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Abstract 

Infectious disease such as COVID-19 poses a considerable threat to public health when a pandemic 
strain emerges. Constructing a reliable mathematical model helps us quantitatively explain the kinetic 

characteristics of antibody-virus interactions, which could provide a reasonable prediction toward many 
sensitive concerns faced by the public, such as how to calculate protection time provided by the specific 

vaccine.  A novel and robust model is developed to integrate antibody dynamics with virus dynamics 

in the host body. Our model is based on a comprehensive understanding of immunology principles rather 
than a simple data-fitting attempt by arbitrarily mathematical function selection. The physical-based 

mechanism would bring this model more reliable and broader prediction performance. This model gives 
quantitative insights between antibody dynamics and virus loading in the host body. Based on this model, 

we can estimate the antibody dynamic parameters with high fidelity. We could solve lots of critical 

problems, such as the calculation of vaccine protection time. We can also explain lots of mysterious 
phenomena such as antibody inferences, self-reinfection, chronic infection, etc. We suggest the best 

strategy in prolonging the vaccine protection time is not repeated inoculation but a directed induction 

of fast binding antibodies. Eventually, it will also inform the future construction of the mathematical 
model and help us fight against those infectious diseases. 

 

Keywords:  sars-cov-2，  antibody dynamics，   vaccine，   protection time，   mathematical 
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Introduction 

The sars-cov-2 epidemic has caused more than 230 million infections and over 4.75 million deaths 
worldwide, and it will be difficult to disappear in a short time based on current trends [1-3]. Vaccination 

has become an excellent approach to fighting COVID-19 infections. As vaccination efforts have become 

widespread, we better understand the antibodies produced by vaccines or natural infections. It is 
gradually realized that sars-cov-2 antibodies, whether acquired from natural infection or triggered by 

vaccination, decay over time, with a concomitant decrease in protective efficiency. Unlike antibodies 
produced by vaccinations such as smallpox, these antibodies do not provide durable protection [4]. 

According to public opinion polls, a significant portion of the population is reluctant to be vaccinated. 

Of the many reasons, two are the most important. The first is that the hesitation group is concerned 
about the side effects of vaccination, such as blood clots, etc. [5, 6]. This problem is relatively easy to 

handle, and we can solve it by controlling the dose of the vaccine or by using a safer vaccine. 

Nevertheless, there is a lack of a valid mathematical model to predict the possibility of side effects or 
optimize the optimal vaccination dose. The second is that many people believe that vaccines do not 

provide long-lasting protection and, not only that, they fear that the body will show less immunity and 
become more fragile to mutant strains after vaccination in the long term. The second question is more 

difficult to answer because, based on current statistical data, we have observed a significant decrease in 

the immune effect of the vaccine against mutant strains.  At present, it still shows an overall positive 
effect on protection, and the magnitude of the mutation of the virus must increase further with time, so 

whether the neutralizing antibodies induced by this vaccine will maintain a positive protective power is 
still an open question. It is essential to answer this question regarding whether vaccination is warranted 

from a long-term perspective. We do not have access to future clinical data. We need to give predictions 

on this issue because individual cases of vaccination against some infectious diseases have shown that 



vaccinated individuals may exhibit higher mortality over time and that vaccination with some vaccines 
may interfere with the efficacy of other vaccines. [7-8] Also, as the issue of the duration of vaccine 

protection has emerged, more people are concerned about how long the protection can be provided by 
the antibodies triggered by their immune response [4, 9]. 

 

Constructing a reliable mathematical model helps us quantitatively explain the kinetic characteristics of 
antibody-virus interactions, which could provide a reasonable prediction toward those sensitive 

concerns faced by the public. Researchers have conducted many studies on this problem in terms of 

mathematical modeling [10-21]. 
Specifically, depending on whether the immune response is integrated into the models, traditional 

models can be divided into two categories; the first sets are models that do not take the immune response 
into account [10-14], that is, traditional viral kinetic models, which the following equation can be 

classically expressed        𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑  =  𝑠𝑠𝑠𝑠 −  𝑑𝑑𝑠𝑠 −  𝛽𝛽𝑠𝑠𝑇𝑇 ； （1）               𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 = 𝛽𝛽𝑠𝑠𝑇𝑇 − δI;                        (2) 𝑑𝑑𝑇𝑇𝑑𝑑𝑑𝑑 = 𝑝𝑝𝑑𝑑 − 𝑐𝑐𝑇𝑇;                           (3) 

              
Where T denotes the target cells or the number of susceptible cells, I denotes the number of cells where 

the infection has occurred, and V denotes the number of viruses. There are two critical disadvantages to 
this model. The first is that it does not correlate with the body's immune response, and therefore does 

not provide more accurate information on viral changes. The second problem is that forcing the data fit 

inevitably leads to underestimating the value T0. This model assumes that the driving force behind the 
virus increase, decay, and elimination process is due to the depletion of susceptible cells. This 

assumption is incorrect because biologically speaking, the number of susceptible cells is a significant 

value, including almost all cells in the host body, and even at the moment when the virus is finally 
eliminated, the number of susceptible cells still does not drop to zero, but remains on a considerable 

value basis. 
The second sets are models that consider the immune response, where the classical expression of the 

model that considers antibody binding is displayed as follows [15-21]. 𝑑𝑑𝑠𝑠𝑑𝑑𝑑𝑑 =  𝜒𝜒𝜒𝜒 –  𝛽𝛽𝑠𝑠𝑇𝑇；             （4） 𝑑𝑑𝑑𝑑1𝑑𝑑𝑑𝑑 =  𝛽𝛽𝑠𝑠𝑇𝑇 −  𝑘𝑘𝑑𝑑1；          （5）  𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 = 𝜔𝜔𝑇𝑇 −  𝛼𝛼𝑑𝑑 ；              （6）  𝑑𝑑𝜒𝜒𝑑𝑑𝑑𝑑 = 𝛿𝛿𝑑𝑑2 –  𝜒𝜒𝜒𝜒；                  （7）  𝑑𝑑𝑑𝑑2𝑑𝑑𝑑𝑑 =  𝑘𝑘𝑑𝑑1  −  𝛿𝛿𝑑𝑑2；              （8） 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 =   𝑓𝑓𝑇𝑇 −  ℎ𝑑𝑑 ；               （9） 𝑑𝑑𝑇𝑇𝑑𝑑𝑑𝑑 =
𝑝𝑝

1 + 𝜀𝜀1𝑑𝑑 
𝑑𝑑2  −  𝑐𝑐𝑇𝑇 −  𝛾𝛾 𝑠𝑠𝑇𝑇 –  𝜅𝜅𝑇𝑇𝑑𝑑；   （10） 

 

Where T denotes the overall number of susceptible cells, A denotes the number of antibodies, V denotes 

the amount of virus, D denotes the number of dead cells, F denotes the amount of interferon in 

nonspecific immunity, 𝑑𝑑1 denotes the number of cells infected in class 1, and 𝑑𝑑2denotes the number of 

cells infected in class 2. This model effectively combines antibody dynamics with viral changes. 
Nevertheless, this model has several noticeable flaws. The first is the lack of physical solid mechanism 

support, where the idea that antibody change is linearly and positively correlated with virus 



concentration in 
𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 =   𝑓𝑓𝑇𝑇 −  ℎ𝑑𝑑   in Eq. (9) lacks biological mechanism support. Also, 

𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 =𝑝𝑝1 + 𝜀𝜀1𝐹𝐹 
𝑑𝑑2  −  𝑐𝑐𝑇𝑇 −  𝛾𝛾 𝑠𝑠𝑇𝑇 –  𝜅𝜅𝑇𝑇𝑑𝑑 in Eq. (10) again lacks a robust biological mechanism to support it. 

