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Abstract 
 The computer simulation of tumor – host ecosystems 
interacting with an adaptive immune system may serve as a tool 
for anti-cancer treatment optimization, but requires appropriate 
mathematical models. Regarding the tasks of the adaptive 
immune system (antigen pattern recognition and classification), 
a perceptron can be used as a conceptual structure representing 
corresponding biological structures for antigen pattern 
recognition and classification such as Antigen Presenting Cells 
(APC’s) and their interaction with effector cells in lymph 
nodes. Regarding the topology of the lymph vessel network, the 
adaptive immune system may be represented by several 
perceptrons receiving information about antigen patterns from 
different tissue compartments. In this study, two scenarios of 
lymph node arrangement have been investigated. In both 
scenarios, a tumor-host tissue compartment is treated with 
ionizing radiation and a second compartment with host tissue 
and a tumor metastasis is not irradiated. The results exhibit a 
dependence of the immune response onto the lymph node 
arrangement, indicating that the topology of the lymph node 
network is important for an optimal adaptive immune response. 
The presented simplistic model structure does not allow for a 
perfect classification between tumor and host tissue. Instead of 
a single perceptron which is related to the interaction of 
immune cells in a corresponding lymph node as suggested in 
this study, networks of locally interacting units may be 
considered as layers building a deep (convolutional) neural 
network - like structure. 

Introduction 

In analogy to the neuronal system, the (adaptive) immune 
system can be considered as an information-processing system 
(Fig.1). Assuming a coupling between different information 
processing systems seems plausible: The immune system 
acquires detailed information about the chemical structure of 
an entity regarded as the goal of attacks. The neuronal system 
often gathers precise information about the location of the 
problem (e.g. a wound). The mental level could provide 
further, potentially helpful information, such as the cause of 
the problem (contact with a specific animal species, insect bite 
etc.). The information processing in the immune system 
occurs on the basis of cells that can move and migrate to fulfil 
their functions in the appropriate micro-environment. In 

contrast to the central nervous system, pattern recognition and 
classification are not carried out by neurons in a more or less 
fixed network structure but in a sort of fluid network. 
Thereby, the term “fluid” has various meanings. First, the 
immune system is not bound to a matrix or form some sort of 
(solid) tissue (except lymphoid organs). The relative position 
of interacting components (e.g. dendritic cells or effector 
cells) can change, like that of the particles in a fluid. A second 
interpretation refers to the interaction between these com-
ponents: the couplings are specific, but develop on various 
time scales (cells only interact, if they are in proximity and on 
a longer time scale, their interaction reflects the adaptivity of 
the system). 
 Regarding anti-cancer treatments, the perspective of an 
information processing element in a tumor-host ecosystem 
may support novel approaches for therapy optimizations or the 
design of improved therapies (Scheidegger et al., 2021). In 
this context, Scheidegger et al., 2020, already proposed a 
model for a coupled immune – tumor – host ecosystem and 
demonstrated the feasibility of coupling an ecosystem model 
with an information processing unit with the structure and 
function of a perceptron for antigen pattern recognition and 
classification. In contrast to other models for adaptive immune 
systems using ordinary differential equation (ODE) systems in 
the context or viral infections (Du & Yuan, 2020; Leon et al., 
2023), the effect of immunogenic memory (Wyatt & Levy, 
2020) or tumor-immune system interactions (Chrobak, & 
Herrero, 2011), such a model can be used as an artificial 
system to explore the fundamental dynamics when pattern-
detecting / classifying and learning components interact with 
complex ecosystems. However, the systems investigated so far 
by Scheidegger et al. (2020, 2021) consist of a tumor-host 
ecosystem which is coupled to only one perceptron. The 
mapping of this structure onto a real biological system 
(patient) remains unclear. It can be assumed that the proposed 
system describes more a local than a systemic adaptive 
immune response. A further shortcoming of the model is the 
use of a single tumor – host compartment. In a real patient, 
many different compartments with (different) host tissues and 
- in case of tumor metastasis - with smaller populations of
tumor sub-clones contribute to the antigen signatures seen by
the adaptive immune system. A model including different
compartments would allow the investigation of the so-called



abscopal effect (tumor cell elimination in distant, not-treated - 
respectively not irradiated - organs by the immune system 
based on a local immune response in the treated (irradiated) 
organ / compartment, summarized in Frey et al., 2012). 

