice of 700
sites, initial infected Al cells (with Py = 0.05), t = 4 and R = 4. Because the delay parameter t
may vary from 2 to 6 weeks, and the number of infected-A2 neighbors vary from 3 to 7 due to
some of threshold. In Fig. 3, we show the densities of healthy, infected (A1 and A2) and dead cells
using the modified Rule 3 with the other rules the same as in the HI paper. The results are averaged
over 500 simulations. The variance which do not show here is consistent with Fig. 2 in reference
(Zorzenon dos Santos, R.M. and Coutinho, S., 2001). The reason to do this modification of the
Rule 3 comes from two facts. Analyticaly, infected A2 cells will be only present transiently in the
lattice during execution of a set of rules if we don®modify Rule 3. Infected A1l cells, however do
have an opportunity to be present because of its related t time steps. Moreover, there is hardly
opportunity for Rule 1b to contribute. As a consequence the evolution speed with which the cells
enter the AIDS phase is too fast, without correction and Rule 1b has no chance to be activated. Our
simulations show that the density of the dead cellsin Fig. 3 are shifted one time step with respected
to the results shown in reference (Zorzenon dos Santos, R.M. and Coutinho, S., 2001). This results

in a required conservation of densities of healthy, infected and dead cells, normalized to unity in

each time step.

wears
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Figure 3 Three-phase dynamics with two time scales (weeks and years) were obtained which were primary
response (within 12 weeks), clinical latency (within 10 years) and AIDS (steady state after 10 years). The
solid, hash and hash-dot lines represent hedthy, infected (A1 and A2) and dead cells respectively. The
density of dead cells shifted one time step, compared with the result of HI model. The evolution speed of
cells with corrected rule was consistent with the result of HI model, but was slower than the result without
correction.

In this model, we aso take close ook at the local behavior and spatial structures. A set of critical
snapshots is shown in the Fig. 4. The initia 5% virus (infected A1) was randomly distributed in
700X700 lattice. After 6 weeks, the virus was proliferated and reaches its top concentration in the
primary infection. Only 0.01% healthy cells (labeled in blue) can be seen in Fig. 4 b. The acute
phase was terminated in 12 weeks and two typical structures were formed, which were wave-like
and solid-like structures in Fig. 4 c. They propagated in all directions with light speed in Fig. 4 d.
The solid-like structures can either combine with other solid-like structures or join with wave-like
structures in Fig. 4 e. Wave-like structures continuously launch a propagating wave front of
infected cells with width (t + 1) in Fig 4 f. This structure is generated due to the interplay between
rule 1b, 4a and 4b (Zorzenon dos Santos, et al., 2001). With these structures grow, the number of
infected cells increases and the number of healthy cells decreases. As observed in infected patients
during the latency period. (Fig. 4 g and h). Finaly these structures cover the whole lattice, with the

densities of each cell evolving into steady states, which were shown in Fig. 4i andj.
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Figure 4 Snapshots of basic HI model for different timestpes: 1, 6, 12, 20, 50, 100, 200, 300, 400, 500 and
600, corresponding to figure4 a, b, ¢, d, f, g, h, i and j. (Parameter: Py = 0.05, Prgy = 0.99, Piyrec = 0.00001)

3.1.2 HI Model Simulation with Reasonable Parameters

In the Figure 1, we notice that the CD4 + T cells dramatically drop to around 50% in the acute
stage. But in the above model, this count drops to 0.01% in the figure 3. To improve this, we use
initiation parameter Py = 0.005 instead of Py = 0.05in the Fig. 5. In the original paper, the Pyy
= 0.05 was chosen based on the observation that one in 10° or 100° T cells harbor viral DNA during
the primary infection (Schnittman, et al. 1990; 1998). It is reasonable for us to choose the average
Phiv = 0.005. Meanwhile, clinical result in Fig. 1 also indicates that the viral load is very low in the
primary infection. Our simulation result in the Fig. 5 show that this change improve the
performance in term that both CD4 + T cells (Fig. 5 @) and vira load (Fig. 5 b) are close to clinical
profilein the Fig. 1. But the weakness for this change is that the time the primary infection extends
from 13 weeksto 20 weeksin Fig. 5.
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Figure 4 Different Py, values (Pyv = 0.05 as contral; Py = 0.005) () Healthy Cells (CD4+ T Cell), whose
Phiv value is 0.005, drop to only 40% in the Acute phase and the evolution is postponed for around 10
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weeks. (b) Infected Cells (Vira load), whose Py valueis0.005, increaseto only 60% in the Acute phase.
(c) Dead Cells, whose Py, value is 0.005, increase to 15%.

