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Background: Tumor microenvironment plays an essential role in the growth of malignancy. Understanding how
tumor cells co-evolve with tumor-associated immune cells and stromal cells is important for tumor treatment.
Methods: In this paper, we propose a logistic population dynamics model for quantifying the intercellular signaling
network in non-small-cell lung cancer (NSCLC). The model describes the evolutionary dynamics of cells and
signaling proteins and was used to predict effective receptor targets through combination strategy analysis. Then, we
optimized a multi-target strategy analysis algorithm that was verified by applying it to virtual patients with
heterogeneous conditions. Furthermore, to deal with acquired resistance which was commonly observed in patients
with NSCLC, we proposed a novel targeting strategy — tracking targeted therapy, to optimize the treatment by
improving the therapeutic strategy periodically.
Results: The synergistic effect when inhibiting multiple signaling pathways may help significantly retard carcinogenic
processes associated with disease progression, compared with suppression of a single signaling pathway. While
traditional treatment (surgery, radiotherapy and chemotherapy) tends to attack tumor cells directly, the multi-target
therapy we suggested here is aimed to inhibit the development of tumor by emasculating the relative competitive
advantages of tumor cells and promoting that of normal cells.
Conclusion: The combination of traditional and targeted therapy, as an interesting experiment, was significantly
more effective in treatment of virtual patients due to a clear complementary relationship between the two therapeutic
schemes.

Keywords: non-small-cell lung cancer; tumor microenvironment; intercellular signaling network; logistic population
dynamics; drug resistance; multi-target therapy

Author summary: Despite significant progression in the development of anti-tumor therapy, including immunotherapy
and targeted therapy, acquired drug resistance is still a typical phenomenon during treatment that results in the failure. Tumor
cells may bypass the circuits that were regulated by drug and rebuild their superior fitness by reconstructing the topology of
the intercellular signaling network. To tackle this challenge, we established a dynamics model to describe the fitness of cells
in terms of cell-cell communications in non-small-cell lung cancer, and inspired by a shooting sport with running targets, we
proposed a tracking targeted therapeutic strategy to effectively overcome acquired drug resistance.

INTRODUCTION

Lung cancer is a significant primary malignant tumor
with high incidence rate and fatality rate worldwide.
According to the US annual report to the nation, lung

cancer leads to more than 1 million deaths per year
globally [1]. Non-small-cell lung cancer (NSCLC), the
most universal type of lung carcinoma accounting for
85%, is classified into two main histologic types:
adenocarcinoma and squamous carcinoma each account-
ing for 30% to 50% of NSCLC [2].
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Over the past decades, many novel approaches for the
treatment of carcinoma have been developed, such as
minimally invasive, surgery, targeted therapy, radiation
therapy, chemotherapy, and individualized therapy. The
therapeutic effects are, however, not satisfactory, owing to
the concept of “tumor cell-centered” [3]. In recent years,
the rapid growth of tumors has come to be understood that
tumors recruit numerous host cells, which are of
mesenchymal origin, to constitute the tumor stroma, and
these stromal cells greatly accelerate the dramatic increase
in the number of malignant cells [4]. It also marks a shift
in the concept of cancer treatment and a great deal of
research has been devoted to developing therapies
targeting the tumor microenvironment. Recent evidences
suggest that targeted treatment of the tumor stroma
contributes to anti-angiogenesis, anti-tumor metastasis
and prognosis [5]. Therefore, the concept that the
malignant microenvironment is a key factor in cancer
growth and metastasis has been widely accepted [6,7].
The normal lung has a wide range of traits, including

high degree of hyperoxia, vascularization and homing cell
diversity, so it has a unique microenvironment. However,
chronic inflammation in the microenvironment alters the
normal physiology of the lung. For example, cigarette
smoking, the primary cause of lung cancer, may cause
long-term inflammatory responses in the pulmonary
microenvironment, resulting in the imbalance of cytokine
secretion and recruitment of inflammatory cells and
further causing malignant transformation of epithelial
cells [8]. Trials show that an adaptive response of the
tumor to the host immune system can create a favorable
microenvironment for tumor growth [9]. Saffiotti et al.
have found in trails that intratracheal administration of
silica provokes lung inflammation and causes lung
adenocarcinoma in rats [10]. However, only a small
group of animals with pulmonary tumors are created in
inhalation assays with cigarette smoke [11].
In recent years, the treatment of advanced NSCLC has