Figure 1. Information processing on different levels: On the level of 
the (adaptive) immune system, information is encoded chemically (by 
molecules such as antigen pattern, danger signals, cytokines). In 
analogy to the neuronal level, this chemically encoded information 
has to be processed by the immune system. The task of pattern 
recognition and classification can be modelled by a perceptron, which 
is then considered as a fundamental unit of information processing 
similar to the neuronal system. The function of an immunological 
perceptron may be implemented by specific cells (starting with 
Antigen Presenting Cells, in combination with other immune cells 
interacting in the lymph nodes or tissue compartment); similar to the 
neuronal system, where neurons are involved. It is assumed that the 
immune system interacts with the neuronal system by a chemical 
interaction of the in- and outputs. In contrast to this, the interaction 
with the mental level occurs by the formation of the dynamic 
neuronal networks in the brain. In- and output on the mental level are 
semantic: This semantics has to be encoded first by the neuronal 
network structures of the brain; therefore, the in- and outputs are 
assumed to not interact with the neuronal level (but these in- and 
outputs are encoded by neuronal signals). The authors acknowledge 
the inspiring discussions with Roland Scholz, ETHZ. 

To understand the immune response in general, the spatial 
aspects of information processing should be included in such 
models. This raises the question, how the biological system 
can be mapped to a multi-compartment model using per-
ceptrons as information-processing units. Scheidegger et al., 
2022, investigated the influence of the antigen-pattern vector 
size in a single-compartment model: The results exhibit an 
anti-host immune response after radiotherapy (RT), which is 
more pronounced for smaller antigen vector sizes. This result 
could be interpreted as a local inflammatory reaction after 
irradiation. However, the anti-host response in the model 
seems to be based on a lack of information since the danger 
signal triggering the perceptron response is generated in the 
same compartment where tumor – and host tissue cell 
populations with their specific antigen patterns are present. 
Considering a 2-compartment model (one irradiated tumor-
host compartment and a second, non-irradiated compartment 
with host tissue cells only or with a small tumor cell 
population), the immune response and specifically, the 
differentiation between host tissue and tumor cells, may be 

dependent on the arrangement of information-processing units 
(perceptrons). To elucidate this aspect, two different models – 
one with a single perceptron and a second model with two 
perceptrons – are investigated. 

a) Scenario 1
b) Scenario 2 

Figure 2. Circulation of antigen pattern information and correspond-
ding effector cells: Upper diagram (a) depicts the case where two 
lymph nodes are separately processing the antigen pattern informa-
tion from two corresponding tissue compartments (the relevant 
compartments are highlighted; not all lymphatic organs / tissues are 
shown). This implies that every compartment is drained by separated 
lymph vessels (parallel information processing). Assuming a mix of 
effector cells downstream in the lymph and blood circulation (flow 
direction indicated by arrows in the lymph vessel- and blood 
compartment), a migration of effector cells from both lymph nodes 
into both tissue compartments is possible, resulting in an exchange of 
information. In the lower diagram (b), the case of two tissue 
compartments with a downstream antigen pattern processing by only 
one lymph node is illustrated. In this case, the antigen pattern infor-
mation undergoes a combined processing with the result of effector 
cell populations originating from the same lymph node. Flow charts 
are based on lymphocyte recirculation routes by Owen et al. (2013). 