The comparison of local behavior and spatia structures between different parameter Py showed
that low concentration of virus resulted in delayed generation of wave-like structure, which highly
contribute to the decrease of healthy cells and increase of increase of virus (Fig. 6).

@) - (b) B
Figure 6 Pattern comparison. It indicate that wave-structure source with parameter (P = 0.005) (a) is
generated later than that of (P = 0.05) (b) at same time step (100).

Another important parameter is Prgy = 0.99, which ssimulate the high ability of the immune system
to replenish the depleted cells. We prefer Prey = 0.999 rather than Prey = 0.99. The reason for this
change is based on three points. Firstly we think high replenishment ability should be at 0.001 level
or even high level. Secondly we will use the dynamic time-dependent variable Py instead of Prey
as constant. Finally we like to show the important role which the Py play in this model.

The effects of this change is the evolution delay into steady stage for each cell in Fig. 7 a, b and c.
Because the new infected cell [(1-Prepi)* Pintec] is reduced around 10 times (from 0.01* Piysec tO
0.001* Pirtec). The wave-like structure is also generated later and only solid-like structures are

showninFig. 8.
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a
Figure 8 Pattern comparison indicate that when Py = 0.999 (b) instead of Py = 0.99 (&), the wave-
structure generation is much slow. Snapshot at time step 100 is shown.

3.1.3 HI Model with dynamic Pyey(tc) and Pinsec(tc)

3.1.3.1 HI Mode with accumulative method

Clinical data indicate that the healthy cells (CD4 + T cells) finally evolve into undetected level
(under 50 copies per ml) or even to zero. To mimic this concept, we describe two methods
(accumulative and threshold methods) in the Computational Moddl part. In the Fig. 9, the healthy
cells eventually evolved towards to zero in the AIDS phase (Fig. 9 a@). And the viral load also
reaches its highest concentration (titer count) at the last phase. Compared with HI model without
using this method, they are much close to the clinical data. However, the weakness for this method
is that we notice that they stay for along time in the AIDS stage in term of 350 to 600 weeks. To
overcome this, threshold method is submitted which start its function only when the CD4 + T
counts below 200. Comparison will be showed in the subsequent part.
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Figure 9 Dynamic Prey(t) and Pinec(t) (Accumulative method: Prey(t +1) = 0.99* Prgy(t), Prepi(to) = 0.999;
Pintect(t+1) = 1.02* Pipec(t), Prepi(t)) = 0.00001) (a) Healthy Cells (CD4+ T Cell), (b) Infected Cells (Viral
load) and (c) Dead Cells.

The influence for loca behavior and spatial structure is shown in the figure 10 ato g. The left part
is the simulation without this method and the right is to employ this method. The interplay between
Prepi(t) and Pinsec(t) result in more solid-like structures generated in Fig. 10 b than that of Fig. 10 a
The wave-like structure is generated earlier in Fig. 10 d than those of |eft part (Fig. c, e, g, i and k).
The left part generates a wave-like structure till timestep 500 (Fig. 10 m). The main ingredient of
influence by this method is to disturb the wave-like structure. It starts from the center of wave-like
structure (Fig. 10 f and h) and then spread to entire structure (Fig. 10 j). The healthy cells reduce
gradually (Fig. 10 | and n) and vanish eventually (Fig. 10 ). Only infected cells and dead cells are
left in the lattice (Fig. 10 Q).
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(0) (a)
Figure 10 Pattern effects with dynamic Prey(t) and Piye(t) a timestep 50, 100, 150, 200, 300, 400, 500, 600.

Left pictures are standard parameter as control. And right pictures are dynamic Py (t) and Pipec(t).