long been not limited to traditional chemotherapy and
radiotherapy, but also a wide variety of choices in cancer
treatment. The emergency of inhibiting key molecular
pathways of oncogenesis through mechanism-based
targeted therapies has aroused considerable interest. The
success of imatinib in the treatment of chronic myelocytic
leukemia (CML) showed the effectiveness of targeted
therapy [12]. Since then, for instance, agents targeting
critical parts of cellular signaling pathways involved in
tumor growth, angiogenesis, and metastasis have made
improvement in the prognosis of advanced NSCLC [13].
Besides several targeted drugs for components of the
tumor microenvironment have been in clinical trials, more
research is devoted to the development of drugs targeting
VEGF and its receptors to block angiogenesis in tumor

microenvironment. In spite of clinical effectiveness
achieved in some tumor types, including renal, colon
and liver cancers, results obtained by VEGF-targeted
drugs in NSCLC are not as promising [14]. Therefore, the
treatment of NSCLC and other solid tumors requires
extensive studies into new targets, such as PDGFR, IL-2,
CD11b, CXCR4, c-Kit, GM-CSF and CCL2/CCL12,
evaluating their antitumor efficacy [15].
Despite clinical efficacy from the targeted drugs, a

number of studies indicate that solid tumors can acquire
resistance and evade the suppression of a single signaling
pathway [16]. For instance, it has been confirmed that
previously addicted lung tumor cells are unleashed by an
increased TGF-β-dependent IL-6 secretion from their
EGFR dependency, which leads to primary and acquired
resistance [17].
In other disease states, there is sufficient evidence to

show that combination regimens will be more effective
than monotherapy or dual therapy, such as the long-term
management of HIV infection [18]. Compared with
monotherapy targeting a single signaling pathway, no
doubt combination therapy inhibiting multiple signaling
pathways may achieve better outcomes [13]. Therefore,
that makes it progressively more important to introduce
combination therapy to tackle the emergence of resistance
in cancer treatment [13].
A number of models have been established to study the

mechanical interactions of cell-cell and cell-ECM in the
solid tumor microenvironment. For instance, many
multiphase mixture models have been used to simulate
the interactions of a variety of tumor cell species, but
these models in silico failed to describe a detailed cellular
signaling network in tumor microenvironment [19–33].
Furthermore, they are prone to study the impact of
specific targets on tumor proliferation, progression and
metastasis, and not meant to seek the optimal target
through the target strategy analysis.
In this paper, we formulate a model that combines

logistic population growth and the Hill functions, and use
the model to describe the development of NSCLC
microenvironment, as well as explore the curative effect
of combination therapy for NSCLC.

RESULTS

Cellular and cytokine dynamics

We studied dynamics of intercellular signaling network of
NSCLC microenvironment in silico and observed six cell
types that co-evolved in a non-linear manner. In Figure 1,
a typical simulation of in situ NSCLC growth is shown.
The growth of lung cancer cells generally went through
three unique stages, from initial slow growth, via rapid
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proliferation, and eventually to malignant phase. The
starting cell populations are Epith (2:8� 107=mL), M1
macrophages (1� 106=mL) and M2 macrophages
(1� 104=mL). The lung cancer cells were initiated from
neoplastic transformation of normal epithelial cells.
During the growth of lung cancer cells within the space
that lung epithelial cells occupied, the lung epithelial cells
endeavored to maintain their abundance and functions
until they were replaced by lung cancer cells in the late
stage. For all experiments in this paper, the threshold for
the clinical detection of lung cancer cells is assumed to be
1� 106=mL, which is consistent with the data of clinical
studies [34]. The number of lung cancer cells had been
steadily increasing from the initial slow growth to the
malignant phase, with a small kink appearing at the
beginning of rapid tumor expansion. In NSCLC micro-
environment, macrophages are mainly activated into M1
and M2 phenotypes. While M1 macrophages are the
dominating phenotype observed in the early stages of
tumor development, M2 macrophages are increasingly
differentiated from monocytes which are induced by
tumor cells, and eventually overtake M1 as they
accumulate comparable competitive advantages in the
rapid proliferation stage. As shown in Figure 2, in the
tumor microenvironment, M2 macrophages occupy
approximately 70% of the entire macrophage population,
which is consistent with experimental observations [35].
Cytokine dynamics are also non-linear and multi-stage.