Material and Methods 

The model used for this study is based on a model for a 
coupled immune-tumor-host ecosystem presented by Schei-
degger et al. (2020) and Scheidegger et al., (2022). The main 
difference to the already existing model is the implementation 
of a second tumor-host compartment and the modification of 
the adaptive immune system model for a multi-compartment 
situation. Whereas the introduction of new compartments is 
conceptually straightforward, the adaption of the immune 
system part requires a mapping of the antigen-pattern – 
detecting and classifying unit (perceptron) to the biological 
system. In this study, two different scenarios for this mapping 
are presented (Fig.2). These scenarios are based on the 
circulation of antigens and immune system cells (APC’s, 
effector cells) in the body. 
 In scenario 1 (Fig.2a), the two tissue compartments are con-
nected to two different lymph nodes, each receiving antigen 
information only from the connected tissue compartment. 
Assuming a mix of effector cells downstream in the lymph 
and blood circulation, a migration of effector cells from both 
lymph nodes into both tissue compartments is possible, 
resulting in an exchange of information. In scenario 2 
(Fig.2b), the two tissue compartments are connected via the 
lymph vessel compartment to a joint lymph node. In this 
scenario, the antigen pattern information is processed only in 
one lymph node, resulting in effector cell populations origin-
nating from the same lymph node. 
 Fig.3 depicts the translation of the two scenarios described 
in Fig.2 to the model structure consisting of tissue compart-
ments (tumor-host ecosystems) and an antigen-processing unit 
(perceptron). In both tissue compartments, the same antigen 
patterns for the corresponding host- and tumor cell popu-
lations are used (in Fig.3, the patterns are depicted by 3x3 
matrices, representing an antigen pattern vector; green for host 
tissue, blue for tumor sub-clones). To have a comparable 
situation to the simulations presented by Scheidegger et al., 
2022, the same mutation tree for tumor cells is used.  
 In both compartments, the dynamic interaction between the 
different tumor sub-clones (1,2)

ikT , host tissue (1,2)H and 
effector cells is given by the following system of ordinary 
differential equations: 
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a) Scenario 1
b) Scenario 2 

Figure 3. Model structures connecting two different tissue compart-
ments to one or two perceptrons for antigen pattern recognition and 
classification: (a) two perceptrons and parallel processing according 
to Fig.2a, the information exchange occurs via effector cell migration 
(red arrow between the effector cell populations In); (b) case with one 
perceptron corresponding to Fig.2b. The perceptron 1 receives danger 
signals D and antigen pattern information (Xi) from both tissue 
compartments. Due to simplicity, not all connections (information 
flows, thin arrows) and elements (e.g. antigen patterns in tissue 
compartment 2) are shown. In case of identical antigen patterns in 
both tissue compartments, the cells (H = host tissue, Tik = tumour 
sub-clone, In = effector cells) are the same, but the population sizes 
are different. Therefore, the number of cells in a specific population 
has to be distinguished for the two compartments (e.g. H(1) for host 
tissue in compartment 1 and H(2) for host tissue in compartment 2). 
Diagrams are based on Scheidegger et al., 2021, modified and 
adapted for a two-compartment / two-perceptron model. 



There, (1,2)
Tik ikk T  is the reproduction rate of the tumor sub-

population ik ( (1)
ikT  is the corresponding population in 

compartment 1 and (2)
ikT  the population in compartment 2); 

(1,2)
eT ikk T  represents a spontaneous rate of cell elimination 

( (1,2)
eHk H  for host tissue in the two compartments); the 

immune-system – related elimination rate is calculated by 
(1,2) (1,2)

ik IT ikr k T with an interaction coefficient ITk , (1,2)
ikr

defines the match with antigen-receptor binding sites. For host 
tissue, a different coefficient IHk  is used; (1,2)

mut il lkk q T  gives 
the rate of mutation ( ilq  is a matrix representing the topology 
of the population network, see Scheidegger et al., 2020). 
Competition between the different tumor sub-populations is 
included by (1,2) (1,2)

TT ikk T T  (with the total amount of tumor 
cells (1,2)T  in each of the two compartments) and for host 
tissue by (1,2) (1,2)

