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Al-Driven Synthetic Biology for Non-Small Cell
Lung Cancer Drug Effectiveness-Cost Analysis
In Intelligent Assisted Medical Systems

Liu Chang, Jia Wu*, Nour Moustafa, Ali Kashif Bashir, Keping Yu

Abstract—According to statistics, in the 185 countries'
36 types of cancer, the morbidity and mortality of lung
cancer take the first place, and non-small cell lung cancer
(NSCLC) accounts for 85% of lung cancer [1-2].
Significantly in many developing countries, limited medical
resources and excess population seriously affect the
diagnosis and treatment of lung cancer patients. The 21st
century is an era of life medicine, big data, and information
technology. Synthetic biology is known as the driving force
of natural product innovation and research in this era.
Based on the research of NSCLC targeted drugs, through
the cross-fusion of synthetic biology and artificial
intelligence, using the idea of bioengineering, we construct
an artificial intelligence assisted medical system and
propose a drug selection framework for the personalized
selection of NSCLC patients. Under the premise of
ensuring the efficacy, considering the economic cost of
targeted drugs as an auxiliary decision-making factor, the
system predicts the drug effectiveness-cost then. The
experiment shows that our method can rely on the
provided clinical data to screen drug treatment programs
suitable for the patient's conditions and assist doctors in
making an efficient diagnosis.

Index Terms—non-small cell lung cancer (NSCLC),
targeted drug therapy, synthetic biology, artificial intelligence
medical system, drug effectiveness-cost analysis

|. INTRODUCTION

ESEARCH shows that with the development of the social
economy, people pay more and more attention to health
issues, and the proportion of medical expenditure in the
consumption structure is increasing gradually. Due to the
specificity and scarcity of drugs used by cancer patients, the

highest medical consumption is undoubtedly cancer patients [1].

According to the latest analysis report on the prevalence of
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malignant tumors in China conducted by the National Cancer
Center in January 2019, China's annual medical expenses
required exceed 220 billion yuan. According to the latest global
cancer statistics published in the Journal of CA by the World
Health Organization in 2018 [2], of the 36 types of cancers in
185 countries, among the estimated 18.1 million new cancer
cases for both sexes combined, lung cancer is the most
commonly diagnosed cancer (11.6% of the total cases) and the
leading cause of cancer death (18.4% of the total cancer deaths)
[2], both occupying the first place. Medical technology is a
necessary technical means to ensure human health, and the
rational allocation of medical resources for lung cancer patients
has become a research hotspot [3].

Due to the aging population, the intensification of
industrialization and urbanization, changes in lifestyle, and
other reasons, global cancer morbidity and mortality have
increased rapidly [5]. However, the differences between
various countries or regions still exist, mainly due to the
differences in social and economic changes. In most developing
countries, due to the large population base, backward medical
conditions, lack of medical resources, the ratio of doctors to
patients is seriously unbalanced. According to the latest global
cancer statistics released by the WHO in 2018, 57.3% of cancer
deaths worldwide come from Asia [6-8]. Among them, lung
cancer incidence is the first in 37 countries in East Asia,
Southeast Asia, and North Africa.

According to the National Cancer Statistics Report released
by the National Cancer Center in January 2019 [9], in 2015,
malignant tumors in China were about 3.929 million, and the
deaths were about 2.338 million. That is, an average of more
than 10,000 people per day and 7.5 people per minute are
diagnosed with cancer [10]. Lung cancer is cancer with the
highest morbidity and mortality among cancer types.
Non-small cell lung cancer (NSCLC) accounts for 85% of lung
cancer, and the 5-year survival rate is only 15% [11-13]. The
2-year survival rate of small cell lung cancer (SCLC) is only
1%. This shows that lung cancer is very harmful to people's
health. Under such circumstances, patients' diagnosis and
treatment needs are challenging to meet [14]. Implementing
systematic and professional solutions to assist doctors in
diagnosis and decision-making effectively is an urgent problem
to be solved.

According to statistics from the Chinese Ministry of Health
in 2015, an average of more than 5,800 people can only share
one doctor [15]. Doctors in big cities may need to treat more
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than 50 patients every day [16], which shows that doctors' ratio
to patients is severely uneven. The cost of training a doctor in
the imaging department who specializes in PET and CT is five
times that of training a pulmonary doctor in developing
countries. In hospitals with underdeveloped medical conditions,
ask a PET-CT doctor with professional medical experience to
mark pictures. Each picture needs to be marked at $10, and each
patient needs at least $500 to mark. China's per capita medical
expenditure is only 70 US dollars a year, and it cannot afford
this economic pressure. In addition, it is particularly worth
considering the medical cost of lung cancer patients during
treatment. In the previous study of the auxiliary medical system
in China, the differences in the economic capabilities and the
individual requirements of different patients were not
considered. Due to the lack of economic conditions, life cannot
be protected by drugs. One of the results is that mild patients
may suffer severe or even catastrophic lesions [17-18]. Most
cancer patients lose their lives because they cannot receive
timely and effective treatment. More than 50% of lung cancer
patients in the world choose to abandon treatment or delay
treatment because they cannot afford the high cost of
medication [19]. Therefore, there is interest in balancing the
cost and benefit of drugs.

As an interdisciplinary emerging in the new century,
synthetic biology has attracted widespread attention from
governments and scholars at home and abroad and was named
"Ten Major Breakthroughs in the Field of Natural Sciences in
the First Ten Years of the 21st Century" by "Science" magazine
[20]. With the development of artificial intelligence, big data
simulation computers and automated laboratory equipment are
gradually being used in synthetic biology, greatly improving
the efficiency of synthetic biology [21].