Figure 3 shows the normalized dynamics curves of 16
cytokines, which can be classified into three types
according to their time traces. Due to the non-monotonic
change of M1 macrophages, the expression levels of
TNF-α and MCSF reach the trough and crest respectively
during the rapid proliferation stage; IFN-g experiences a
rapid decay in the second stage because of the inhibition
of M2 macrophages; All the other cytokines have the
same curve characteristics as lung cancer cell dynamics.

Therapy for surgery, radiotherapy and
chemotherapy

Current treatments for NSCLC are typically surgery,
systemic cytotoxic chemotherapy and radiation therapy
[36]. As a result, following the traditional treatment
regimen, we simulated treatment for three virtual patients
(Supplementary Table S1) with the sequential combina-
tion of surgery, radiotherapy (five times a week for 6
weeks) and chemotherapy (once every three weeks for 15
weeks). When tumor cells reached the diagnostic thresh-
old (1� 106=mL), patients began to receive treatment,
and the level of tumor cells would rapidly descend to a
very low concentration, entering a steady growing period,
the duration of which depends on molecular profiles of
individual patients (green dashed line as in subsequent
figure). However, among the three typical virtual patients,
tumor cells rebounded and relapsed after a delay of at
most about two years.

Therapeutic targeting of receptors in NSCLC
microenvironment

In spite of long-term development and extensive applica-
tion, traditional treatment still vary greatly in therapeutic
effects among individuals mainly due to inter-patient
heterogeneity, which may originate from tumor micro-
environment and its intercellular signaling network. A
patient specific treatment is desired to achieve more
consistent and significant efficacy.
Here we traced to the root of heterogeneity and

proposed an individualized therapy that targeting the
heterogeneous intercellular signaling network. The key to
this therapy is to find the most sensitive targets that can
maximize the efficacy. Single target analyses show
marked difference across three virtual patients
(Figure 4). The optimal targets for virtual patients 1 and 2Figure 1. Four-year growth curves of six types of cells.

Figure 2. Dynamics of macrophages activation.
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are both “ul” (uLCC–IL – 10) targeting IL–10 receptors on

lung cancer cells; the best target for virtual patient 3 is
“u2” (uLCC–VEGF) targeting VEGF receptors on lung

cancer cells. Unfortunately, none of the patients get their
deterioration effectively controlled with single target
therapy, suggesting a requirement of multi target therapy
(Figure 5).
We further designed a four-target therapeutic strategy

analysis algorithm. The multi-target therapy significantly
prolongs the progression-free survival (PFS) to an extend
way over the linear superposition of that with single target
therapy, which implies that there are synergistic effects

between targets (Figure 6). The trend of relative
competitive advantage was reversed and the development
of tumor was inhibited until the multi-target treatment was
discontinued after a half-year treatment program for all
three virtual patients (Figure 7). It is worth noting that, for
virtual patient 3, a half-year multi-target treatment was
even more effective than a sequential combination of
surgery, radiotherapy and chemotherapy in terms of
efficacy (Figure 7), suggesting that the multi-target
therapy can serve as an effective strategy by reconstruct-
ing the tumor microenvironment instead of eliminating
tumor cell directly.

Figure 3. Four-year dynamics of normalized concentration for all 18 cytokines in NSCLC microenvironment.

Figure 4. Optimal anti-tumor targets for three virtual patients based on single target analysis. The sensitivity of each

parameter is plotted as the color bar, where red is positive correlation and green negative correlation. The parameters u1–u36
indicate the surface receptor expression level, which is summarized in Supplementary Table S2.