Specifically, the proliferative capacity of the virus is not equal to 
𝑝𝑝1 + 𝜀𝜀1𝐹𝐹 

𝑑𝑑2, while the -𝛾𝛾 𝑠𝑠𝑇𝑇 in the third 

term on the right-hand side of equation (10) also lacks sufficient experimental data to support it. The 

second drawback of this model is that it cannot consider the kinetic characteristics of antibodies. 
Different antigen-binding antibodies will exhibit different kinetic characteristics, and this difference in 

binding affinity or binding activity is an essential factor influencing the kinetic changes of both. 
Different antibodies will reflect different binding kinetic characteristics while causing different 

characteristics of viral kinetic changes. However, those conventional models do not take this into 

account. The third point is also fatal. This model, or this class of models, uses too many compartments. 
Although multiple compartments can increase the refinement of the model, a significant concern that 

arises is that it is impossible to solve the parameters with certainty. The increment in parameters sets 
will display a better fitting performance but at the cost of scarification of prediction reliability. The 

estimation results are more likely to be locally optimal solutions rather than globally optimal solutions. 

Such different locally optimal solutions can all exhibit excellent fitting performance, but their prediction 
curves are very different, making the application of multi-parameter estimation highly unreliable.    

To summarize, although models of antibody kinetics have significantly been advanced and developed 

in recent years, they are still at a highly primitive stage. Therefore, we present here a novel theory of 
antibody kinetics and apply this model to carry out the prediction of many critical problems and the 

interpretation of complex phenomena. The model we have developed differs from previous research 
efforts in several ways. 

First: we do not seek the mathematical formula that best fits the experimental data by simply picking a 

mathematical formula. Instead, we attempted to build a mathematical model that is supported by 
physical principles or biochemistry principles. We have emphasized the pernicious effect of antibodies 

on pathogenic microorganisms while noting the activating effect of pathogenic antigens on antibodies 
based on immunological principles. We present this activating effect in a robust mathematical form. 

Second: We have developed a dynamic model that hypothesizes that environmental factors maintain 

memory cell levels. We consider the natural decay of antibodies while arguing that their decay trend is 
not continuously maintained all the time. Antigen-like substances in the environment can maintain 

specific B cells or T cells at certain concentration levels. 

Third: We have developed a dynamic model to represent the antigen-antibody binding process. This 
binding dynamic is described in both the binding process and dissociation, rather than simply using 

equilibrium constants to calculate the number of antibodies or viruses bound at a given point in time. 
 

Based on the basic principles of immunology, we have established the theoretical hypothesis of antibody 

kinetics. According to the mechanism description of immunology, although human immunology 
contains many components and its compartments are incredibly complex, in summary, the core 

components include two aspects.  Those two are the process of antigen recognition with B-cell 

antibodies generated by germline cell differentiation and the process of B-cell presentation of antigen 
to T-cells that will promote specific B-cell proliferation [22]. We have represented these two processes 

in a mathematical model, and the specific principles and processes are given in more detail in the results 
and methods sections. 

Then we realize that if there are certain levels of B cells in the body that can bind to the antigen but with 

weak binding affinity, it might diminish the opportunity for Germline B cells to come into contact with 
the antigen. This might decrease the opportunity of the solid binding B cells, which is produced by the 

differentiation of Germline B cells to proliferate further. As for vaccination, we would like to induce 
the production of large doses of strongly binding neutralizing antibodies. However, due to differences 

in B-cell constructions between individuals, individuals who already have weakly binding antibodies in 

their body may inhibit the production of large amounts of specific antibodies, which is what we define 
as antibody interference. We next demonstrate utilizing mathematical modeling that antibody 

interference is likely to be present within our immune system and that this interference may be one of 

the reasons for the differences in efficiency between individuals after vaccination. Further wet 



experiments can test our hypothesis. For instance, for the experimental group vaccinated with the 
original antigen, secondary vaccination with the variant antigen produced significantly lower 

concentrations of specific neutralizing antibodies against the variant antigen than the control group who 
are not vaccinated with the original antigen and directly vaccinated with the variant antigen. 

Given the presence of antibody interference, it is an open question whether vaccinated individuals will 

exhibit strong or weak immunity to future highly mutated viruses. Because the presence of low-binding 
neutralizing antibodies in their bodies can eliminate the virus to some extent, but at the same time create 

a barrier to the proliferation of high-binding neutralizing antibodies, it is still unknown the effect on the 

overall effect viral load will be. Therefore, we need to use mathematical simulations to quantify how 
such low-binding antibodies affect the overall change in virus in vivo. 

Our antibody kinetic model also answers the following critical and exciting questions. 
First: How are memory cells maintained? 

Second: How does our immune system screen for antibodies which have a strong binding affinity? 

Third: Why do people who get influenza or other vaccines have a lower mortality rate from COVID-
19? 

Fourth: How can we effectively calculate the duration of protection of a specific antibody? 
Fifth: Why are some of the recovered COVID-19 patients retested as positive cases without infections 

from other people? 

Sixth: How are chronic infections triggered? 
Seventh: Why do vaccinations show considerable differences in protection efficiency? 

Eighth: How can we improve the protective efficiency and duration of vaccines? 

 
Methods 

 
1 Mathematical representation of the antibody production process 

We established the following equation to represent the proliferation process of antibodies 

 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 = �1 +
𝑥𝑥𝑑𝑑�𝑛𝑛 ∗ 𝑑𝑑 ∗ 𝛼𝛼 − 𝑑𝑑；                           (11) 

 𝑑𝑑𝑥𝑥𝑑𝑑𝑑𝑑 = 𝑘𝑘1 ∗ 𝑧𝑧 ∗ (𝑑𝑑 − 𝑥𝑥)− 𝑘𝑘2 ∗ 𝑥𝑥 − 𝑥𝑥;                (12) 

 

  
𝑑𝑑𝑧𝑧𝑑𝑑𝑑𝑑 = 𝛽𝛽 ∗ (𝑧𝑧 − 𝑥𝑥)− 𝑧𝑧;                                            (13) 

 

 

Where x denotes the amount of antibody bound to the antigen, y denotes the total number of antibodies, 
and z denotes the number of viruses. α denotes the decay coefficient of the antibody, which is related to 

the half-life of the antibody, and α is a coefficient less than 1. β denotes the proliferation coefficient of 

the virus, which is related to the replication ability of the virus, and the greater the replication ability of 
the virus, the greater the value of β, and the value of β is a coefficient greater than 1. n is also a constant, 

which denotes the antigen-like substance stimulatory ability to immune T cells, the stronger the 
stimulatory ability, the larger the value of n, the greater the proliferation ability of T cells to B cells, and 

the faster the growth rate of antibodies. 𝑘𝑘1 denotes the binding constant of the binding reaction 

between antibody and viral antigen, and 𝑘𝑘2 denotes the reaction coefficient of the dissociation reaction 
of the antibody-virus complex. What we need to explain here is equation (12). This equation is different 

from the following term: 
𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 = 𝑘𝑘1 ∗ 𝑧𝑧 ∗ (𝑑𝑑 − 𝑥𝑥)− 𝑘𝑘2 ∗ 𝑥𝑥  by adding a -x term further. Because 

according to our theory, the former binding proportion of antibodies denoted as x will be consumed or 

depleted by the killing cells. Therefore, the time derivative of x is different from traditional biochemical 
reactions. 