In this study, to solve the above problems, improve the
medical environment of lung cancer patients and the rational
allocation of medical resources. Based on the research of
NSCLC targeted drugs, through the cross-fusion of synthetic
biology and artificial intelligence, using the idea of
bioengineering, we construct an artificial intelligence assisted
medical system and propose a drug screening framework that
proposes a method for predicting targeted drugs' efficacy based
on patient characteristics. Considering the economic capacity
and specific needs of different patients, we make the cost of
drugs as auxiliary decision-making information to carry out
drug effectiveness-cost prediction, achieving personalized
treatment, which can realize and elevate the effectiveness and
advantages of Al-driven synthetic biology for human
wellbeing.

The main contributions of this article are as follows:

(1) A framework for targeted drug screening based on patient
characteristics is proposed. Through in-depth extraction and
training of patient characteristics, data processing of drug
efficacy is completed. In addition, the drug cost is used as an
auxiliary decision-making factor, and the ratio of the
incremental effectiveness of the target drug to the incremental
cost is analyzed to predict the best target drug treatment
sequence.

(2) The model defines that all patients with NSCLC belong

to one patient set, and patients who receive the same targeted
drug treatment belong to the same unit set. From the
perspective of the patient set and patient unit sets, choose the
probability model to describe the effectiveness and cost of
targeted drugs, making this method more universal and suitable
for analyzing multiple drugs.

(3) In the process of drug efficacy prediction, the model uses
a sparse autoencoder to process patient data to achieve
multi-source data association and fusion. Then, through the
deep neural network and softmax classifier, the effective and
ineffective probability of the drug treatment is output, and the
drug effect can be intuitively obtained.

II. RELATED WORK

In today's world, cancer is a severe threat to human life and
health. It is a common challenge facing medical research
institutions in countries around the world. At present, many
research methods of artificial computer intelligence have been
widely used in cancer research in the medical field. As a
meaningful way for humans to prevent and treat diseases, drugs
have attracted many researchers to invest in related research.

In recent years, with the widespread use of artificial
intelligence (Al) in clinical cancer research, the performance of
assisted cancer prediction and diagnosis has reached a new
height. Al can effectively help cancer diagnosis and prognosis
[22], especially in terms of accuracy, which is even higher than
general statistical applications in oncology.

In the medical loT environment, the intelligent medical
system has always been the research center. In order to promote
the intelligent and efficient management of medical resources,
researchers have developed an intelligent medical service
system based on the Internet of Things environment [23],
which improves the utilization of medical resources and helps
the medical system develop towards digital, intelligent, and
precise. The association analysis algorithm identifies the close
connection between disease and treatment [24] and
recommends medical methods based on a given patient
examination report. This disease diagnosis and treatment
recommendation system effectively obtains the required
diagnosis and treatment plan and provides high-quality
recommendations with a low-latency response. In addition, the
use of backstepping technology and the general approximation
nature of the fuzzy system [25], through an adaptive fuzzy
back-stepping controller, to obtain a suitable drug treatment
plan, the intelligent controller for the cancer immunotherapy
system is also one of the research focuses.

In the 21st century, modern technology and bio-medicine
have dramatically promoted comprehensive conceptual
innovation and technological progress in the medical field. The
development of various fields also reflects the common trend of
pursuing and expressing "precision”. Accurate drug selection
for cancer patients is one of the leading research areas of
precision medicine. The Learning-to-Rank (LTR) framework
based on machine learning [26] is used to select and prioritize
cancer-specific drugs. This method can accurately predict the
best drug based on the data of a single cancer cell line and can
significantly improve the success rate of cancer-specific drug
selection compared with conventional methods for drug
selection. In addition, a new pharmacodynamic modeling
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method for drug interactions is established [27], and the best
drug combination and drug dosage are determined by
considering the side effects of drugs. The research uses the
direct search optimization method to identify the best dose plan
of the drug combination and then predicts the clinical utility of
the drug combination through a simulation program. This
method can help find the best drug dosage and dosage range
effective and safe and shorten the drug development cycle.

Due to the large population base and lack of medical
resources, cancer patients need to spend high medical costs in
most developing countries, but most patients cannot afford it.
Therefore, more and more researchers are working on medical
cost-benefit research to treat cancer patients, hoping to
maximize the benefits by spending the lowest cost. By studying
the types, quantities, and combinations of medical resources
that are feasible in various medical environments [28], a
management system is developed around the concept of
"integrated health care resource planning and management" to
ensure the highest quality medical services while ensuring that
patients need to pay the cost is within an affordable range.
Some researchers have adopted the Markov model to evaluate
the cost-benefit of first-line chemotherapy for patients with
non-small cell lung cancer in Thailand from a social
perspective and by estimating long-term costs and health status
[29]. The study evaluates patients' treatment options and
provides valid and reliable cost data for patients to choose
chemotherapy options effectively.

The above methods do not consider the differences in the
economic capacity and drug response of different groups of
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people and the particular requirements of different groups. In
order to solve the deficiencies of the above methods, our study
describes the effectiveness and cost of drugs based on
probability analysis and drug decision making so that this
method can be applied to the analysis of multiple drugs and can
make a personalized drug decision plan to match the patient's
financial ability and requirements.