150 © Higher Education Press and Springer-Verlag GmbH Germany, part of Springer Nature 2019

Chuang Han and Yu Wu



Combination therapy: a combination of traditional
treatment and targeted therapy

Since multi-target therapy can emasculate the competitive
advantages of tumor cells by transforming the tumor

microenvironment, it is possible to wipe out all the tumor
cells at their source, while traditional treatment tends to
attack tumor cells directly, which seems difficult to
completely root out tumor cells. A combination of
traditional treatment and targeted therapy is anticipated

Figure 6. Significant improvement of progression-free survival in three virtual patients treated with multi-target therapy. The
treatment is initiated when tumor cell reach the clinically detectable concentration 1�106/mL, and lasts for half a year.

Figure 7. Comparison of therapeutic efficacy from three types of therapies: multi-target therapy (half a year), traditional
therapy and combination therapy. The traditional therapy lasts for about 21 weeks with the sequential combination of surgery,
radiotherapy (five times a week for 6 weeks) and chemotherapy (once every three weeks for 15 weeks). The combination therapy is

continued for nearly one year as the sequential combination of traditional therapy (about 21 weeks) and multi-target therapy (half a
year).

Figure 5. Poor response to single target therapy for three virtual patients. The treatment is initiated when tumor cell reach the
clinically detectable concentration 1�106/mL, and lasts for half a year.
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to significantly increase the efficacy. The results of
simulation show that the extension of PFS of three
virtual patients with a combination therapy could be over
50% more than the sum of that with two solo therapies
(Figure 7), suggesting that there is a clear complementary
relationship between the two therapeutic schemes.

Targeted therapy for dynamic patients

In the course of tumor development, the change of
physical conditions and psychological reactions of
patients may become more intense on average compared
with healthy individuals. To evaluate the therapeutic
effect of targeted therapy in response to this reality, we
have designed a dynamic virtual patient with time varying
biochemical parameters, reflecting the changes in physi-
cal conditions. A portion of parameters of “k” (protein
secretion rate) and “u” (maximum up-regulation ratio of
cellular activity) in the dynamic virtual patient are
changed with the variation of lung cancer cell concentra-
tion, which is described by the Hill functions (Supple-
mentary Table S3). To improve the efficacy of targeted
therapy taking into account the intense fluctuation of
biochemical parameters, we proposed a novel targeting
strategy— tracking targeted therapy, which aimed to
optimize the treatment by upgrading the treatment
regimen periodically. The same dynamic virtual patients
was treated with tracking and non-tracking targeted
therapy, respectively. Both treatments last for one year,
and the variations of their target combinations are noted in
Supplementary Table S4. While getting well curative
effects from both treatments, the dynamic virtual patient
benefits more from the tracking targeted therapy
(Figure 8).

Drug resistance for multi-target therapy

Regardless of drug resistance, multi-target therapy could
be prolonged to one year or even longer so as to bring
about more effective results (green dotted line, Figure 9).
However, it is common in clinic that acquired resistance
happens after about six months of continued targeted
therapy, which leads to a huge reduction of therapeutic
effects especially in the treatment of lung cancer (red
dashed line, Figure 9). From this perspective, a targeted
therapy is actually like a shooting sport with running
targets instead of stationary targets. To capture the
dynamic feature of moving targets, we put forward
tracking targeted therapy again to continue eroding the
competitive advantages of lung cancer cells by way of
responding timely to fast-changing drug resistance.
According to real-time changing biochemical parameters,
virtual patients took on a strategy shift every two months
(Table 1). The PFS can be well extended as long as the
treatment was continued (Figure 10), suggesting the
tracking targeted therapy proposed here can effectively
avoid the failure caused by acquired resistance. Thus, it is
quite promising that the PFS could be extended to a very
surprising level with a carefully designed tracking multi-
target therapy (data not shown).

DISCUSSION

This paper focuses on quantitatively describing the
intercellular signaling network in NSCLC microenviron-
ment and exploring key receptor targets for personalized
therapy. We integrated a series of different kinds of cells
and their intercellular signal transduction pathways into

Figure 8. Comparison of therapeutic efficacy between
tracking multi-target therapy (green dotted line) and non-

tracking multi-target therapy (red dashed line). Both
therapies last for one year.