THk T H ; (1,2) (1,2)
bHk H H  represents the 

self-inhibition of host tissue growth. For radiation – induced 
cell killing, a dynamic linear-quadratic (LQ) model with a 
transient biological dose equivalent   is used, which is 
described in detail in Scheidegger et al., 2021 or Scheidegger 
et al., 2020. In this study, only compartment 1 is assumed to 
be treated by radiation (main tumor). Parameters and 
fractionation schedules are identic to the simulations presented 
by Scheidegger et al., 2022. Compartment 2 is assumed to be 
a host compartment with a metastasis. Therefore, the radiation 
dose rate (2)R  is set to 0 for compartment 2. 
 According to the model presented by Scheidegger et al., 
2022, the danger signal generation for each compartment 
includes a two-step process starting with lethally damaged 
cells which subsequently transforms to “immune-system-
activating” cell population (1,2)

ikN  (necrotic tumor cells) and 
(1,2)
HN  (necrotic host cells; for details, see Scheidegger et al., 

2022). In this study, the danger signal is calculated for each 
compartment separately by: 
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actL  governs the steepness of this sigmoidal relation between 
the amount of necrotic cells and the danger signal D and is 
assumed to be the same for both compartments. 

Scenario 1 
Every cell of a specific cell population (tumor sub-clones and 
host tissue) bears a corresponding pattern (in Fig.3 
represented by 3x3-matrices), which is defined by the 
elements of the antigen pattern vector ikP


for each compart-

ment. The presence of a component in this pattern vector is 
considered to be dependent on the amount of cells bearing this 
specific component. Considering the amount of antigens in a 
compartment, a second antigen pattern vector (1,2) (1,2)

iX X


can be calculated for each compartment (1,2) separately: 
According to Fig.3, the antigen signal strength of the first 
component for example is given by: 
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with (1,2) (1,2) (1,2) (1,2)
,ik ik p ik ikT T N N    : pre-necrotic and 

necrotic cells are considered to contribute to the presence of 
antigens, but with the weighting factors    and  (for 
details, see Scheidegger et al., 2022).  actX  influences the 
sigmoidal activation response. For each compartment, a 
separated perceptron is used to adapt the corresponding 
antigen weights (1,2)

iw  for generating the perceptron response 
by comparing the actual danger signal strength (1,2)D   with 
the perceptron response (1,2)Y  : 
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with the perceptron response (1,2)Y  : 
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where (1,2)  denotes the sum of the antigen signals in each 
compartment: 
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Technically, the sigmoidal response function does not cor-
respond to a perceptron but to a sigmoidal neuron. Since the 
immune system does not have neurons in the biological sense, 
the term “perceptron” is used. The activation parameter actY
is assumed to be the same for both perceptrons. The 
production is governed by the perceptron responses (1,2)Y of 
each perceptron. Since in this scenario, the effector cell 
population will be mixed during migration to the target 
compartment, the effector cell population growth rate is given 
by (1) (1) (2) (2)( ) / 2I n nk Y X Y X   for both compartments. The 
match of antigen pattern with the effector cell population 
vector nI I


 is evaluated by the dot product between I



and an antigen pattern vector P


 with components = 1 for 
bearing a specific antigen corresponding to the antigen pattern 
vector component nX   and 0 otherwise: (1,2) (1,2)

ik ikr I P 
 

. 
The spontaneous elimination of effector cells is considered by 
the elimination rate constant eIk  and – only for compartment 
1 - the radiation-induced elimination by a dynamic LQ model 
with effector-cell specific radio-sensitivity coefficients I
and I . It is important to keep in mind, that only the immune 
(effector) cells in the tumor compartment are irradiated and 
the radiation dose rate in compartment 2 is set to (2) 0R  . 
Summing up these rates, the temporal change of effector cell 
population can be calculated by: 
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Scenario 2 
In the scenario with one joint lymph node, the danger signals 
from each compartment contribute equally to a combined 
danger signal by: (1) (2)( ) / 2D D D  . The antigen pattern 
vector (1,2) (1,2)

iX X


 is calculated similar to scenario 1. 
Assuming a mixture of (presented) antigens in a lymph node, 
the two separated antigen pattern vectors contribute to a 
combined vector (1) (2)

1 1( ) / 2iX X X  . The calculation of the 
corresponding antigen weights iw  for generating the percep-
tron response by comparing the actual danger signal strength 
D with the perceptron response Y is similar to the model 
presented by Scheidegger et al., (2020): 