2 Mathematical modeling including environmental antigens 

 



𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 = �1 +
𝑥𝑥𝑑𝑑�𝑛𝑛 ∗ 𝑑𝑑 ∗ 𝛼𝛼 + �1 +

𝑝𝑝𝑑𝑑�𝑐𝑐 ∗ 𝑑𝑑 ∗ 𝛼𝛼 − 𝑑𝑑；       (14) 𝑑𝑑𝑥𝑥𝑑𝑑𝑑𝑑 = 𝑘𝑘1 ∗ 𝑧𝑧 ∗ (𝑑𝑑 − 𝑥𝑥 − 𝑝𝑝)− 𝑘𝑘2 ∗ 𝑥𝑥 − 𝑥𝑥;                     (15) 𝑑𝑑𝑝𝑝𝑑𝑑𝑑𝑑 = 𝑘𝑘3 ∗ 𝑞𝑞 ∗ (𝑑𝑑 − 𝑥𝑥 − 𝑝𝑝)− 𝑘𝑘4 ∗ 𝑝𝑝 − 𝑝𝑝;                     (16) 𝑑𝑑𝑧𝑧𝑑𝑑𝑑𝑑 = 𝛽𝛽 ∗ (𝑧𝑧 − 𝑥𝑥)− 𝑧𝑧;                                                        (17) 𝑑𝑑𝑞𝑞𝑑𝑑𝑑𝑑 = 0;                                                                                 (18) 

 

Where x denotes the number of antibodies bound to the viral antigen; y denotes the total number of 

antibodies; z denotes the number of viruses; q denotes the amount of antigen-like substances in the 
environment; p denotes the number of antibodies bound to antigen-like substances in the environment; 

α denotes the decay coefficient of the antibody, which is related to the half-life of the antibody, α is a 
coefficient less than 1; β denotes the proliferation coefficient of the virus, which is related to the 

replication ability of the virus, the greater the replication ability of the virus, the greater the value of β, 

β is a coefficient greater than 1. The greater the ability of the virus to replicate, the greater the value of 
β, which is a factor greater than 1. n is also a constant, which indicates the stimulating ability of viral 

antigen-like substances to immune T cells, the stronger the stimulating ability, the greater the value of 
n, the stronger the proliferation ability of T cells to B cells, and the faster the growth rate of antibodies. 

c is also a constant, which indicates the stimulating ability of environmental antigen-like substances to 

immune T cells. The stronger the stimulating ability, the greater the value of c, the greater the 

proliferative capacity of T cells to B cells, and the faster the rate of antibody growth. 𝑘𝑘1 indicates the 

binding constant of free antibody and viral antigen, and 𝑘𝑘2 indicates the reaction coefficient of the 

dissociation reaction of the antibody-virus complex. 𝑘𝑘3 indicates the binding constant of free antibody 

and antigen-like substances in the environment, and 𝑘𝑘4  indicates the reaction coefficient of the 

dissociation reaction of the antibody-antigen-like substance complex. In the modeling part, we set c = 

n =1 for simplicity while admitting that different antigens' stimulating potentials are different. We also 

set the overall amount of antigen-like substances in the environment as a constant value different from 

the pathogen dynamics. 
 

3 A simplified model simulating the proliferation of antibodies with different binding kinetic 

characteristics by the immune system 

 𝑑𝑑𝑑𝑑𝑖𝑖𝑑𝑑𝑑𝑑 = �1 +
𝑥𝑥𝑖𝑖𝑑𝑑𝑖𝑖 −𝑤𝑤𝑖𝑖�𝑐𝑐 ∗ 𝑑𝑑𝑖𝑖 ∗ 𝛼𝛼 +𝑤𝑤𝑖𝑖 − 𝑑𝑑𝑖𝑖；                        (19) 

 𝑑𝑑𝑥𝑥𝑖𝑖𝑑𝑑𝑑𝑑 = 𝐾𝐾𝐾𝐾𝐾𝐾𝑖𝑖 ∗ 𝑧𝑧 ∗ (𝑑𝑑𝑖𝑖 − 𝑥𝑥𝑖𝑖)− 𝐾𝐾𝐾𝐾𝑓𝑓𝑓𝑓𝑖𝑖 ∗ 𝑥𝑥𝑖𝑖 − 𝑥𝑥𝑖𝑖;                   (20) 

 

  
𝑑𝑑𝑧𝑧𝑑𝑑𝑑𝑑 = 𝛽𝛽 ∗ �𝑧𝑧 −� 𝑥𝑥𝑖𝑖𝑛𝑛𝑖𝑖=1 � − 𝑧𝑧;                                                (21) 

 

Where xi denotes the amount of the i-th antibody that binds to the viral antigen, 𝑑𝑑𝑖𝑖 denotes the total 

number of the i-th antibody, z denotes the number of viruses, α denotes the decay coefficient of the 
antibody, and β denotes the proliferation coefficient of the virus. c is a constant which indicates the 

ability of the viral antigen-like substance to stimulate immune T cells; the more potent the stimulation 
ability, the larger the c value, the more substantial the proliferation of T cells to B cells, and the faster 

the rate of antibody growth.  𝑤𝑤𝑖𝑖 is also a constant that indicates the threshold for maintaining the i-th 

antibody by the antigen-like substance in the environment.  𝐾𝐾𝐾𝐾𝐾𝐾𝑖𝑖 denotes the binding constant of the 

free antibody i and the viral antigen.  𝐾𝐾𝐾𝐾𝑓𝑓𝑓𝑓𝑖𝑖denotes the reaction coefficient for the dissociation reaction 

of the antibody i viral complex. 



We use MATLAB to build the system of ordinary differential equations and the simulation solution 
using the ode15 function.  

4 Parameter estimation using a global searching approach 

In order to estimate the parameters in results 5.3, we developed a simple global searching approach. A 

least square approach is applied. An objective function is set up as the deviation between experimental 

data and prediction data. Then a step size is chosen to allow the parameter increase from the lower limit 
to its upper limit.  

The pseudocodes are presented as follows 

for i = 1: n 

   para(1) = C1*(1+step_size)^(i); 

   for j = 1:m 

para(1) = C2*(1+step_size)^(j); 

       Prediction(i,j) = f(para(1),para(2)); 

Obj(i,j) = ( experiment_data - prediction)^2; 

end 

end 

 

we can obtain the parameter value by seeking i and j with the minimal value of Obj. 

 
Results 

 

1 Physical mechanism behind this model 

 

Our antibody model is based on the following four theories. 
The first is the reciprocal relationship between the antibody and the pathogen-like substance. The T 

cells will achieve proliferation of the B cells through the antigen-presenting process, or more directly, 

the T cells will proliferate the antibody that can bind the antigen. The rate of this stimulation is expressed 
by equation (11) in the model. 

The second is the kinetic relationship between the antibody and the antigen-like substance, and this 
antigen-antibody binding is represented by the kinetic equation (12). 