Figure 9. Comparison of therapeutic efficacy of the same

one-year non-tracking multi-target therapy for virtual
patient 2 with (red dashed line) or without (green dotted
line) drug-resistance. The gradually evolved acquired resis-

tance resulted in the increasing shift of optimal targets and
eventually the failure of treatment.
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the intercellular signaling network and displayed the
dynamics of cells and cytokines by means of dynamics
modeling and simulation. All the in silico results show a
good qualitative agreement with that from clinical
research and animal experiment [37]. To construct the
intercellular signaling network of the tumor microenvir-
onment enabled us to discover the mechanism of tumor-
stroma competition and cooperation at the systems level
and provided novel biological insights into the therapeutic
strategies of NSCLC.
With only 24 ODEs of 6 kinds of cells and 18

cytokines, we depicted the malignant transformation,

tumor proliferation and angiogenesis in NSCLC micro-
environment from perspective of dynamic evolution and
system interaction. Despite of significant inter-patient
heterogeneity, dynamics of lung cancer cells in all virtual
patients exhibited three typical phases: initial slow
growth, rapid proliferation and malignant phase. Not
only lung cancer cells, but also other tumor-associated
cells in the tumor microenvironment underwent these
three stages, indicating a co-evolution of lung cancer
cells, tumor-associated immune cells and stromal cells.
Remarkably, in the second phase, two critical events
occurred in NSCLC microenvironment: First, lung cancer
cells gained competitive advantages, eroded the space and
nutrient resources of epithelial cells and arrived the stage
of swift and violent growth; Second, due to paracrine
stimulation from lung cancer cells, M2 macrophages
seized the selection advantage in monocyte differentiation
and dominated in macrophage population which was
accompanied by a rapid decrease in immune response.
These results did not deliberately cater to any specific
clinical or experimental data, but rather reflected the
mechanism of competition and cooperation underlying
the growth of tumor.
Our model revisits tumor development from the

perspective of tumor microenvironment and thus offer
new cut-in points to anti-tumor therapy. Since the model
quantitatively describes the intercellular signaling net-
work with a variety of cells as nodes and intercellular
signaling pathways as links, a targeted therapy that down-
regulating/cutting off one or more of the links may change
the topology of the entire network, thus interfere the
development of lung cancer. We evaluated the efficacy of
targeted therapy which can be realized in clinic by
regulating specific signaling pathways with small-mole-
cule drugs. Although the most sensitive receptor target in
tumor microenvironment was identified, the efficacy of
single-target therapy was trivial in all three virtual
patients. Interestingly, we found that regulating multiple
signaling pathways simultaneously could greatly increase
the efficacy, most likely because of the synergistic effect,
and thus proposed an algorithm to find the optimal targets
combination. The multi-target treatment indeed effec-
tively retarded the development of NSCLC in virtual
patients.
Surgery, radiotherapy and chemotherapy have been

widely used in the treatment of NSCLC. While most of
traditional therapies treat the patients by directly attacking
tumor cells, the targeted therapy we proposed here
inhibits the growth of tumor through regulation of
tumor microenvironment, instead of directly killing
tumor cells. Apparently, there are complementary effects
between traditional and targeted therapies, a combination
of the two is therefore anticipated to achieve better results.
Thus we put forward a new therapy combined with

Figure 10. Comparison of therapeutic efficacy between
tracking multi-target therapy (black dash-dotted line) and
non-tracking multi-target therapy (red dashed line). Both

therapies lasted for one year and were applied to virtual patient
2 with drug-resistance. While non-tracking therapy failed
halfway, tracking therapy successfully controlled the disease

during the administration period.