[ll.  SYSTEM DESIGN

With the popularization and development of artificial
intelligence in the medical field, how to effectively assist
doctors in diagnosis and treatment has become a research
hotspot. Especially in most developing countries, where the
population base is significant and doctors' ratio to patients is
severely unbalanced, the demand is even more urgent [30-31].
Moreover, intelligent medical treatment can help shorten the
diagnosis time, reduce the cost of treatment, and ensure
efficacy.

A. Overall system architecture based on drug decision
technology

The core of the medical assistance system mentioned in this
article lies in a drug selection framework selected explicitly by
NSCLC patients. The framework proposes an intelligent drug
recommendation program that ensures efficacy, correlates the
benefits of targeted drugs with economical costs, and makes
drug effectiveness-cost predictions [32-33].

According to the carcinogenic sites that have been identified,
the corresponding therapeutic drugs are designed. After the
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Fig. 1. Targeted drugs commonly used at home and abroad for patients with non-small cell lung cancer of different stages [3-7]
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drugs enter the human body, they will accurately combine with
the carcinogenic sites and act, allowing the tumor cells to die
without affecting the function of healthy cells, tissues, or
organs to improve efficacy. According to the target, this is the
choice of medication, the treatment process of targeted drugs
[34]. This study counted the targeted drugs commonly used by
patients with non-small cell lung cancer in different stages and
corresponding to the target. As shown in Figure 1, patients in
Phase I, 1lI, and IV have different commonly used targeted
drugs such as EGFR, MET, and BRAF genes. The drugs will
also overlap because the same drug may be effective against
multiple targets.

The model considers the effectiveness and cost of targeted
drugs from the perspective of the patient unit sets and the
patient set and then analyzes the ratio of effectiveness
increment to cost increment of targeted drugs from the
perspective of probability to predict the optimal treatment
targeted drug sequence, such as Figure 2 shows.

Specifically, it includes the following steps:

1) Predict the effectiveness of targeted drugs for the
treatment of NSCLC patient unit sets and the patient set. It is
defined that all patients with non-small cell lung cancer belong
to one patient set, and patients who receive the same targeted
drug therapy belong to the same unit set. Considering the
changing degree of the tumor area and tumor markers after drug
treatment, and digitally deal with the effectiveness of drug

Drug(i)
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Fig. 2. Model design

treatment. Then the patient's drug treatment data is input into
the sparse self-encoding model for latent feature extraction and
selection. The softmax classifier is used for feature training to
output the drug's valid and invalid probability to predict the
efficacy. After the patient unit set's effectiveness is obtained
separately, analyze the effectiveness of the patient set.

2) Analyze the cost of targeted drugs to treat NSCLC patient
unit sets and the patient set. From the probability model
perspective, the lognormal distribution is selected to represent
the cost of patient unit sets and the patient set.

3) Describe the effectiveness increment and cost increment
of the patient unit set relative to the patient set.

4) Analyze the ratio of effectiveness increment to cost
increment of targeted drugs from probability to predict the
optimal treatment targeted drug sequence.

B. Drug decision-making steps

According to the overall drug decision-making framework of
the medical assistance system we propose, its core lies in
conducting drug screening and assisting doctors in drug
decision-making to provide accurate medical services.
Different patient groups have different responses to targeted
drugs, so the probability model is used to describe the
effectiveness and cost so that our method can be applied to the
analysis of multiple targeted drugs. First, we analyze the
effectiveness of targeted drugs used in patients with non-small
cell lung cancer.
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1). Drug effectiveness analysis

In order to facilitate the patient's effectiveness analysis of the
used drugs, all patients with non-small cell lung cancer are
divided into different unit sets according to the targeted drugs
used. That is, patients who receive the same drug for treatment
belong to the same unit set [38]. To quantify the efficacy of
each targeted drug, the unit set of patients receiving a single
targeted drug is screened out separately, and compared with the
patient set (including patients receiving single or multiple
targeted drugs), so as to analyze relative benefits. All patient
features in each unit set are extracted from the patient’s
electronic medical record, such as basic information, diagnosis
and treatment records, and living habits, and convert statistical
data into a set of binary eigenvector X. Then perform feature
selection, remove irrelevant features and redundant features. To
better obtain the latent features of the patients in the unit set,
feature dimensionality reduction processing is performed. Each
unit set uses the softmax classifier for latent feature training,
and the drug treatment probability is obtained through the
classifier training [35-36].

When the targeted drug therapy is sufficient, the patient's
tumor area will be relatively small, and the level of serum
tumor markers will be significantly reduced compared with
before treatment. Therefore, we can use the changes in the
tumor area and serum tumor marker levels to evaluate the
treatment effect. The most specific tumor markers for the
diagnosis of NSCLC include soluble fragments of cytokeratin
(CYFRAZ21-1) and cancer antigens (CA-125), so we selected
the changing degree of these two tumor markers for evaluation
[3]. Define the tumor area (including spread area) before

treatment as Aréa,, . The total tumor area after treatment is

Area_ .

According to the change of tumor area before and after
treatment to define the extent of area reduction:

Area  — Area
Larea = (1)
max { Area_ , Area_, }
Therefore, the drug efficacy is defined as:
Edrugi = é‘Larea + az LCYFa + 772 LCAJ (2)

ben

bef !

where LCYFa represents the changing degree of the tumor

marker CYFRA21-1, and LCAb represents the changing

degree of the tumor marker CA-125. 6, & , and r represent
the impact factor of tumor area, tumor markers CYFRA21-1,
tumor markers CA-125,and 5+ +17 =1.