The third is the pernicious effect of antibodies on pathogenic-like substances, expressed in equation 

(13). 
Fourth, and importantly, we believe that the maintenance of memory cells is dependent on antigen-like 

substances in the environment. That is, once an antibody is produced, it has a half-life, and after the loss 

of antigen-like stimulation, there is a gradual decline in the overall concentration of the antibody, but 
this decay is not always continuous; the rate of decay decreases gradually over time, and the final 

concentration is maintained at a relatively weak level. Sometimes we refer to the immune cells during 
this period as memory cells. We believe that the antigen-like substances in the environment stimulate 

the so-called memory cells that maintain a specific concentration. Because the binding of the antigen-

like substances is significantly weaker than that of the original antigen, they can eventually maintain a 
relatively weak antibody level rather than eventually going away. Thus, we propose there is a presence 

of a corresponding environmental threshold for a particular antibody in the simulation. This hypothesis 

could also explain why some antibodies can persist in the body without their concentration decreasing 
all the time. This mechanism might also contribute to the maintenance of what we usually call memory 

cells, which are not a specific type of immune cell, but simply a state of equilibrium between their decay 
and the value added by environmental stimuli at a relatively low concentration, and thus the persistence 

of such antibodies in the human body. The presence of the maintenance effect of this type of antigen 

allows us to produce lifelong immunity to some pathogens. 
1.2 Maintenance of memory cells: the environmental antigen maintenance theory 

 
How memory cells are maintained, and environmental factors stabilize memory cells. 

Here below, we use an example to illustrate how environmental antigen-like substances help maintain 

immune cells.  



 

As described in the methods part, the total number of antibodies is represented as y, and the number of 

antibodies that bind is x. An antibody decay rate is a ubiquitous number which we set α to be 0.98. The 
virus proliferation constant β is set to be 1.1. when the equilibrium state is reached, the following two 
equations will be satisfied.  𝑘𝑘3 ∗ (𝑑𝑑 − 𝑥𝑥) ∗ (𝑞𝑞 − 𝑥𝑥) = 𝑘𝑘4 ∗ (𝑥𝑥 + 1);      (22) �1 +

𝑥𝑥𝑑𝑑� ∗ 𝛼𝛼 = 1;                                             (23) 

Equation (22) stands for the equilibrium state when the binding antibody remain stable. 
Equation (23) represents the number of antibodies reaches equilibrium 

In turn, the theoretical level of final antibody maintenance can be calculated as 

     𝑑𝑑 = �𝑞𝑞 − (𝑘𝑘4 + 1)
1− 𝛼𝛼𝑘𝑘3(2𝛼𝛼 − 1)

� 𝛼𝛼
1− 𝛼𝛼 ;        (24) 

Although the theoretical antibody maintenance levels are difficult to achieve during the actual kinetics, 

the presence of antigen-like substances in the environment dramatically attenuates the rate of antibody 
decay. The results of the simulations are shown in figure 1. 

 
 

Figure 1A: antibody and virus dynamics modeling using different q(0) value. As shown in 

figure 1A, the antibody decay rate is significantly slower (shown in yellow curve) when there is large 

amount of environmental antigen-like substances. The parameter sets we used are x(0) = 0, y(0) = 100, 
z(0) = 10, q(0) = 1000 or q(0) = 1000000, k1 = 1e-5, k2= 1e-14, k3 = 1e-8, k4 = 1e-14. 
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Figure 1B: antibody and virus dynamics modeling using different q(0) value. As shown in 

figure 1B, the antibody decay rate is significantly slower (shown in yellow curve) when K3 sets a large 

value which represents there is a better binding kinetics between environmental antigen-like stuff and 
its corresponding antibody. The parameter sets we used are x(0) = 0, y(0) = 100, z(0) = 10, q(0) = 

1000000, k1 = 1e-5, k2= 1e-14, k3 = 1e-8 or 2e-8, k4 = 1e-14. 

 
 

Therefore, we can conclude that the rate of decay of the antibody depends on the properties of the 
antibody, which will decay more slowly if it has good binding kinetics to the antigen-like substance in 

the environment. The decay rate of antibodies is also closely related to the concentration of the antigen-

like substance in the environment. The higher the concentration of the substance, the slower the rate of 
decay. 

 

At the same time, we need to prove that antigen-like substances in the environment cannot stimulate 
antibody proliferation when a pathogenic antigen does not stimulate the antibody.  

The theoretical derivation is as follows, at which point y = n (n is a small value) 
Under the equilibrium state described in equation (22), it is theoretically possible that under some 

parameters set,  (1+x/y)* α > 1; when this occurs, the antibody starts to proliferate. 

 
However, kinetic simulations mimicking real scenarios show that antigen-like substances in the 

environment hardly stimulate antibody proliferation. This situation can be altered when the antigen-like 
substances are sufficient, or their binding affinities toward some kinds of antibodies are powerful. All 

those cases are shown in Figure 2. 
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Figure 2A: One scenario that environmental antigen-like substances do not trigger antibody 

growth. 

As shown in figure 2A, the antibody does not engage proliferation due to the presence of environment 
antigen-like molecules. The parameter sets we used are x(0) = 0, y(0) = 100, z(0) = 0, q(0) = 1000000, 

k1 = 1e-5, k2= 1e-14, k3 = 1e-8, k4 = 1e-14. 

 

 
Figure 2B: One scenario that environmental antigen-like substances do trigger antibody 

proliferation. 

As shown in figure 2B, the antibody does engage proliferation due to the presence of environment 

antigen-like molecules. The parameter sets we used are x(0) = 0, y(0) = 100, z(0) = 0, q(0) = 1000000, 

k1 = 1e-5, k2= 1e-14, k3 = 1e-7, k4 = 1e-14. 
For most cases, the presence of antigen-like substances in the environment will not directly stimulate 

antibody proliferation but will significantly attenuate the rate of decay after antibody proliferation, as 
shown in figure 2A. However, this is not absolute, as antigen-like substances in the environment can 

also stimulate antibody levels, as displayed in figure 2B. This case is why an allergy reaction occurs. 

The difference between antigen-like substances in the environment and antigen-like substances in 
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pathogenic microorganisms is that environmental antigen-like molecules cannot proliferate themselves. 
However, their levels are maintained at a relatively constant level due to constant replenishment from 

the environment. 
2 Immune response characteristics of immune response after infected with different virus strains 

Overall, in our experience, highly virulent strains have high replication activity. This type of infection 

will lead to a high peak infection load and can exhibit high infectivity during the infection cycle due to 
a high average viral load in the host body. However, the infection period usually is short. Conversely, 

weak virulent strains have lower replication activity and lower peak viral loads during infection. Since 

they have lower average viral loads in the body during the infection cycle, they will exhibit weaker 
infectivity per unit of time. However, this weak virus does not typically induce a quick immune response, 

resulting in a more extended infection period.  
All those situations can be recaptured using our model, which are displayed in Figure 3. 

 
Figure 3: Different immune behaviors toward variants with different replication activities. The 
parameter sets we used are x(0) = 0, y(0) = 100, z(0) = 10, q(0) = 1000000, k1 = 1e-5, k2= 1e-14, k3 = 

1e-7, k4 = 1e-14. α = 0.98， β = 1.05 or 1.1. 
   