Table 1 scheme of a one-year tracking targeted therapy
tailored for a virtual patient with acquired resistance
Treatment duration (months) Targeting parameters

0–2 uLCC–IL – 10, uLCC–VEGF, uLCC–EGF,

uLCC–IGF1

2–4 uLCC–IL – 10, uLCC–VEGF, uLCC–EGF,

uM2–M–IL – 10

4–6 uLCC–IL – 10, uLCC–EGF, uM2–M–IL – 10,

uLCC–IGF1

6–8 uLCC–IL – 10, uLCC–VEGF, uLCC–EGF,

uM2–M–IL – 10

8–10 uLCC–IL – 10, uLCC–VEGF, uLCC–EGF,

uLCC–IGF1

10–12 uLCC–IL – 10, uLCC–EGF, uM2–M–IL – 10,

uLCC–FGE
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surgery, radio-chemotherapy and multi-target therapy, and
the expected satisfactory results have been achieved in all
virtual patients.
In recent years, multi drug resistance sites are prone to

occur around six months after the use of small-molecule
drugs, suggesting we are dealing with running targets
instead of stationary targets. To this end, we proposed an
improved version of the multi-target therapy strategy-
tracking targeted therapy, and successfully controlled the
disease during treatment. Yet nowadays, targeted drug
species are less and mostly focus on tumor cells
themselves. This study provides a certain theoretical
reference for targeting the tumor microenvironment and
quantitatively assessing the effectiveness of multi-target
therapy. In the future, with the development of targeted
drug research and diagnosis techniques, the model can be
treated as a powerful clinical tool for the guidance of
personalized combination therapy.

METHODS

Constructing an intercellular signaling network of
the NSCLC microenvironment

Although the recognitions and biochemical activities of
signal molecules in NSCLC microenvironment have been

experimentally investigated [4,7,38–42], it is not clear
how these mediators coordinate and play a role in
regulating tumor development at the system level. Here
we first set up an intercellular signaling network by
integrating all known autocrine/paracrine pathways in
NSCLC, as shown in Figure 11. Six types of cells – lung
cancer cells (LCC), cancer-associated fibroblasts (CAF),
tumor-associated macrophages (M1, M2), mesenchymal
stem cells (MSC) and epithelial cells (Epith) – and 18
kinds of cytokines/growth factors/chemokines were
included in the signaling network.

Well-mixed model

We took 1mL control volume into consideration and
derived a quantitative model using logistic population
dynamics and the Hill functions. The whole model is
composed of 24 ordinary differential equations (ODEs),
which corresponds to each type of cell and cytokine,
respectively. First, a class of basic population dynamics
equation was used to calculate six types of cell growth
rates as a function of their recruitment rate, proliferation
rate, decay (apoptosis) rate, rate of transformation through
direct mutation, rate of transformation through differ-
entiation of their stem/progenitor cells, and rate of
dedifferentiation. Second, the growth rate of each cell

Figure 11. A schematic diagram of the intercellular signaling network in NSCLC. The network is composed of 6 types of cells

and 18 cytokines.
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type is quantitatively regulated by the soluble signal
transmission medium present in the tumor microenviron-

ment via the Hill function. So, the cell growth rate can be
described as

where the first item of the right side of Equation (1) is the
representation of discrete events which cover immigra-
tion, emigration, differentiation from progenitor. Yk refers
to the size of the kth cell activity term. The second item
denotes the proliferation component of cell xi with the
basal proliferation rate ri, which can be up-regulated by
cytokine yl and inhibited by cytokine ym. Parameter
aangiogenesis is the angiogenesis factor. xmax is maximum

cell population level due to limited nutrition and space.
The third item describes the decay of cell xi due to natural
lifespan, which can be regulated by cytokine yn. The last
item is the mutation/differentiation/dedifferentiation from
cell xk that can be up-regulated by cytokine yp and
inhibited by cytokine yq.
The cytokine growth rate can be described as

where the first item on the right side of Equation (2)
describes the secretion of cytokine yj from cell xk with
basal secretion rate kjk , which can be up-regulated by
cytokine yl, induced by cytokine ym and inhibited by
cytokine yn. The last item is the decay component of
cytokine yj.
All differential equations and the initial values of all

parameters are described in Supplementary Text and
Supplementary Table S5, respectively. The population
dynamics equations of LCC and VEGF selected as the

paradigms of 6 cell types and 18 cytokines are as follows.
LCC:

_xLCC=REpithpLCC–Epith þ RLCC

– dLCC 1þ
uLCC–M1xM1

sM1 þ xM1

� �
sM2

sM2 þ xM2

� �
xLCC (3)

where

RLCC=rLCCxLCC 1 –
xLCC þ xCAF þ xM1 þ xM2 þ xMSC þ xEpith

xmaxAangiogensis

� �

(1)