( )i
i

dw
a D Y X

dt
    (8) 

with the unique perceptron response Y: 

act

Y
Y


 






(9) 

where   denotes the sum of the combined antigen signals: 
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The perceptron response Y directly governs the production of 
effector cells by the production rate I nk YX  (same response 
for both compartments). The match of antigen pattern with the 
effector cell population vector (1,2) (1,2)

nI I


 in each com-
partment is similar to scenario 1, but with modified effector 
cell population growth rate: 
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Parameter Values and Initial Conditions 
In principle, the two tumor – host compartments represent a 
similar system, but compartment 2 is assumed to have only 
one tumor cell as initial value ( (2) 9

11 (0) 10T  ; population 
sizes and constants are calibrated to 1 = 109 cells). Therefore, 
compartment 2 can be considered as a tissue compartment 
with a metastasis. The other initial population sizes are 
identical to Scheidegger et al., 2022: (1,2) (0) 250H  , 

(1) 3
11 (0) 10T   and 0 for all other populations. Growth-, 

elimination- and radio-sensitivity parameters constants, 
application of RT starting on day 570 as well as numerical 
integration / time increment size and duration (1800 day) of 
simulation in this study are identical to those used in 
Scheidegger et al., 2022. 

Results 

In Fig.4, the temporal development of host and tumour cell 
populations in both compartments is displayed for scenario 1 
and 2 as well as for a modified scenario 1 without effector cell 
exchange or mixing between the two tissue compartments 
(middle diagram).  

Figure 4. Host tissue (H(1,2)) and tumor cell populations (T(1,2): total 
number of tumor cells) for the two scenarios (upper and lower 
graphs) and a scenario with uncoupled compartments (scenario 1 
without mixing of effector cells between the compartments; middle 
diagram): In all displayed cases, the compartment 1 is treated by a 
fractionated radiation therapy (RT) with 32 fraction, each fraction 
with a radiation dose of 2 Gy (5x2 fractions per week), starting on 
day 570. 

In the case without mixing effector cells (middle diagram, 
Fig.4), the populations of compartment 1 behave identically to 
the single-compartment model presented by Scheidegger et 
al., 2022, and can be used for comparison (as a reference), 
since this part of the model fully corresponds to the single 
compartment model and the same RT is applied (32 fractions, 
2 Gy per fraction, starting on day 570). The development of 



populations in compartment 2 corresponds to the case of a 
non-treated (non-irradiated) tissue compartment with 
metastasis. Compared to this case (middle diagram), the 
coupling of the 2 compartments by mixing the effector cell 
populations (scenario 1, upper image in Fig.4), the host tissue 
in compartment 1 is suppressed whereas the main tumour in 
compartment 1 exhibit a similar development. Regarding the 
development of the perceptron weights in Fig.5, the 
perceptron weights of perceptron 1 (corresponding to danger 
signals and antigen pattern presence in compartment 1) exhibit 
a separation which – in case of the uncoupled case – results in 
negative weights for the host tissue (as observed in 
Scheidegger et al., 2022). This effect disappears for the 
coupled case (mixing of effector cells). The weights of 
perceptron 2 (corresponding to compartment 2) are higher and 
in the uncoupled case, the host tissue weights (even weights) 
are above the tumour weights (odd weights). The mixing of 
effector cells in scenario results in a pronounced suppression 
of the host tissue population in compartment 1 after 
application of RT. In addition, the mixing of effector cells 
generates an abscopal effect of RT to the host tissue in 
compartment 2, which is induced by the application of RT in 
compartment 1. Regarding the tumour population in compart-
ment 2, this population reaches the equilibrium level faster 
(306.109 cells, this is similar for both compartments and based 
on the selection of the speed constants, see Scheidegger et al., 
2022). 
 Similar effects can be observed for scenario 2 (lower graph 
of Fig.4): The suppression of the host tissue in compartment 2 
is even more pronounced after RT and the metastatic tumor 
population in compartment 2 develop slightly faster. In 
contrast to scenario 1, the host population in compartment 2 
exhibits a growth phase after day 1300 but decreases after day 
1600. This corresponds to the growth of the tumor population 
in compartment 1 and a rise of the perceptron weight of the 
host population (Fig.5, lower graph). An interesting feature is 
the temporal development of the perceptron weights in 
scenario 2: Compared to scenario 1, the host-tissue – related 
(even) perceptron weights increase more after RT application 
but then decreases to lower values around day 1000. During 
the second growth phase of the main tumor in compartment 1, 
the host-tissue related weights increase again and show less 
separation to the tumor-related weights of perceptron 1 in 
scenario 1.  