It can be noticed from figure 3 that under equal initial viral invasion dose, the infection caused by a 

virus with weak replication has a longer latency phage significantly, and its peak viral load is 
significantly lower than that of a strong replication activity virus. This weak virus infection would 

induce significantly lower antibody production than that produced by a strong replication activity virus, 

but the infection cycle is significantly longer than that of a strong replication activity virus. 
3 How the immune system screens for highly binding antibodies. 

Our immune system can automatically select those suitable binding antibodies and selectively 
proliferate them. How to simulate the antibody screening process by mathematical modeling remains a 

challenge for computational biology researchers. Our model shows that there is a significant correlation 

between the proliferation potential and its binding kinetics. Antibodies with fast binding rates can gain 
rapid proliferation, while those with low binding rates have significantly weaker proliferation potential. 

Thus, although antibodies with different binding capacities are all triggered to proliferate during 
infection, the antibodies with fast binding rates can grow faster and dominate in the composition of the 

final antibodies. In general, antibodies with solid forward binding kinetics have a more robust relative 

binding affinity, but this is not an absolute relationship. Binding affinity is the ratio of forwarding 
binding to the rate of reverse dissociation. Therefore, the vast majority of infected individuals would 

have antibodies with excellent binding kinetics after infection. However, those antibodies display 

individual differences in binding affinity, with some antibodies having relatively strong binding affinity. 
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The dominant factor affecting the efficiency of antibodies is not their absolute binding affinity Kd but 
the reaction constant of the binding process, which represents k1. 

 
Figure 4: Dynamics of different antibody with different kinetics attributes 

The parameter sets we used are  

x(0) = 0, y(0) = 1, z(0) = 1, w = 1, k1 = 1e-5, k2= 1e-14, α = 0.98， β = 1.1 for antibody 1; 
x(0) = 0, y(0) = 1, z(0) = 1, w = 1, k1 = 9e-6, k2= 9e-15, α = 0.98， β = 1.1 for antibody 2; 
x(0) = 0, y(0) = 1, z(0) = 1, w = 1, k1 = 8e-6, k2= 8e-15, α = 0.98， β = 1.1 for antibody 3; 
x(0) = 0, y(0) = 1, z(0) = 1, w = 1, k1 = 7e-6, k2= 7e-15, α = 0.98， β = 1.1 for antibody 4; 
x(0) = 0, y(0) = 1, z(0) = 1, w = 1, k1 = 6e-6, k2= 6e-15, α = 0.98， β = 1.1 for antibody 5; 
 

As shown in Figure 4, an antibody with a fast binding rate, those that bind quickly, proliferate 
significantly during infection. This selection will further result in a higher proportion of the overall 

antibody. Although these five antibodies have the same binding affinity with Kd = 1e-9, their 

proliferation varies because they bind at different rates, and the antibody with the faster binding rate 
will gradually dominate. This example illustrates that the driving force in antibody reproduction after 

infection is its binding speed, not binding affinity.  
4 High concentrations of weakly binding antibodies can provide effective protection. 

For COVID-19 infection, we often find it interesting that although we do not understand the mechanism, 

it is statistically proven that vaccination with other vaccines such as the influenza vaccine can also 
provide some degree of protection against COVID-19[23-26]. Here we use our model to explain this 

phenomenon. 
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Figure 5: High concentrations of weakly binding antibodies can provide effective protection 

A plot of the inhibitory capacity of a specific concentration of weakly binding antibodies against the 
virus (two antibodies, one strong and one weak, but the weak antibody has a higher initial concentration 

1000, antibody 1 strong binding, but an initial concentration of 1)  
The parameter sets we used are  

X1(0) = 0, X2(0) = 0, y1(0) = 1, y2(0) = 1000, z(0) = 1, w1 = 1, w2 =1, 𝐾𝐾𝐾𝐾𝐾𝐾1= 1e-5, 𝐾𝐾𝐾𝐾𝑓𝑓𝑓𝑓1 = 1e-14, 𝐾𝐾𝐾𝐾𝐾𝐾2  = 5e-6, 𝐾𝐾𝐾𝐾𝑓𝑓𝑓𝑓2   =1e-14,  α = 0.98， β = 1.1 for case 1; 
X1(0) = 0, X2(0) = 0,y1(0) = 1,y2(0) = 1, z(0) = 1, w1 = 1, w2 = 1, 𝐾𝐾𝐾𝐾𝐾𝐾1= 1e-5, 𝐾𝐾𝐾𝐾𝑓𝑓𝑓𝑓1 = 1e-14, 𝐾𝐾𝐾𝐾𝐾𝐾2  

= 5e-6, 𝐾𝐾𝐾𝐾𝑓𝑓𝑓𝑓2   =1e-14,  α = 0.98， β = 1.1 for case 2; 
 

Figure 5 illustrates that a particular concentration of weakly binding antibodies can produce an 

inhibitory capacity against the virus. A decrease in peak viral load in case 1 compared to case 2 can be 
notified in figure 5. Figure 5 also illustrates that a particular concentration of weakly binding antibodies 

can inhibit the proliferation of strongly binding efficient antibodies in the organism. For both cases, the 
analysis in the next section will show that their ability to resist secondary infection is also different. 

This example could also suggest that vaccinated people will always have better protection against initial 

infection than non-vaccinated people, regardless of the mutation of the virus. However, we should also 
be cautious about the disadvantages brought by vaccination with other types of vaccines. 

We aim to stimulate the production of high levels of firmly bound active antibodies by vaccination, but 
a large amount of weakly bound active antibodies primordially present in the body interferes with and 

disrupts this process. Therefore, vaccination will result in significant efficiency differences, with some 

individuals producing large amounts of fast binding active antibodies. On the contrary, individuals with 
antibody interference would not readily produce large amounts of highly active antibodies, thus showing 

a tremendous difference in protection efficiency. The effect of antibody interference on vaccine efficacy 

is complicated and, through simulation, this effect can be quantitively evaluated. The simulation results 
indicate antibody interferences might be greatly enhanced for people whom some other vaccines have 

been vaccinated. Therefore, people with pre-vaccination with other vaccines might be limited in 
triggering fast and efficient antibodies against vaccination targets. This could help explain why some 

vaccines will lead to a higher overall mortality rate in some instances. Keeping a relatively high antibody 

level for a specific pathogen such as COVID-19 will shelter more people from infection. However, it 
might also play a side effect on decreasing the efficiency of other vaccines. Therefore, there is a 

significant concern about COVID-19 vaccination with juveniles. Even for adults, repeated booster 
vaccination might significantly decrease their immunity against other pathogens. 

 

5 Calculation of the protection time brought by natural infection 
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5.1 A simple calculation of the antibody protection time 

 
 

Figure 6: an illustration of protection time calculation  

The parameter sets we used are  

x(0) = 0, y(0) = 100, z(0) = 10, q(0) = 10000,  k1 = 1e-7, k2= 1e-14, k3 =1e-8 , k4 =1e-14, α = 0.98， 
β = 1.1. 
The second infection time is marked in figure 6.  The second infection would start around 326-th time 

unit. Before that time point, infection will not cause any virus proliferation. Therefore, the protection 
time can be roughly estimated, starting from 166th to 326th. From figure 6, we can also notice that 

maximal virus load in the second infection that happened at the 326th time point is significantly lower 

than the first infection. This means that although people will be infected at the 326th time point, it still 
displays a protective effect since the peak virus load is much smaller than the initial infection. However, 

the protective effect will decrease as time increases. This situation will be shown in Figure 7 in the 

following part.  
5.2 Factors affecting the duration of antibody protection: concentration of environmental antigen-

like substance, viral replication capacity and antibody binding kinetics. 