Suppose the training data set is {(X1 , yl),---(xn, Y, )}
X represents patient characteristics, and Y represents
effective output value after medication. It is input into a hidden
layer with ¢, neurons, and after a nonlinear activation
function, a visual layer with n neurons is output.

2
P} = 2 Wi +b) ®

Where Wi'j is the connection weight between the i-th
neuron in layer | and the j-th neuron in layer 1+1; b; is the
deviation of the j-th neuron in layer |+1; ¢, is the number of
neurons in layer |, p; is the activation value of the j-th neuron

in layer | .

By adding sparse constraints based on self-encoding and
adding additional penalties to the optimization target to impose
sparse constraints on hidden units, hidden neurons can play a
more significant role and learn exact features [12]. At this time,
the sparse self-encoding reconstruction cost function of n
training data is [8-9]:

I:s—s—coding (W' B):li(pln@*‘(l—p)m l_f))
i1 Pj 1-p;
1&.(1 y ) )
—> 1 =]h xR+ L
Y ;(zu o (% =) | j+2|[W||2

Where ¥ is a trade-off parameter, A is the weight of the
sparsity penalty factor, o is the average target activation value

of the hidden layer, and /;j is the average activation value of

the hidden layer node j. Then, we use the backpropagation
algorithm to train the sparse self-encoding model to obtain the
optimal weight matrix W and deviation vector B . The
original data is input into the sparse self-encoding model, and

the latent information is extracted as {( P yl) o ( Pns Yn )} .

The latent information has good semantic representation ability.

Assume that the acquired patient historical data is H.
There are W feature values set, so the latent feature extracted by
the encoder is recorded as h, =[p,,..., p,]" . The softmax
classifier is used to model the patient's feature records, and the
classifier can calculate the probability of the input feature data
is effective or ineffective for the treatment, which is recorded as
P(y, =r|h,),vr=0,1.Thatis, r takes two types of labels
0 and 1, and Y, takes different values. We can get the
probability that the drug is effective or ineffective by the output
result. The category with the highest probability may be that the
drug is the most effective for the patient unit set [37].

Therefore, the output of Softmax is a 2-dimensional vector.
One element of the vector represents the probability value of
the treatment is valid, and the other represents the probability
value of the treatment is invalid, and the sum of the probability
values is equal to 1 [6]. In order to obtain the sample's
prediction, we need to use a mapping function to map the data
into an interval of 0 to 1. This mapping is called a hypothesis
function. We set the output hypothesis function to be:

D(h)-{P(yW=0|hW,e) o1 [
TRy, =110, 0) | <& g, | et
w w1 er'w

Where 8 =[6,,6,] is the k>n matrix of the training target,
6,,6, € R“" isthe weight parameter of the classifier. Enter the
patient data h,_, and record the probability of effective and
ineffective as:

®)

W !
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eHIhw
P(y, =rlh,,0) = ©)
ZegT

We can achieve the maximum Iikellhood of classifying the
input patient data and determining whether the targeted drug is
sufficient for the patient through the above analysis. At the
same time, we need to train to modify the model parameters so
that the model's predicted value continuously approaches the
actual value. The cost function can describe the degree of

approximation between the predicted value and the actual value.

Function (ind) represents the indicator function, which enables
the probability to be normalized. The predicted value Y, and

the actual value E are normalized. The cost function is
defined as follows:

W 1 %
> > ind{y, =r}{lh0——| (@

w=1 r=0

|nd{E}

The model's training process is the process of
continuously adding new patient data and adjusting the model
parameters so that the cost function becomes smaller and
smaller. The gradient descent method is used to solve the cost
function cf (). Since it is strictly convex [8], the gradient

descent method can guarantee convergence to the global
optimum and obtain a unique solution. By differentiating the
function, the gradient formula can be obtained as:

1 Ir,
of :_ind{E};‘[hw(lnd{yw =r}-p(y, =r|h,.0)) |+ 16,
(®)

W o1
6" =arg min{—V% > >ind{y, =r}In
4

9)

Where V, cf represents the partial derivative of cf (-)

to 6, . Using the above partial derivative formula and training
the model parameters through the gradient descent method, the
unique solution @ value that minimizes cf (-) can be obtained.
The probability that the targeted drug therapy is effective and
ineffective can be obtained by training the model. Based on this
probability, we can predict the patient unit set and the
effectiveness of the patient set, and use the beta distribution to
describe the effectiveness of drug i against the unit set UVi (Vi )
and the effectiveness of all drugs against the patient set U,, (V)

U, (V) =—=———V "1~V )“"_1 (10)

1
U, (v) = —B((f,a))

Among them, V; and v are effectiveness variables,

B(f., B(s.@) "

vel@—-v)et (11)

B(&, ) is the beta function, and & and @ are the

numbers of people who predict the treatment is effective and
ineffective, respectively.

Based on the patient's medical record, the above analysis
shows that the tumor area and the degree of tumor marker
change after drug treatment are considered in this module, and
the benefits of drug treatment are processed digitally. The
sparse self-encoding model performs latent feature extraction
on patient records [39]. The classifier trains the features to
output the probability that the drug treatment is effective or
ineffective, and the drug treatment effect is predicted, thereby
realizing the prediction of the newly input patient set data.