3.1.3.2 Comparison between Accumulative method and Threshold method

The threshold method shortens the period that healthy cells evolve from 200 count to zero (Fig. 11
a), as well as corresponding viral load (Fig. 11 b) and dead cells (Fig. 11 c). It can smoothly
approach to zero by selecting suitable constants in the equations 3 and 4 (data not shown).
Obviously the profile of accumulative method evolve to 200 count faster than that of threshold
method as the function start earlier. And the profile also shows smoothly. During the last stage
(AIDS) in accumulative method, the lost healthy cells mostly become dead cells. On the contrary, it

seems that the lost healthy cellsin threshold method change into infected cells.

(@
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(©)

Figure 11 Comparison between two models of Dynamic Py (t) and Pinec(t), which are accumulative model
and threshold model. Threshold method: Pe(tc+1l) = 0.99* Pgyi(te); Pirtec(tctl) = Constant +1.01* Piprec(tc).
(a) Healthy Cells (CD4+ T Cell), (b) Infected Cells (Viral load) and (c) Dead Cells.

The comparison of local behavior and spatial structure among accumulative, threshold and control
(Prept @nd Pinrec 8s constants) methods show that both methods destroy the wave-like structures and
result in chaosin the system (Fig. 12 ¢, e, f, h and i). But we still can see some ambitious wave-like
structures (Fig. 12 ) in timestep 500 in the threshold method.
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Figure 12 Pattern Comparison between two models of Dynamic Prg(t) and Pigec(t), which are accumulative
model and threshold model. Left pictures are non-dynamic replacement as control, middle pictures are
threshold model, and right pictures are accumulative model. The timesteps are 400 (a, b, ¢), 500 (d, e, f) and
600 (g, h, i).
3.1.4H1 Model with lymphocytes mobility
3.1.4.1 HI Model with Brownian movement for lymphocytes mobility
Once the Brownian movement starts, the healthy cells immediately drop to AIDS stage in Fig. 12.
The reason is that when the infected cells move, it will widen the infection area (neighbors). But
when the entire lattice is covered, the effect of this movement is not obvious. Because the
movement will not increase their infection area. This can be seen in the AIDS stage in Fig. 12.

Thus, it relatively extends the period of AIDS phase.
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Figure 12 Brownian Model for lymphocytes mobility. The converged speed is accelerated, compared with
that without mobility.

From the point of local behavior and spatia structure, Brownian movement is kind of stirring the
lattice. It will destroy origina solid-like and wave-like structures and make them filled with
infected cells (Fig. 13 a and b). Consequently many new source center of virus are formed in the
figure 13 c and d. But the edges are still kept as strait lines. This can be explained that the coarse
edges only can be obtained at first severa timesteps. After several weeks, the infected cells will
filled in those “ traps’, which only have one or two cell wide. Thisis due to 2X2 block. Eventually,

these source centers will cover the whole lattice.

€Y (b)
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(c) (d)

Figure 13 Snapshot of Browniarselzll odel for lymphocytes mobility. Timesteps arg)ZO @, 21 (b), 30 (c), 40
(d), 100 () and 150 (f).

3.1.4.2 HI Model with modified TM-GAS movement for lymphocyte mobility

To correct the weakness of Brownian model which is only to stir the lattice without much
biologica meaning, we modified the TM-GAS model. The performance can be seen in the figure
14. Although there is not much obvious difference in term of profile, the biological concepts are
enhanced into this model.

36



Figure 14 Modified TM-GAS Model for lymphocytes mobility. The converged speed is accelerated,
compared with that without mobility.

The influence of this movement is slightly different from that of Brownian movement (Fig. 15). It
still keeps ambitious wave-structure at the edges in Fig 15 ¢ and d. This results from the fact that
not every movement will success, for instance, when the 2X2 block contain a dead cell. If they

meet the dead cells, no movement is alowed. However, they eventually evolve into final stage.

@ (b)
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(€) ()
Figure 15 Snapshot of Modified TM-GAS Model for lymphocytes mobility. Timesteps are 20 (a), 21 (b), 30
(c), 40 (d), 100 (e) and 150 (f).
3.1.4.3 Comparison between Brownian and modified TM-GAS mode for lymphocytes mobility
The profile of healthy cells are similar in the figure 16 a. The virus of Brownian movement is more
than that of modified TM-GAS due to stronger shaking the lattice (Fig. 16 b). And thus

corresponding dead cells are less than that of modified TM-GAS.