As shown in equation (17), as long as (1-q*k3)*β>1, the virus will reproduce itself. Therefore, the virus 

replication capacity and the environmental antigen-like substances directly influence the protection time 

of a particular antibody. A lifelong protective effect can happen when a virus has a weak replication 
capacity, a high concentration of environmental antigen-like substances, and a very fast binding 

antibody with an enormous k1 value. Good examples of this category are Variola virus, tetanus bacillus, 
and so on.   However, other viruses such as influenza or sars-cov-2 may not be able to trigger a super-

long protection time.  Meanwhile, for influenza or sars-cov-2 infections, there is a considerable 

variation in the protective time after natural infection or vaccination. This variation is mainly contributed 
to the difference in their corresponding antibody kinetics. 

As we demonstrated above, the binding kinetic constant k1 is much more important than the binding 

affinity Kd. Here below, we illustrate how k1 influences protection time in different infection cases. 
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Figure 7A: Protection time calculation when the antibody has a binding kinetics k1 = 1e-6. 

The parameter sets we used are  

x(0) = 0, y(0) = 100, z(0) = 10, q(0) = 1e6,  k1 = 1e-6, k2= 1e-14, k3 =1e-9 , k4 =1e-14, α = 0.98， β 
= 1.1. 

 
Figure 7B: Maximal virus load at different infection point when the antibody has a binding 

kinetics k1 = 1e-6. 

 

The second infection time is marked in figure 7A.  The second infection would start around the 275th 
time unit. Before that time point, infection will not cause any virus proliferation. Therefore, the 

protection time can be roughly estimated, which is started from 125th to 275th-time unit. From figure 

7B, we can also notice that maximal virus load in the second infection will slightly decrease from the 
275th-time unit to the 330th-time unit but will gradually increase after passing the 330th-time unit. If 

we define a threshold as a severe case, one that we arbitrarily set as 6.4e5 marked by the red arrow in 
figure 7B, then we can estimate the protection time against severe infection, which is the time interval 

between those two green lines. 
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Figure 8A: Protection time calculation when the antibody has a binding kinetics k1 = 1e-5. 

The parameter sets we used are  

x(0) = 0, y(0) = 100, z(0) = 10, q(0) = 1e6,  k1 = 1e-5, k2= 1e-14, k3 =1e-9 , k4 =1e-14, α = 0.98， β 
= 1.1. 
 

 
Figure 8B: Maximal virus load at different infection point when the antibody has a binding 

kinetics k1 = 1e-5. 

As shown in figure 8, the severe infection would happen after the 975th time unit with the same severe 
threshold as in figure 7. Therefore, the protection time can be roughly estimated, which is started from 

125th to 975th-time unit. This protection phase is much longer compared to the case when k1 = 1e-5. 

This example demonstrates that an excellent binding antibody will protect people longer than the weak 
one. An exciting discovery from our modeling is that people generating suitable antibodies with fast 

binding kinetics rarely display significant symptoms in the first infection. This situation can be reflected 
in the smaller virus peak loading amount in the first infection in figure 8a compared to figure 7a. 

Although experiment researchers seek antibodies with super excellent binding affinity, we show that 

we should better seek antibodies with super-fast binding kinetics, and those fast-binding antibodies 
typically existed with patients without intense infection symptoms. Repeated vaccination has the effect 

of increasing the overall antibody level for a short period but does not reshape the composition of the 
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antibodies, i.e., it does not significantly alter the binding activity of the antibodies. Therefore, in the 
long term, improving antibody binding activity against a strongly replicating virus is the key to 

improving vaccine protection, and repeated vaccinations will only protect for a relatively short time. 
The heterogeneity of the human body causes significant differences in the binding activity of antibodies 

produced by different individuals to the same viral infection or vaccination, thus causing significant 

differences in protection duration in different individuals. Therefore, we may need to change the 
vaccination strategy, and in the future, vaccination should seek to produce high levels of antibodies and 

be able to induce targeted production of antibodies with high binding activity. The current use of gene 

editing to induce the production of specific antibodies in a targeted manner is a good direction [27-29]. 
    

5.3 parameter estimation  

The kinetic parameters k1 values for antibody-antigen binding and kinetic parameters k3 for 

environmental antigen-like substances can be obtained with certainty through parameter fitting. 

In order to better calculate the protective cycle of antibodies, we need to determine these parameters in 
advance, where the initial number of antibodies and pathogens, as well as the content of antigen-like 

substances in the environment, do not have a significant effect on their decay. In contrast, the parameter 
α can be treated as a fixed value since we consider that all B or T cells have the same half-life, 

independent of the type of antibody they express. Whereas β indicates the replication rate of the virus 
and is related to the virus itself, this parameter can be obtained by calculating the rate of viral 
proliferation in the early stages, when the amount of antibodies are relatively small. Of the other four 

parameters, we defined k2 and k4 as smaller numbers because they are small and have fragile effects 

on antibody and virus kinetics changes by parameter sensitivity analysis. The key to parameter fitting 
is to obtain values for the two positively bound kinetic parameters, k1 and k3. 

 
We show that when k1 and k3 are within the normal range of reaction dynamics, those two parameters 

can be uniquely solved by a global search method. 

We take k2 = k4 = 1e-14; α = 0.98; β = 1.1; y(0) = 100; z(0) = 10; q(0) = 1e6. 
When k1 is taken from 1e-3 to 1e-7, and k3 is taken from 1e-7 to 1e-11, a global search uniquely 

estimates k1 and k3. 
For example, when k1 = 1e-5 and k3 = 2e-8, we calculate the kinetic profiles of their antibodies and 

viruses through a system of ordinary differential equations displayed in Figure 9. By selecting these 

points as experimental data at parameter estimation, k1 and k3 can be uniquely recovered by parameter 
estimation. In another way, we can determine the values of k1 and k3 by fitting the experimental data. 

The details of the global search are described in the methods section. After estimating those parameters, 

we can further calculate the protection time according to the approach illustrated in figure7 and 8. 
 

 



 
Figure 9 : antibody and virus dynamics when k1 = 1e-5, k3 = 2e-8. 

 

 

5.4 Recovered COVID-19 Patients with Retest Positive for SARS-CoV-2 RNA 

In COVID-19 infections, we will note the presence of reinfections by patients themselves, although it 

is not very common [30, 31]. The self-reinfection phenomenon may lead to a second epidemic outbreak, 

making it more challenging to prevent and control the epidemic. The scenario of self-reinfection is a 
frequent phenomenon in virus infection. For influenza infection, we often hear of the phenomenon of 

self-reinfection or infection recovery, which means that patients who have just recovered from a cold 

may become infected again. It is very typical when HBV or HCV infection occurs. This reinfection is 
not a secondary infection caused by the outside world but the result of self-infection. Our model can 

explain this phenomenon. The patient will experience reinfection under certain parameter sets, as shown 
in figure 10.