2). Drug cost analysis

In order to consider the economic capacity of different
patients and meet the needs of different patients, we consider
the economic cost of targeted drugs as the model’s assist
decision-making information. Choose a lognormal distribution
to describe the cost of different targeted drugs for NSCLC
patient unit sets and the patient set. The process is described as
follows:

Define Mdrug [L2...... n] represents the original drug
cost of non-small ceII lung cancer patients using the targeted
drug i, n means n patients in the unit set i, in order to quantify
the comparative cost better, normalize the original drug cost
data, and |\/|drug [L2.....n] represents the normalized cost data;
Define M, [1,2 ...... m] represents the original medication
cost data of the NSCLC patient set, m represents the total
number of patients is m, and M, [L 2...m] represents the
normalized data, that is:

drug

Mdrug(i)[j]

N (12)
drug(l)[J] Min(Mdrug(i))+ MaX(Mdrug(i))

M g [i1= ~ng ] )
drug MIn(M drug) + MaX(M drug)

where M . [J] represents the original drug cost of the
targeted drug i for the patient number j, M, . [j]
represents the cost after the normalized treatment; M []]
represents the original cost data of the patient number j of the
NSCLC patients, M’y [j] represents the cost
corresponding to the normalized treatment; Min(M_ .)
represents the minimum value of the original medication cost
data of the patient unit set i, Max(M, ) represents the
maximum value of the original medication cost data of the
patient unit set i; Min(M, ) represents the minimum value
of the original medication cost data of the patient set, and
Max(Mdmg) represents the maximum value of the original
medication cost data of the patient set.

According to the unit cost data set Mdmg(l)[l 2....n] and
the total cost data set M drug[12 .m] of patients with
non-small cell lung cancer, the corresponding mean X (c) and
standard deviation S(c) can be calculated; the parameters
Oy st @A g4y ., Of the lognormal distribution are
obtained:
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Oy ot =4/IN [l+ E(—C)j (14)
X (c)?

—_ 1 )
Hy_cost = Ln[x (C)] - E o (15)

Using a lognormal distribution model to represent the cost
distribution of targeted drugs, the cost distribution of patient
unitsetiis By (m; p,0,):

('nmi*ﬂi)2

20i2

1
PMi(mi;‘ui’O-i):me (16)

where m; represents the cost variable of the unit set i,

and o; are the parameters corresponding to the lognormal

distribution;
The cost distribution of the patient setis Py, (M; z£,0):
_(Inmf,u)2
e 2 (17)

Pu (miﬂ,U)zm

where m represents the overall cost variable, ¢ and o
represent the parameters corresponding to the lognormal
distribution.

Through the analysis of this module, we can use a
probabilistic model to describe the patient set and patient unit
sets' cost of targeted drugs used to treat NSCLC.

3). Drug effectiveness-cost incremental ratio

In order to accurately assess the differences between
different targeted drugs, the effectiveness and cost of targeted
drugs are analyzed from the perspective of patient unit sets and
patient sets, that is, analyze the effectiveness increment and
cost increment of the patient unit set of the targeted drug i
relative to the patient set.

First, find the probability density Drug-U,, (Av,) of

targeted drug i's effectiveness
effectiveness increase:

relative to the overall

J.HVUAV (V,V+AV,)dv, Ay, >0
0 i
Drug-U,, (Av)=1"_

Uy (v =Av,v)dv;, Ay, <0

(18)
Where  Av, is  the  effectiveness  increment
Drug-U,, (v,v;)=U, (WU, (%)
Drug-U,, (v.v;)
19
:;fol(l_v)w—lviéjl—l (1—Vi )a),—l ( )
B(‘f’w)B( i’wi)

The probability density of the patient unit cost of the
targeted drug i relative to the increment of the patient cost is

Drug-Pyy, (Am,):

'roc Py (M,m+Am )dm, Am; >0

o AM,

Druq-PAMi (Ami): +0

J, P (m ~am, m)dm, am, <0
(20)

Where Am is the increment
Drug-P,,, (m,m)=PR, (MR, (M)
Drug-P,, (m,m;)

[_(In m—z)?  (Inm—z4 )2} (21)
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In order to show the difference in efficacy of different
targeted drugs more clearly, and considering the economic cost
of targeted drugs, we analyze the relationship of effectiveness
increment to cost increment of targeted drugs, that is, the
effectiveness-cost Incremental ratio. It can help predict the
optimal treatment target drug sequence, thus assisting doctors
in drug selection.

If the targeted drug i produces a positive
effectiveness-benefit Av, >0 and a positive cost-benefit
Am, >0 relative to the average cost of all drugs, the
effectiveness-cost incremental ratio f; (AVi ,Am, ) is:

f,(Av;, Am,)= jm P,,, (M m+Am,)dm
L (22)
% 1-Av
jo Uy, (Vv +Av;)dv
If the targeted drug i produces a negative

effectiveness-benefit Av, <O and a positive cost-benefit
Am, >0 relative to the average cost of all drugs, the

effectiveness-cost incremental ratio f, (AVi ,Am, ) is:
f,(Av, Am, )= IMVUM (v, —Av,, v, )dv,
L (23)

*L” Py, (M m+Am;)dm

If the targeted drug i produces a positive
effectiveness-benefit Av, >0 and a negative cost-benefit
Am, <0 relative to the average cost of all drugs, the
effectiveness-cost incremental ratio f, (Avi,Ami) is:

1+Av
1‘3(Avi,Ami):j0 Uy, (Vi =Av,v, )dv, o
*J.Om Py, (M —Am, m,)dm,
If the targeted drug i produces a negative

effectiveness-benefit Av; <O and a negative cost-benefit
Am, <0 relative to the average cost of all drugs, the
effectiveness-cost incremental ratio f, (Avi,Ami) is:
1-Av
1‘4(Avi,Ami):j0 Uy, (Vv +AV,)dv
(25)
* +00
jo Py, (M —Am;,m; )dm,
In summary, we can get the various targeted drugs'
effectiveness-cost incremental ratio f , as a carrier of quick
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diagnosis results, transmit to patients and doctors, thereby
providing them Optimize the drug decision method of
diagnosis.