38



@

(b)

(©)

39



Figure 16 Comparison between Brownian model and modified TM-GAS model for lymphocytes mability.
(a) Comparison of CD4+ T cells. The profiles are nearly same. (b) Comparison of viral load count. The viral
load of Brownian model is higher than that of modified TM-GAS model. (¢) Comparison of dead cells. The
dead cells of Brownian model are lower than that of modified TM-GAS model.

3.2 DTHI Modée Simulation

3.2.1 Basic DTHI model

In the previous sections, we modified the rule of HI model and optimized the parameters towards to
reasonable clinical facts. In this section, we introduced more new rules to model the response of the
system to drug therapy. In figure 17 four different time scales (weeks and years) can be observed.
The data shown were averaged over 500 simulations. The first acute phase indicates the fast
proliferation of the original HIV strains before the actual immune system response. This phase ends
when specific immune response occurs for these strains. The next phase, the chronic phase that
takes years, is the phase where the viral load increases slowly and CD4 counts decrease slowly.
When CD4 T counts drop to a certain level (normal 200 to 500 counts per ml), the drug therapy is
started. In this phase, virus replication is blocked and CD4 T counts increase. Once resistant strains

against the drugs evolve, the last phase of the disease occurs disrupting the whole immune system.

Figure 17 Four-phase dynamics with two time scales (weeks and years) were obtained, which were
gualitatively comparable with clinical data. The solid, hash and hash-dot lines represent healthy, infected
(A1 and A2) and dead cdlls respectively. The vertical hash line indicates the starting point of the therapy.
The profile indicated that after primary response, the CD4 T cells decreased gradually in the latency period.
Once the therapy started, CD4 T cell count increased due to the drug therapy. Finaly they evolved into
AIDS stage due to the resistance against drug.

Our simulation results indicate that the extension of long-term survival is dependent on the drug

effectiveness (N) and the response function (Presy). Because the N is the infected neighbor allowed
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by certain drug. The high quality of the drug (modeled by small N) efficiently prevents the virus
from replication, and thus few resistant new viruses are generated. As a consequence, a relatively
prolonged long-term survival is obtained such as shown for N=0in Fig. 18.
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Figure 18 Different drug effectiveness with the same response function P, Was observed, which were N=0,
N=1, N=4, N=7 and no treatment locating from the top to the bottom in this figure respectively. The results
here qualitatively simulated mono-therapy and combined therapy.

We can also simulate HAART treatment by selecting a suitable Preg(t) response function over the
time, such as Pregp2 and Pregp3 in Fig. 19. As it mentioned before, response functions Pres(t)
represents the response function for each drug therapy, which have effects on the infected A1 cells
after the starting of a drug therapy. We chose Pre2 = 0.95*[1-(t-300)/300] and Presp2 = 0.97,
corresponding to Prep2 and Presp3. This function selection is highly related to clinical data in the

future.

Figure 19 Different response functions (Pres,) With the same drug effectiveness (N = 0) were obtained, which
were Prepl, Presp2 and Presp3 lOCating from the top to the bottom of the figure respectively. Pes,1 simulated
the completely recovering therapy. P2 and Pres,3 Simulated the current HAART therapy. Vertical hash
line represents the starting of the therapy.
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From the view of local behavior and spatial structures, two typical spatial structures (wave-like and
solid-like) are shown just before the starting of therapy in Fig. 20 a. After the therapy started,
original spatial structures disappeared due to the limitation of infection, and only new resistant
virus against drug were left in the lattice (Fig. 20 b). They developed and formed new virus sources
wave-like structures (Fig. 20 c¢). Eventually, they evolved into AIDS phase. Only wave-structures
were |eft and covered the whole lattice. The steady states was reached, in which the concentrations
of each cell were kept relatively fixed and patterns of structures were unchanged (Wolframs class |
behavior) (Fig. 20 d).
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Figure 20 a, b, ¢ and d Four snapshots of the whole lattice (700 X 700) at different time stepsin the trial of
Fig. 19 (Presp3), Smulated by the DTHI model. The dark grey, light grey, white and black represent healthy,
infected A1, infected A2 and dead cells respectively. Figures (@) to (d) indicated time steps 300, 400, 500
and 600 respectively. The treatment starts at 300 time steps.