 
Figure 10: self-reinfection scenario 

The parameter sets we used are  

x(0) = 0, y(0) = 1000, z(0) = 1, w = 1000,  k1 = 1e-5, k2= 1e-14, α = 0.98， β = 1.08. 
This example above shows that when a certain number of fast-binding antibodies are present in the body, 

the probability of a repeated positive nucleic test will be greatly increased. However, the peak viral load 
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of the initial infection is small, and the symptoms triggered by the initial infection are relatively mild.  
Due to the interaction kinetics between the viruses and the antibodies, the number of antibodies induced 

by the initial infection is insufficient. Therefore, it is impossible to eliminate the virus from the body, 
resulting in a low remaining virus level. When the antibody level decreases later, the virus will regain 

the opportunity to proliferate, and the patient may display a positive result again in the future nucleic 

acid test. However, the infections that in those cases are generally less symptomatic or asymptomatic. 
A more extreme case is a long-term chronic infection, such as the appearance of a long-positive patient.  

5.5 Mechanisms of chronic infection  

When antibodies with fast binding activity are present in the body, the peak load of pathogenic 
substances will not be too high because of the fast-binding activity of the antibodies, which effectively 

inhibits the proliferation of large amounts of pathogenic substances. However, a side effect of that will 
lead to the situation that they cannot sustainably stimulate the proliferation of antibodies in large 

amounts, and therefore the level of antibodies cannot reach a very high level. In this case, the kinetic 

characteristics of both sides might allow the two to reach a state of equilibrium at a lower level, thus 
presenting a chronic inflammatory character which is shown in figure 11 below.

 
Figure 11: scenario of chronic infection 

The parameter sets we used are  

x(0) = 0, y(0) = 1000, z(0) = 1, w = 1000,  k1 = 3e-5, k2= 1e-14, α = 0.98， β = 1.08. 
Chronic inflammation can occur due to two factors. Pathogenic microorganisms cause one, and allergic 

substances in the environment cause the second. For chronic infections caused by pathogenic 
microorganisms, in addition to the use of anti-pathogen drugs, we might try a short-term boost in 

antibody levels to accomplish a complete clearance of pathogenic microorganisms. From clinical 
experience, we had experienced many instances where chronic infections had permanently disappeared 

or significantly diminished when they turned out to be acute infections. As the acute infection fades 

away, chronic infection will disappear or become invisible for a long time. We normally treat chronic 
inflammation caused by environmental factors by shielding allergen-like substances for a certain period. 

The patient's antibody levels would lower, thereby attenuating or eliminating the immune response, 

mainly about decreasing the specific antibody level. 
6 Kinetic models of viruses and antibodies can reflect the heterogeneity in viral replication 

capacity 

 

Based on our model, we further investigated the dosimetric characteristics of infection. To our surprise, 

the most important features affecting the severity of the infection are two parameters, specifically 
speaking, the viral replication activity β and antibody binding constant k1. In contrast, the number of 

viral invasions had a weak effect on the final viral load but significantly affected the time to peak, which 

is mainly denoted as the incubation period. This could also explain why the virus's incubation period is 
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significantly shorter for delta mutant strains whose concentrations in the respiratory system are 
remarkably higher than the original strain [32]. 

However, we have difficulty explaining a significant relationship between virus invading dose and 
symptom severity. Low-dose viral invasion tends to result in a lower proportion of severe cases/overall 

infection cases, while high-dose invasion tends to result in a higher proportion of severe cases /overall 

infection cases. This phenomenon is more clearly demonstrated in masks, where there is evidence that 
masks reduce the risk of infection and significantly reduce the severity of symptoms [33-36]. We can 

only explain this phenomenon by introducing viral heterogeneity, specifically, that not every virus in 

every environment has the same replication capacity. However, their genetic sequences are almost 
indistinguishable (since they all originate from the same infectious individual). This genome 

heterogeneity could only derive from differences in the length of the UTR (Untranslated region). This 
heterogeneity in replication capacity results in dosimetric differences in infectivity. As a simple example, 

suppose the environment consists of n viruses, 10% of which are high replication activity and 90% of 

which are low replication activity. When a single virus invades the body, there is only a 10% probability 
that the infected person will exhibit a high peak viral load, i.e., a severe case of disease. Nevertheless, 

when n viruses enter the cell, the infected person has a probability of 1-0.9n of exhibiting severe disease, 
and the larger the number of invading viruses n, the greater the probability of severe disease. This 

phenomenon strongly validates our UTR decay theory [37]. This is because only the attenuation of the 

UTR region could lead to significant differences in replication activity exhibited by viruses released 
into the environment from the same host. 

 

Conclusion 

 

Engels once said that "the true perfection of any science lies in the extensive use of mathematical tools." 
Mathematician Russell also said that "no subject can be a science without the introduction of 

mathematics." In immunology, the proper use of mathematical models is also essential, as they can help 

us explain the dynamics of the immune process quantitatively. We believe that mathematical modeling 
should be based not on simple function selection and data fitting but a mechanism supported by concrete 

physical meaning. It is based on this idea that we propose the antibody kinetic hypothesis and elaborate 
its theoretical supports. Based on this theory, we can better explain several interesting and mysterious 

phenomena mentioned in the introduction. 

First: How are memory cells maintained? 
According to our theory, we believe that memory cells are maintained through environmental antigen-

like substances. Through a process of kinetic simulation and mathematical derivation, we can 

demonstrate that in most cases, environmental antigen-like substances cannot directly stimulate 
antibody proliferation until the organism is exposed to fundamental pathogenic antigenic substances 

capable of proliferation. In most cases, antigen-like substances do not induce the process of antibody 
proliferation and screening but significantly reduce the rate of decay of the induced antibody production. 

Thus, the maintenance of memory cells is closely linked to antigen-like substances in the environment, 

and some memory cells expressing specific antibodies can be maintained in the human body for decades. 
The longevity of memory cells is not because those memory cells have extremely long half-lives, but 

because they can be subjected to constant stimulation by antigen-like substances in the environment, 

resulting in partial proliferation, which will compensate for the decay effects, and thus can be maintained 
for a considerable period. In rare cases, when the binding activity of environmental antigenic substances 

to specific antibodies is super-strong, or when the concentration of environmental antigenic substances 
is too high, those non-pathogenic antigenic substances in the environment can also induce the 

proliferation of antibodies and produce some allergic reactions, such as allergic rhinitis, etc. 

Second: How does our immune system screen for antibodies that have a strong binding affinity? 
According to our model, antibodies with fast binding kinetics proliferated substantially. In general, a 

positive correlation is shown between binding affinity and binding kinetics, but this is not an absolute 
relationship. Thus, not all recovered individuals are screened for antibodies with particularly excellent 

binding affinity. However, the immune system preferentially screens for antibodies with fast binding 

rates, a kinetic parameter that is more important than absolute binding affinity, especially at the level of 



inhibition of pathogenic microorganisms. It is not surprising that dissociation constants determined 
experimentally are usually significantly weaker than values derived from structure-based theoretical 

calculations. This does not indicate the inaccuracy of the energy functions used in the theoretical 
calculations. The binding energies calculated from structure-based theoretical calculations can be 

further used to derive dissociation constant. This dissociation constant is the dissociation coefficient at 

absolute equilibrium conditions. However, due to the kinetic nature of the reactions, such equilibria 
cannot be reached in experimentally accessible times, so experimentally determined dissociation 

constants are usually weaker than the values derived from structure-based theoretical calculations. 