4). The optimal choice of drugs

Based on the above analysis, the effectiveness-cost
incremental ratio of the targeted drugs used to treat non-small
cell lung cancer is obtained. According to the incremental ratio
probability distribution, considering the specific needs of
patients who are willing to increase the cost of drugs to improve
the effectiveness, calculate the probability that each targeted
drug can meet the requirements. Finally, according to the
probability value of each targeted drug, decide which targeted
drug is the best choice.

Precisely, according to the probability density of the four
incremental ratios, the probability value of each targeted drug at

the threshold t (t=Am./Av, ) that meets the patient's

requirements is calculated:
Ift<1,

F(t)=w, *J'OldAvi f:viﬁi f, (Av;, Am; )d Am,

+W3*IO dAviJ‘AV'*T' f;(Av;, Am; ) dAm, (26)
+W, I dAvJ' (Av;, Am; )d Am,
Ift>1,

" dav, f, (Av,,Am,)dAm,
F(t)=w b "

+I dAvj f. (Av,,Am, )dAm,

@7)

+W, _[ dAv _[ o (Av;, Am; ) d Am,
+W, J. dAvI (Av;, Am;)dAm,

where w1, w2, w3, and w4 are weights given according to
the significance of the effectiveness-cost incremental ratio.

Based on the above analysis, the probability value of each
targeted drug finally obtained is sorted optimally, and the
treatment drugs suitable for the patients are given for different
patients with non-small cell lung cancer.

IV. EXPERIMENTS

In this study, all relevant medical data comes from the mobile
medical information records collected by the Ministry of
Education-China Mobile Joint Laboratory and three Xiangya
Hospitals of Central South University.

The diagnosis and treatment data of patients with non-small
cell lung cancer are mainly obtained through the methods
shown in Table 1 and Table 2. The three hospitals have different
medical systems for data collection. Among them, Xiang’ya
Hospital uses Hospital Information System (HIS) + Electronic
Medical Record (EMR), and The Second Xiang’ya Hospital
uses HIS + EMR + Laboratory Information System (LIS) +
Radiological Information Management System (RIS). The
Third Xiang’ya Hospital is HIS + EMR + EMR document base.
We started to collect electronic records on January 4, 2002. The
deadline is December 17, 2015. The records include patients’

basic information, diagnosis information, drug records, etc.,
and all information is combined into a complete electronic
medical record.

In system model design, we count the targeted drugs
commonly used by NSCLC patients in different stages and
corresponding to the target. In this experiment, six drugs are
screened from various targeted drugs for different targets for
comparison. Specifically, we select Gefitinib, Afatinib,
Crizotinib, Apatinib, Erlotinib, Icotinib, six more commonly
targeted drugs to verify.

TABLE 1
THREE HOSPITALS WITH DIFFERENT MEDICAL SYSTEMS FOR DATA
ACQUISITION, WITH BEGINNING AND ENDING TIMES

Hospital name System Start time Finish time
Xiang'ya HIS 01-01-2011 07-07-2015
Hospital EMR 12-01-2008 11-01-2015

HIS 09-01-2009 11-05-2015

The Second EMR 09-25-2009 05-27-2015
Xiang'ya

Hospital LIS 01-01-2002 05-31-2014

RIS 02-01-2013 12-17-2015

he Third HIS 04-01-2002 12-05-2015
The Thir

Xiang'ya EMR 04-01-2002 12-05-2015

Hospital EMR document 05-01-2014 12-09-2015

base
TABLE 2

DATA COLLECTION AND TYPE IN THREE HOSPITALS

Type Number

Outpatient service 968,545 people

Patient information 2,789,675 items

Be hospitalized 176,899 people

Diagnosis records 1,124,561 items

Electronic medical records 5,287,413 items

Drug records 90,631 items

Routine inspection records 24,287,612 items

Medical laboratory records 3,483,216 iterms

In selecting a drug-assisted doctor for patient treatment, the
system will select a drug suitable for the patient according to
the trade-off between drug effectiveness and cost, and provide
the doctor with an auxiliary diagnosis. To evaluate the
effectiveness of various targeted drugs, this experiment uses a
10-fold cross-validation method because this method can
provide a sufficiently accurate estimate of the correct error rate.
We randomly select 100 patients with six different drugs for
treatment from the data set and randomly divided all the data
into ten equal subsets. On the one hand, six subsets are used as
the training set; on the other hand, the remaining four subsets
are used as the test set. Three hospitals randomly select the
same number of data sets and randomly divide them into
training and test data. After that, calculate the average error of
all ten experiments separately. In this way, the test and training
will be repeated ten times to ensure the assessment's accuracy.
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We set some fundamental indicators to evaluate the
performance of the power prediction classification [40-41].

TP (True Positive): positive samples predicted to be positive
by the model.

TN (True Negative): negative samples predicted to be
negative by the model.

FP (False Positive): negative samples predicted to be
positive by the model.

FN (False Negative): positive samples predicted to be
negative by the model.