Discussion and Conclusions 

Summarizing the results displayed in Fig.4, scenario 1 as well 
as scenario 2 exhibits a disadvantageous situation compared to 
the scenario with uncoupled compartments (Fig.4, middle 
diagram). Dependent on the temporal development of the 
different cell populations, the perceptron-weight - mediated 
responses lead to tumour – and host – tissue suppression. 
Preclinical and, in some extend, clinical research demonstra-
ted that radiotherapy (RT) is able to modulate anti-tumour 
immune responses (Alfonso et al., 2020; Di Maggio et al., 
2015; Frey et al., 2017; Frey et al., 2012). In several studies, 
tumour supressing - and promoting effects of RT have been 
found (summarized in Rückert et al., 2021). In this study, 
tumour-promoting effects are caused by the anti-host immune 

response and subsequent lack of competition – it is a question 
of the dynamic interplay in and between the two tissue 
compartments. This raises the question about the importance 
of this effect for anti-cancer treatments. Despite the unrealistic 
anti-host host response in compartment 2 observed in this 
study, combined ecosystem dynamics turned out as an impor-
tant aspect in all tested scenarios. 

Figure 5. Temporal development of perceptron weights wi
(1,2) respect-

tively wi for the two scenarios (upper and lower graphs) and a 
scenario with uncoupled compartments (scenario 1 without transfer 
of effector cells between the compartments; middle image): Compart-
ment 1 is treated by a fractionated radiation therapy (RT) as in Fig.4. 
For the even weights (i={2,4,6,8}), only w2 respectively w2

(1,2) is 
displayed since these weights behave identically due to the symmetry 
of the host tissue pattern. Due to clarity, only selected, representative 
odd weights (tumor-related weights) are shown. 



In addition, the results indicate an influence of the arrange-
ment of information-processing units (perceptrons). Trans-
lated to a real patient, this would imply the importance of the 
spatial arrangement of lymph nodes and vessels (understood 
in the sense of topological connectivity) for an optimal 
adaptive immune response. 
 The presented simplistic model structure does not allow for 
a perfect differentiation (classification) between tumor and 
host tissue. In a real (biological) immune system, a large 
number of interactions via co-receptors and co-factors as well 
as immune check-points seem to be needed to get a more 
specific anti-tumor response. The inclusion of several co-
factors and co-receptors may be covered by more complex 
neural network – like structures. The topology of such a 
network could be inspired by the spatial interaction of the 
different sensing and antigen-presenting immune cells in 
specific micro-environments. Regarding a “local” neural 
network representing the information processing of multiple 
co-factors, danger signals and antigen-antibody or antigen-
receptor bindings, such a network may be considered as “fully 
connected”. These “local” networks may interact with each 
other network or with a part of them. The layers in such a 
combined network representing the information processing in 
the entire immune system cannot be assumed to be fully 
connected, since the information processing occurs at different 
sites (e.g. lymph nodes and tissue compartments) and 
probably not all network node responses will be fed to every 
node of the subsequent layer. Instead of a single perceptron 
which is related to the interaction of immune cells in a 
corresponding lymph node as suggested in this study, 
networks of locally interacting units may be considered as 
layers building a many-layer convolutional network structure. 
We emphasize our careful avoidance of the term “deep 
convolutional neural network”. The notion of this specific 
type of neural network implies a number of specific features; 
whether the immune system exhibits them is subject to further 
investigations. However, mapping the different parts (infor-
mation-processing structures) of the immune system to the 
topology of such neural network – like structures may be a 
pivotal step for getting a better insight into the principles of 
the immune-ecosystem dynamics in real biological systems. 
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