3.2.2 Advanced DTHI Model

3.2.2.1 DTHI model with Brownian movement and Threshold method

The therapy start at 200 timesteps, the CD4 + T cell count gradually increase and finally recover to
normal level (800-1200) in the figure 12 a. It suggests that the therapy successfully prevent HIV
from replication and reduce the viral load to undetected level (50 copies per ml) in the figure 12 b.

Meanwhile, the dead cells also decrease alot in the comparison with no therapy.
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(©)
Figure 21 Brownian model with drug therapy treatment (Pes, = 0.975, N = 8). (a) Comparison of CD4 + T
cells between with therapy and without therapy. (b) Comparison of viral load counts between with therapy
and without therapy. (¢) Comparison of dead cells between with therapy and without therapy.

3.22.2 DTHI Mode with Modified TM-GAS Movement and Threshold Method

All of the three profiles (Headlthy, Viral load and dead cells) are similar to those of Brownian
movement. But the sloop for each profile is smaller that the corresponding profile of Brownian
movement. This is due to the difference of the rules used by each movement, which we mentioned
inthe3.1.4.2 and 3.1.4.3.
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Figure 21 Modified TM-GAS model with drug therapy treatment (P, = 0.975, N = 8). (8) Comparison of
CD4 + T cells between with therapy and without therapy. (b) Comparison of viral load counts between with
therapy and without therapy. (c) Comparison of dead cells between with therapy and without therapy.

3.2.2.3 Comparison of local behavior and spatia structure between DTHI with Brownian
and Modified TM-GAS movement

Although the profiles are similar, the local behavior is different. After starting the therapy, both
models begin to destroy the original structures (in Fig. 22 ¢ and b). The reminding virus tends to
form different new source centers (in Fig. 22 e and f). They also try to explore the new uninfected
area (neighbors) in the figure 22 g, h, i and j. The difference between these two modelsis that when
they finish their exploration, the modified TM-GAS model <till keep their source centers
distributed widely (Fig. 221, n and p). But the source centers of Brounian model are vanished in the
original area (Fig. 22 k and m), and only source centers in the new area are left (Fig. 22 0). This
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implies that modified TM-GAS keeps distribution of the infected centers diversity. On the contrary,
Brownian keeps the distribution accumulative. This might be the reason that Brownian model
evolvesinto fina stage faster than that of modified TM-GAS model.
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Figure 22 Pattern comparison between Brownian model and modified TM-GAS model with the same drug
therapy treatment. Therapy started from 200 time steps whose CD4 T cell counts were 300. Time steps are
200 (aand b), 205 (c and d), 215 (e and f), 240 (g and h), 300 (i and j), 400 (k and I), 500 (m and n) and 624
(o and p). Left pictures are Brownian model and the right are modified TM-GAS model.
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Conclusion and Discussion

The main success of the present model is the adequate modeling of the four-phases of HIV
infection with different time scales into one model. Moreover, we could aso integrate al of the
three different therapy procedures into one model. The simulations show a qualitative
correspondence to clinical data. This model overcome the weakness of ODE/PDE model, which
fail to describe the multiple time scales observed in the course of therapy treatment for HIV
infection. These mean-field-like models also do not take into account the local interaction and the
gpatial inhomogeneities, caused by localization of the initial immune respond in the lymphoid
organs. Non-uniform cellular automaton supplies us a room to take close insight into the local
behavior and spatial structure in this model. Successful simulation for these different time scales
allow us dynamically to study the two kinds of interactions. one local and fast, the other long-range
and slow. This is the main ingredient in our model. Beside these, another shining point in our
model is to unify diverse clinical procedures into one single model as well as incorporating with

many important biological conceptsinto this model.