By displaying these four indicators together in a graph, we
can obtain such a confusion matrix and use the confusion
matrix to visualize the performance of classification, as shown
in Figure 3.

Confusion matrix

Predicted Yes Predicted Yes
A etual Ve Actual No

Fig. 3. Confusion matrix

Define the following measures as the assessment of the
prediction results:

TP +TN
ACC =
TP +TN + FP + FN
TP N
SEN =—— SPEC = ———
TP + FN TN + FP

By defining the above measures, the number of instances can
be converted to a ratio between 0 and 1 to promote standardized
metrics.
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Fig. 4. The trade-off relationship between the effectiveness evaluation
value parameters a, & and the evaluation measure ACC

Figure 4 reflects the trade-off relationship between the
effectiveness evaluation value parameters «, &, and the
evaluation measure ACC. When the proportion of parameter «
value gradually increases in the calculation of the evaluation,
the accuracy will be relatively improved, and the impact on the
prediction effect will be higher. This may be because the
change in tumor markers has gradually been relatively stable.
When the weight ratio interval is between 0.5-0.6, the accuracy

is the highest. Another set of parameter ¢ is the weight of the
change in the tumor area on the training model drug cure of
sufficient information. It can be seen that as the & weight
increases from 0.2 to 1, the accuracy increases. The auxiliary
information on drug effectiveness helps to improve the
accuracy of the classification prediction of drug effectiveness.
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Fig. 5. The trade-off relationship between the effectiveness evaluation
value parameters o, 5 and the evaluation measure SEN

Figure 5 shows the trade-off relationship between the
validity evaluation value parameters «, &, and the evaluation
measure SEN. As the weight of « increases, the sensitivity
parameter first increases and then decreases, and there is a
distinct difference between the overall increase and decrease.
When the value of a is 0.5, the sensitivity parameter reaches the
highest peak as a whole because the marker's sensitivity is very
strong. The other parameter &, with the increase of its weight,
the overall degree of change in tumor area in the sufficient
information of drug cure has little difference in sensitivity. The
average minimum sensitivity appears when the & weight is the
lowest, which may be because the relative changes in patient
tumor markers can be better considered.
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Fig. 6. The trade-off relationship between the effectiveness evaluation
value parameters a, 8 and the evaluation measure SPEC

Figure 6 shows the trade-off relationship between the
validity evaluation value parameters ¢, 6, and the evaluation
measure SPEC. As the weight of the tumor marker « increases,
the initial specificity has steadily decreased. Contrary to the
accuracy, there is no specificity reduction while achieving a
substantial increase in accuracy. When parameter &'s weight
rises, overall, the specificity is better at its high weight, and the
more significant the impact of the change in tumor area on the
prediction effect. When the ¢ value is 0.6, the specificity is
significantly better than the other values. It may be that the area
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is more specific for the evaluation method, and the specificity
of the tumor marker is limited.

The model assumes that the initial weights of the three
diagnostic parameters each account for one-third, and then they
are multiplied by the optimal weights obtained from the
simulation experiments to obtain the ratio between the three to
allocate. After calculation, to achieve the best prediction effect,
the model sets the weights of the three diagnostic parameters «,
6, and 7 to be 0.35, 0.4, and 0.25, respectively.

drugs
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Fig. 7. The effectiveness value U g Of six drugs use independently

We can get the effectiveness of 6 targeted drugs (Gefitinib,
Afatinib, Crizotinib, Apatinib, Erlotinib, Icotinib) for NSCLC
patients, as shown in Figure 7. As shown in the figure, the
performance of the three targeted drugs Icotinib, Gefitinib, and
Apatinib, is relatively superior. Considering the existence of
the body's immune system, patients who have not received drug
treatment will also show a specific effect, so we have added a
comparison line in the figure.

This study considers drug cost information as part of the
decision-making process. The cost estimate only includes
medical and health costs directly related to clinical trials,
including drug treatment and significant adverse reaction
treatment costs. Among them, the cost of adverse reactions is
based on the opinions of clinical experts. Only the adverse
reactions that teach grades 3 and 4 are used for estimation, so
we only added liver protection and diarrhea costs. Taking
China's drug cost as an example for analysis, the specific unit
price details of the six drugs and the cost of significant adverse
reactions are shown in Table 3. All the data in the cost statistics
table comes from the China Medical Price Publicity Network.

TABLE 3
MEDICAL COST

parameters unit average price( ¥)
Gefitinib 250mg/tablet 498/10tablets
Afatinib 30mg/tablet 988/7tablets
Crizotinib 250mg/capsule | 25154.81/60capsules
Drug cost
Apatinib 250mg/tablet 1007.04/10tablets
Erlotinib 150mg/tablet 1752.34/7tablets
Icotinib 125mg/tablet 757.73/21 tablets
Adverse | Liver protection cost Iperson 636
reaction
cost Diarrhea cost /person 54

Randomly select 100 patients with six different drugs from
the data set and divide them into six treatment groups. Based on
the consideration of clinical trials, each treatment group's
medical cost in 10 cycles (one month is a cycle) is counted,
including the cost of drugs, the unit cost of diarrhea, and liver
protection multiplied by the corresponding incidence of
adverse reaction costs.