(2)
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where x is the concentration of cell, y is the concentration of
cytokine, r is the basal proliferation rate, d is the basal decay
rate, u is maximum up-regulation ratio of cellular activity, s
is the concentration of cytokine producing half of the
maximal regulation effect to cellular activity, n is the Hill
coefficient, pLCC–Epith is the probability of mutation from

dividing Epith to LCC during each cell cycle. R is the
logistic proliferation term. Parameter xmax is the saturation
concentration of cell due to limited resource, and Aangiogenesis

is the angiogenesis factor. So the product xmaxAangiogenesis

represents the carrying capacity of the microenvironment.

Human lung cancer is derived from normal epithelial
cells through a series of multi-step processes, including
continuous genetic and epigenetic abnormalities [43]. M1
macrophages engulf tumor cells and recruit other immune
cells [44], while M2 macrophages weaken anti-tumor
immunity by suppressing cytotoxic T cell response [45].
VEGF, EGF, FGF and HGF are highly overexpressed in
NSCLC and play important roles in promoting lung
cancer cell proliferation [46–49]. Abundant SDF-1, IGF-1
and IL10 in NSCLC microenvironment are reported to
stimulate lung cancer cell growth [50–52]. In NSCLC cell
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lines, PGE2 and IL-8 promote cell proliferation [53,54]. VEGF:

_yVEGF=kVEGF–LCCxLCC 1þ
uVEGF–TGF – β–LCCy

nVEGF
–
TGF – β

–
LCC

TGF – β

s
nVEGF

–
TGF – β

–
LCC

VEGF–TGF – β–LCC
þ y

nVEGF
–
TGF – β

–
LCC

TGF – β

0
@

1
A 1þ

uVEGF–LCCx
nVEGF

–
LCC

LCC

s
nVEGF

–
LCC

VEGF–LCC
þ x

nVEGF
–
LCC

LCC

0
@

1
A

1þ
uVEGF–HGF–LCCy

nVEGF
–
HGF

–
LCC

HGF

s
nVEGF

–
HGF

–
LCC

VEGF–HGF–LCC
þ y

nVEGF
–
HGF

–
LCC

HGF

0
@

1
Aþ kVEGF–EpithxEpith 1þ

uVEGF–TGF – β–Epithy
nVEGF

–
TGF – β

–
Epith

VEGF – β

s
nVEGF

–
TGF – β

–
Epith

VEGF–TGF – β–Epith
þ y

nVEGF
–
TGF – β

–
Epith

TGF – β

0
@

1
A

þkVEGF–CAFxCAF 1þ
uVEGF–TGF – β–CAFy

nVEGF
–
TGF – β

–
CAF

TGF – β

s
nVEGF

–
TGF – β

–
CAF

VEGF–TGF – β–CAF
þ y

nVEGF
–
TGF – β

–
CAF

TGF – β

0
@

1
Aþ kVEGF–M2xM2 þ kVEGF–MSCxMSC

– dVEGFyVEGF (4)

Cytokine VEGF is highly overexpressed in lung cancer
cells [55], which is induced by TGF-β and HGF [56,57].
TGF-β induces VEGF expression by CAFs and human
lung epithelial cells [56,58]. MSCs and M2 macrophages
express multiple angiogenic factors, such as VEGF
[7,59]. Also, hypoxia increases VEGF expression in
NSCLC cell lines [58].

Pharmacokinetics for drug treatment

We designed a novel treatment method by targeting
cellular components of NSCLC microenvironment, and
used pharmacokinetics to analyze the actual efficacy of
the target therapy. First, concentration-time profile of a
drug which follows one-compartment model can be
described by the following equation.