In our model, the average distance of infected cells play an important role. In the primary response
phase, the independent infection pulse will achieve a maximum coverage of the lattice if the
average distance is less than or equal to (2t + 1). Because the pulse width is (t + 1). Normally the
higher density of infected cells, the smaller the average distance is. Thus, the infected cells will
reach its maximum at t + 1 and achieve its minimum at 2(t + 1). In the clinical phase, the new
infected source (Pnewinfec = Prenl * Pinfec) according the Rule 4, is much small than Py in the
primary responds phase. Thus it takes a longer time to cover the lattice. In fact, the latency period
is highly dependent on the average distance between source and on the probability of occurrence of
such sources. The utility of dynamic Prey (t) and Pinsec (t) inCreases Prewintec. BeCaUse the increase
speed of Pinrec (t) is bigger than the decrease speed of Py (). Thus, it shortens the latency period.
As to the mobility, it accelerates the infection speed. This results in sharp decrease of the average
distance of infected cells. The convergent speed upto steady stage is much faster. On the contrary,
therapy model increases the distance by reducing the infected cells.
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Two typical kinds of structures are observed in our model, which are solid-like and wave-like. The
formation of wave-like structure results from the interplay between Rule 1b, 4a and b. Experiment
result indicate that the system will not evolve into AIDS phase if only solid-like structures are
generated. Only if wave-like structures are produced, even only unique wave-like structure, the
system will evolve into AIDS phase. Wave-like structure is not robust whichever we incorporate
with accumulative/threshold model or Brownian/modified TM-GAS model. Once we employ
accumulative or threshold model, the inner square waves will become circle and then the wave
become ambitious. When we incorporate mobility models, this wave-like structure will vanish
immediately. Solid-like structure will be filled in infected cells when we add one of these models.
Form the dynamic point of view, the robustness is not good for these two structures obtained in our
model. Only one exception is that we add therapy into HI model. The wave-like structure will keep
robust. It means new sources against drug therapy are still wave-like. But it is rare to observe the

solid-like structures. This needs to figure it out in the future work.

Both profiles of two mobility models are similar and their mobilities contribute to the fast
convergence. In the real immune system, the cell mobility enhances the cell interactions, which
include removing antigens and transporting virus and memory lymphocytes along the lymphatic
system. From this point, our model mimics the real system. In our final DTHI model, we employ
modified TM-GAS model instead of Brownian model. Because modified TM-GAS model presents
the biological concepts well. Compared with origind TM-GAS model which has mass and
momentum conservation, our modified model does not keep momentum conversation but mass
conversation. Actually, the real biological system does not keep this conversation. We know that
immune system is “one-way ticket” trip rather than blood stream. When infected by virus, the
lymph nodes in the immune system will change their volumes. These compromise that the
momentum does not conserve, but mass in term of number of lymphocytes relatively conserved in
the lymph node. Because there is no proliferation in lymph nodes. The weakness of our mobility
model is that the convergent speed is too fast. Our mobility enhances the original infection speed.
To overcome this, we might consider to move cells only over a short period instead of every
timestep. This correction has to consider the clinical data to select suitable short period.

Alternatively, we also can give a certain probability to let cells move instead of every cell in the
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lattice. TM-GAS is just smple model to simulate the gas movement. We also can take other

advanced algorithm to replace it in the near future.

Variance in this model come from the probability of occurrence of infected cell sources. In the
primary respond phase, there is nearly no difference as well as steady phase (AIDS). Only
differenceisin the latency period. Each of our models demonstrates the same property at this point.

Thusthisis not our interest in this study.

In fact, our model supports a more flexible approach to mimic different therapies through the use of
mapping the parameter space of Py, (1) to clinical data. Pres (t) is different functions of time step,
corresponding to different therapies. In this study, we employ different constant Py, (t) over time
step for mono-/combined therapy and linear Py, (t) over time step for HAART therapy. Therefore

there is ample room to incorporate biologically more relevant response functions into the model.

To mimic clinica data and facts continuously become our important interest during this study.
Incomplete datais our obstacle in the procedure of simulation. For instance, there is no clinical data
including four phases for each of three therapies. We also can not let people only take one kind of
drug and prohibit him/her from taking other efficient drug later. Sample size is also important fact
which influence the accuracy of simulation. Thus, the questions like this somehow influence us to
determine the Preg, (t). To use relatively complete data such as mice is an aternative choice for us
to model. After we achieve good result, we can transfer or modify the parameter to human in the

future.

In the future, we need to consider incorporating more biological concepts to extend our model. The
healthy cells (CD4 + T cells) cover al of the lymphocytes in our model. In fact, CD8 + T cells also
play an important role during the period of HIV infection. Meanwhile, monocytes is the main target
in the early infection and then turn to infect CD4 + T cells. The virus harboring in blood stream
influence the latency period. Biological facts like these will be considered in our future model.
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