Third: Why do people who vaccinated influenza or other vaccines have a lower mortality rate from 
COVID-19? 

An interesting phenomenon during sars-cov-2 pandemic is that the mortality rate of COVID-19 is 
significantly lower in people who have received influenza, or other vaccines, than in those who have 

not [23-26]. Our antibody kinetic simulations can explain this phenomenon well; vaccination with other 

vaccines has the potential to elevate the level of nonspecific binding antibodies, i.e., weak binding rate 
antibodies. Although the presence of such weakly binding antibodies inhibits the proliferation of 

strongly binding antibodies in vivo, they can significantly inhibit virus proliferation and reduce peak 
viral load compared to controls, thus exhibiting lower mortality and severe disease rates. However, this 

situation is not without its drawbacks. As mentioned above, high concentrations of weakly binding 

antibodies inhibit the proliferation of strongly binding antibodies in vivo. Therefore, although statistical 
data is temporarily lacking to support this prediction for those vaccinated with influenza and other 

vaccines, we speculate that their subsequent vaccination with the COVID-19 vaccine may be 

significantly less protective than those not vaccinated with influenza. 
Fourth: How could we effectively calculate the protection duration of a specific antibody? 

Since statistical data demonstrate that the protection of the COVID-19 vaccine declines over time, more 
and more attention is paid to this topic. If there are statistical data for a population, which mainly include 

dynamics of viral and antibody changes over time, we can estimate the antibody kinetic parameters of 

this population through a data fitting process. Those parameters could also include the initial 
concentration of environmental antigen-like substances and other initial factors. We can further 

calculate the protection time of the vaccine or natural infection based on those parameters. A more 
accurate method is personalized prediction. If data for a specific individual is available, we can also fit 

individual parameters and thus personalize an individual's antibody protection cycle prediction. This 

personalized protection time can vary widely, with some people showing extraordinarily long protection 
cycles and others relatively short. Our theory can also explain significant differences in their 

corresponding antibody protection time for different pathogenic microorganisms. In general, the 

variability in immune protection time is mainly related to several factors. The first is that the replicative 
activity of the virus with strong replicative capacity has shorter antibody protection times.  The second 

is the T-cell immunogenicity of the virus. Viruses with strong T-cell immunogenicity can quickly 
proliferation memory cells and exhibit long protection or even lifelong protection. The third is the 

differences in the antibody binding kinetics toward target pathogen antigen. Differences in antibody 

attributes will also lead to differences in the binding kinetics of the corresponding antigen-like 
substances in the environment. Therefore, this will exhibit different decay rates, and protection time 

will be correspondingly longer for those with slower decay rates. 

Fifth: Why are there cases of self-reinfection? 
In covid-19 infections, the phenomenon of retest positives without infections from other people is 

frequently reported [30-31]. This dramatically increases the difficulty of epidemic prevention and 
control, and it is difficult to explain this phenomenon without a mathematical simulation. Our model 

shows that individuals will exhibit self-reinfection for specific combinations of parameters that include 

antibody kinetic, concentrations of environmental antigen-like substances, and viral replication 
coefficients. When a specific concentration of antibodies with fast binding kinetics is present in the 

body, or when viral replication is weak, the initial infection will show asymptomatic or mild symptoms, 
the probability of future self-reinfection is greatly increased. An extreme case is a long-positive 

phenomenon in which the individual continues to show positive nucleic acid results. Generally, the virus 

in a long-positive patient is fragile in its ability to proliferate, and the virus usually is less virulent. 



Sixth: How are chronic infections triggered? 
Chronic inflammation is a significant problem that plagues human health, and chronic inflammation can 

be divided into two categories, chronic infections caused by pathogenic microorganisms and chronic 
allergic inflammation due to environmental factors. The mechanism by which chronic infections occur 

could also be well demonstrated by our model, which states that, under a specific combination of 

parameters, pathogenic microorganisms can reach a steady state with their corresponding antibodies at 
a relatively low level, thus exhibiting a long-term chronic inflammation. 

Seventh: Why do vaccinations show considerable differences in protection? 

According to our antibody kinetic model, the most crucial reason for the differences in protection 
produced after vaccination, apart from viral mutations, lies in the differences in the attributes of the 

antibodies induced by the vaccine. The first factor is the presence of antibody interference, that is, the 
presence of different concentrations of interfering, or weakly binding, active antibodies in different 

vaccinees. Large amounts of interfering antibodies can inhibit the production of high concentrations of 

fast binding antibodies in the vaccine, causing a decrease in protection efficiency and protection period. 
Another factor is that at the same level of antibody interference, different individuals could also display 

heterogeneity in producing antibodies with different binding kinetic attributes, providing different 
degrees of protection against secondary infections.  Those antibodies could also have different kinetic 

behaviors with their corresponding environmental antigenic substances and therefore have various 

decay rates. Antibodies with slower decay rates will provide more vital protection and longer protection 
time. 

Eighth: How can we improve the protective efficiency and duration of vaccines? 

According to our model, persistent high-dose exposure to antigenic substances can increase antibody 
levels in a short period, but this is not the most effective method, and repeated booster shots are less 

likely to change the antibody composition. The best way to provide prolonged protection against the 
same virus, such as COVID-19, is to induce the production of an antibody with superb fast binding 

activity in a targeted manner. Although this technology is still in its infancy, many researchers have 

tried to open this direction through gene-editing techniques [27-29]. Another concern with the constant 
booster shots is that this approach is highly likely to diminish the effectiveness of other vaccines, 

including future vaccines against massively mutated strains of sars-cov-2. Because this approach 
maintains the level of specific antibodies in the body at a relatively high level, it will inhibit the 

production of specific antibodies with fast binding activity against future mutant strains, such as a future 

covid-19 vaccine for mutant strains. Increasing the dose of the vaccine could also produce higher 
antibody levels, but this would pose a greater risk of vaccine side effects. Therefore, it should be 

recognized that while there is a correlation between the protection duration of a vaccine and its peak 

antibody levels, this correlation is not strong. Simply pursuing a higher peak antibody level is not the 
most effective means of extending the protection duration of a vaccine. The critical determinant of the 

protection duration time is the antibody decay rate, and this rate of decay is closely related to the antigen-
like substances in the environment.  More importantly, this antibody decay rate is eventually dependent 

on the properties of the antibody itself. We should target the induction of antibodies with FAST binding 

activity. It is important to note that the decay rate is not equivalent to half-life because almost all immune 
cells have the same half-life regardless of what antibody it expresses. The main factor contributing to 

the difference in decay rate is that different antibodies will be affected differently by environmental 

antigen-like substances. 
Finally, our model also shows that the peak of the immune response is exceptionally weakly affected 

by the number of initial invading viruses, but the number of initial invading viruses significantly affects 
the latency time of the virus. Our antibody dynamic model strongly supports our UTR deletion theory 

in COVID-19 infection [37]. Nevertheless, we also have to admit there are lots of hypotheses and 

uncertainties in our model. Furthermore, it still lacks an in-vivo experiment data fitting process, while 
many of the predictions and theories in the article have remained to be confirmed experimentally and 

statistically in the future. 
Supplementary materials 

All supplementary materials and Matlab codes can be accessed at: 

https://github.com/zhaobinxu23/antibody_dynamics 
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