Cn=
kaFX0

V ðka – kÞ
1 – e – nkτ

1 – e – kτ
e – kt –

1 – e – nkaτ

1 – e – kaτ
e – kat

� �
(5)

where Cn is the concentration at a given time t, n is the
dosing frequency, τ is the dosing interval, t is total drug
treatment time, V is the volume of distribution of the
central compartment, F is the fraction or percentage of the
administered dose that is available to reach the general
circulation, X 0 is the administered dose of drug, k is the
elimination rate constant, and ka is the absorption rate
constant.
Lynch, TJ found that mutant EGFR strengthened EGF-

dependent activation of mutant EGFR and enhanced self-
sensitivity to gefitinib [60]. According to their experi-
mental results, we can get the relationship between the
target inhibition effect and the blood concentration, which
can be described by the following equation

T=
uC

sþ C
� 100% (6)

where T is the target inhibition rate, C=p⋅Cn, p is the
tissue/plasma drug concentration ratio, u is maximum
down-regulation ratio of cellular activity, s is the
concentration of drug producing half maximal regulation
effect to cellular activity. We simulated the therapeutic
effect of gefitinib (Figure 12). The parameter values about
gefitinib, with references and meanings, are given in
Table 2.

Single target and multi-target analysis

In recent years, advances in tumor-targeted therapy have
entered a brand-new era with the development of

Figure 12. Target inhibition rate curve of gefitinib taken
periodically.
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molecular biology and the further acquaintance of the
pathogenesis from the cellular and molecular levels.
For single target therapy, we independently carried out

simulated treatment analysis for each target to obtain the
optimal target for maximizing the following objective
function:

Sk=xLCCðuk ,tÞ – xLCCðuk – therapy,tÞ, k=1,2, :::, 36 (7)

where S is the difference of cancer cell concentrations, k is
target parameter number, uk – therapy=uk � T , and t is the
time of treatment. When t = 0, the tumor has just been
diagnosed.
To demonstrate the procedure of multi-target treatment,

without loss of generality, we took 4-targets combination
as an illustration. Each combination was composed of 4
out of 36 targets. The simulated treatment was carried out
one by one to obtain the optimal combination for
maximizing the following objective function:

Si=xLCCðui,tÞ – xLCCðui – therapy,tÞ, i=1,2, :::,C4
36 (8)

where ui=[u1,u2,u3,u4]i is the array of 4 targets, i is the
serial number of target combination, ui – therapy=ui � T ,
all the remaining parameters have been previously
defined.

Multi-target combination optimization

The efficacy of the multi-target combination therapy is not

a linear superposition of each single target, due to the
nonlinear correlations governed by the nonlinear coupled
ordinary differential equations. A combination of several
suboptimal targets may outplay a group of top-notch
players due to synergistic effects (data not shown). Thus,
the key rule to find the candidates of the optimal 4-target
combination may not be looking for the top players who
win the single target contest, but the ones that closely
collaborate to demonstrate best efficacy in multi-target
analysis. According to this rule, a straightforward
procedure will be running through the targets in all
possible combinations, however, it will cause large
amount of calculation as the model covers 36 receptor
targets. To increase the efficiency of the optimization
algorithm, we proposed a grouping strategy to reduce the
size of effective sampling library. The strategy is based on
the assumption that, it is possible to have strong cross
correlation only among the target parameters in the same
ordinary differential equation (intra-equation) of the
model, while the mutual influence of target parameters
existing in different equations (inter-equation) are com-
parably weaker and the synergy can be ignored.
In accordance with the assumption, we organized an

elimination tournament to determine the optimal 4-target
combination (Figure 13). The 36 competitions were
grouped according to intra- and inter-equation correla-
tions (Table 3), and the winners in the knockout phase
went on to play in the next round. The optimal 4-target
combination was selected in the finals.

Table 2 Summarized pharmacokinetic parameters of gefitinib for drug treatment
Parameter Meaning Value Ref.

ka Absorption rate 0.9 [61]

k Elimination rate 0.0144 Calculated [62]

F Fraction or percentage of the administered dose 0.6 [63]

V Volume of distribution of the central compartment 1700 (L) [63]

X0 Administered dose of drug 250 (mg/day) [62]

u Maximum down-regulation ratio of cellular activity 0.962 Calculated [60]

s Concentration of drug producing half maximal regulation effect to cellular activity 0.01996 (μM) Calculated [60]

p Tissue/plasma drug concentration ratio 2.238 Calculated [60]

Figure 13. Algorithm flow chart of multi-target combination optimization.
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