0.1 Gefitinib

Afatinib

Crizotinib
Apatinib
Erlotinib

== == Icotinib

Probability
°
a

Cost(/10000$)

Fig. 8. Probability distribution chart of medical cost in ten cycles

Through Monte Carlo simulation, we can get the probability
distribution map of simulation cost. As shown in Figure 8, there
is an absolute difference in the six drugs' peak cost. Crizotinib
has the highest proportion of high costs, and the proportion of
expenses reaching 250,000 is as high as 8%. The second is
Apatinib, with the highest cost accounting for 200,000, more
than six percentage points, and the proportion of people with
the highest cost is higher than the other five drugs. In addition,
the cost values of the high probability intervals of Erlotinib,
Afatinib, and Gefitinib sequentially decrease. Among them, it
is worth noting that except for Icotinib, the probability of the
cost of the other five drugs being 0 is 0. Icotinib has a low
probability of cost 0, because some patients are new drug
testers, and the pharmaceutical company does not charge any
fees.

After describing the costs of various targeted drugs for the
treatment of non-small cell lung cancer, combined with the
targeted drugs' effectiveness, this study can evaluate the
cost-effectiveness of the drugs to make optimal predictions.
Accurately, it is reflected in the cost-effectiveness ratio f of the
medicine, as shown in Figure 9.

Gefitinib
Afatinib

0.4 Crizotinib
0.35 Apatinib
03 — /__—_—r Erlotinib
]
o 025 Icotinib
S o
& JE—
0.15
0.1 \ S
0.05
0
0
0.2
0.4 0.6 o8
f 1

Fig. 9. cost-effectiveness ratio of six targeted drugs

It can be seen from the figure that the f of the targeted
drug-Icotinib is the highest overall value because its higher
value accounts for a higher proportion. That is, the treatment of
NSCLC has better effects and is relatively low cost. The f of
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Gefitinib ranks second overall because of its lower cost and
good therapeutic effect. The high f-values of Apatinib,
Crizotinib, and Erlotinib are concentrated in the low ratio range
of 0.10-0.20. The cost-effectiveness difference is not massive,
and it is in the middle of the six drugs. Afatinib's poor
cost-effectiveness performance is mainly due to its relatively
poorest treatment of NSCLC. Therefore, the targeted drugs
Icotinib and Gefitinib are the most cost-effective to treat
NSCLC. To sum up, we can conclude that after capturing
characteristics of the patient's actual efficacy and drug cost, the
system can make the appropriate drug choice based on the
trade-off between drug effectiveness and cost.

Besides, according to the model's incremental ratio
probability distribution, we can get the patient's requirements to
improve unit effectiveness at the overall level and increase
medical expenses, that is, to increase the value of willingness to
pay (WTP: percentage of original cost) The schematic diagram
of the probability value F is satisfied, as shown in Figure. 10. It
can be seen from the figure that with the growth of WTP, the
probability values of the five targeted drugs Gefitinib, Icotinib,
Crizotinib, Erlotinib, and Apatinib all increase to a certain
extent, of which Gefitinib has the most apparent increase rate,
that is, cost-effectiveness the highest and best meet the needs of
patients. When the WTP was increased by 25%, Gefitinib's F
even reached 0.88, far exceeding other drugs. However,
Afatinib did not produce enough positive effect gains than the
other five drugs when increasing WTP.

—o— Gefitinib
= Afatinib
~+— Crizotinib
—m—Apatinib
x Erlotinib

+—Icotinib

Fig. 10. Comparison of F when increasing WTP

In summary, in treating patients with non-small cell lung
cancer, considering the effectiveness and economic cost of
targeted drug therapy, in contrast, Icotinib, Gefitinib, Crizotinib,
three drugs meet the requirements.

However, the intelligent medical system can only play a role
in assisting decision-making and cannot replace doctors to
make the final decision on the medication of patients with
NSCLC. Doctors can use the diagnosis opinions given by the
system to help them choose more suitable personalized
medicines for patients, make a second diagnosis, and improve
work efficiency.

V. CONCLUSIONS

Synthetic biology is the introduction of engineering design
concepts based on biology, rational design, and transformation
of organisms, and providing new solutions to the challenges
faced by humankind, which is of great significance to the
improvement of human wellbeing. Based on the study of

targeted drugs for non-small cell lung cancer, and through the
cross-fusion of synthetic biology and artificial intelligence, we
construct an artificial intelligence medical assistance system
and propose a drug screening framework. From the patient unit
sets and patient set perspectives, extract the latent feature of the
patient through the latent autoencoder, train the feature through
the classifier, and data processing of drug efficacy to predict the
effectiveness of the targeted drug. At the same time,
considering the drug cost as an auxiliary decision-making
factor, analyze the ratio of effectiveness increment to cost
increment of targeted drugs to predict the optimal targeted drug
treatment sequence. Experiments show that, based on
probabilistic analysis and drug decision-making, this method
can rely on the clinical data provided to decide on a medication
treatment plan suitable for the patient's condition and assist the
doctor in making an efficient diagnosis.

During treatment, NSCLC patients must take various
medicines containing antibiotics, vitamins, and so on to
maintain the normal functioning of the body's functions.
Generally, the side effects of targeted drugs taken by cancer
patients during treatment are independent and inevitable,
including systemic reactions, skin toxicity, and digestive tract
toxicity. In addition, with long-term use of the same targeted
drug, patients are likely to develop resistance to this drug. In
recent years, studies have found that combined drugs can
effectively reduce the side effects of drugs. With the
development and research of anti-tumor drugs, drug
combinations for non-small cell lung cancer treatment are
updated continuously and have become a research hotspot.
Therefore, in future work, we can consider mining the
characteristics of patients and drugs, exploring suitable
decision-making methods for patients with balanced efficacy
and cost.
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