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neural networks

Melédnia Puskds!? and Déniel Andras Drexler!

Abstract— Therapy optimization and personalization in can-
cer treatment requires reliable mathematical models. A key
issue in personalization is the identification of the model
parameters. We employ artificial neural networks to identify the
model parameters based on few measurements using a priori
information about the range of the parameters. The trainig data
are generated in silico on known parameter intervals, taking
into consideration the experimental setup we use to validate
our results. The estimated parameters can be used to track the
change of the parameters and can also be used as initial guesses
for identification algorithms using local search.

I. INTRODUCTION

A promising combination of engineering and medical
knowledge is the optimization and personalization of drug
delivery, like e.g., tumor chemotherapy. Optimization of
cancer chemotherapy can minimize the injection doses, thus
side effects and treatment costs, and may also prevent the
development of drug resistance [1]-[4]. There can be various
methods to solve the therapy optimization problem, one
can use the results of impulsive control [4]-[7], which
adapts to the specific properties of injections, while classical
control theory can also be deployed [8]-[10]. We consider an
optimization problem with an impulsive tumor model [11],
[12], and concentrate on the parameter estimation whose
result can be used by the therapy optimization algorithm.

Optimization requires a reliable mathematical model of the
tumor dynamics and the pharmacodynamic/pharmacokinetic
(PDPK) model of the drug. The number of tumor models
available in the literature is high, see e.g., the review done
by Jarrett et al. [13] or Altrock et al. [14]. There are models
focusing on tumor growth and supportive vasculature growth
[15], some focusing on immune cells and healthy cells as
well [16], also some models incorporate drug resistance [1].
In our work, we use a mathematical model based on formal
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reaction kinetics. The model captures some crucial physio-
logical phenomena, like tumor cell proliferation, tumor cell
necrosis, dead tumor cell washout, and the PDPK model of
the chemotherapeutic agent [2], [17], discussed in Subsection
II-A.

Besides a reliable tumor dynamics and PDPK model, the
model parameters for the specific patient, tumor and drug
are also crucial for therapy optimization and personalization.
Simple models have relatively few parameters, however, their
modeling power may not be satisfactory. More complex
models can be used more efficiently for therapy optimization,
however, they have more parameters which makes identifi-
cation harder. It can also occur that some parameters are
not identifiable based on the measurements from a given
experimental setup, or the sensitivity of some parameters is
low, like it has been analysed by Siket et al. [18], [19]. If
we have a priori knowledge about the model parameters,
e.g., their range, we can use this information to generate
measurement data in silico and train neural networks for
the parameter estimation problem. The a priori information
can be acquired from real measurements using mixed-effect
models [2], [20], [21]. The disadvantage of the estimation
with mixed-effect models is that they use local algorithm and
highly depend on the initial estimation of the parameters.

Soft computing techniques are often used for parameter
estimation, see e.g., a comparison in the work of Cakir
et. al [22] or Chatuverdi and Singh [23]. The parameter
estimation of a Lotka-Volterra model using particle swarm
optimization is provided by Lazzus et. al [24]. Parameters of
nonlinear MIMO dynamic systems are estimated using neural
computing by Liu et. al [25]. Application of soft computing
techniques is useful, since the drawbacks of conventional
identification techniques, like getting stuck in local minima,
are avoided. However, they require a priori knowledge about
the values of the parameters.

We use neural networks to provide a good initial estima-
tion of the model parameters [26], which provide estimation
based on noisy measurements. We use four-layered, feed-
forward architecture, detailed in Subsection II-B. Two diffe-
rent neural networks are trained, one is used to estimate the
pharmacodynamic and the pharmacokinetic parameters (we
will call this network the PDPK network). The other one is
used to estimate the tumor growth parameters. We will call
this network the TDNN (tumor dynamics neural network).
The inputs of the neural networks are the tumor volume
measured every day for a week except the weekends and
injections given two times a week based on the experimental
setup discussed in Section III. The networks are trained based
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on data generated in silico on a large span of parameters.
The estimation is carried out two times a week, before the
injection is given, which uses the model parameters given by
the neural network estimator combined with a local search
algorithm.

The challenge in the application of soft computing tech-
niques for physiological problems is that the amount of
measurement data is low, and not sufficient for training. We
provide an algorithm to generate training data for the neural
network which can be later applied for the measurements
from the real scenario. The training data are generated on a
large span of parameters in order to enhance the operation of
local estimators effectively. Although, due to the large span
of the training data and the high dimension of the problem, an
efficient operation requires extremely large number of train-
ing data sampled from the span of the parameters. We carry
out training data generation with randomized parameters on
a relatively small number of virtual data and show that we
can get good initial estimation for the parameters with large
probability in Subsections IV-A and IV-B.

II. PRELIMINARIES
A. Tumor model

We use a tumor model described by a fourth-order system
of differential equations [17]. In order to get an easily inter-
pretable model, we use formal reaction kinetics to describe
the modeled phenomena: let X;, X5, X3 and X4 be the fictive
species correspondig to the living tumor volume, dead tumor
volume, drug level in central compartment and drug level
in peripheral compartment, respectively. Then the formal
reaction kinetic equations are

X, 252Xy (1)
X; 2 Xy )
Xs LA O 3)
X+ X5 2P, X, )
Xs i:> X, 5)
X3 — 0. (6)

where (1) is tumor proliferation with rate a, (2) is the
necrosis of living tumor cells independent of the drug with
rate n, (3) is the washout (absorption) of the dead tumor
cells with washout rate w, (4) is the pharmacodynamics of
the drug with maximal effect rate b and median effective
dose EDsg, (5) is the drug transport between the central
and peripheral compartment with rate constants k; and ko,
while (6) is the depletion of the drug with clearance c.

In order to create the differential equations corresponding
to the fictive reaction (1)-(6), first we create the velocities
corresponding to each reaction step. One can consider a
reaction step with mass action kinetics, this case the velocity
will be linear in all the species on the left-hand side of the
reaction step (these species are called the reactant species).
This may result in a multilinear velocity if there are more
reactant species in the reaction step. This velocity has no

upper bound, due to the linearity. One can also consider
Michealis-Menten kinetics, in this case, the velocity is a Hill
function of the reactant species, which models that there is
an upper limit for the velocity of the reaction step. One can
also consider mixture of mass action kinetics and Michaelis-
Menten kinetics for the different reactant species in the given
reaction step. The velocities are added to the differential
equation of a given species with a positive sign if the species
is produced during the reaction step, and added with a
negative sign, if the species is consumed in the reaction step.
For more details, the reader should consult [27], [28]. Here,
we consider the reaction steps (1)-(3) and (5)-(6) with mass-
action kinetics, and the reaction step (4) with mass-action
kinetics in the species X; with rate b and Michaelis-Menten
kinetics in the species X3 with Michaelis-Menten constant
E D5, and get the system of differential equations

. T1T3
1 = (a—nm)zy —b—=———"— 7

! ( ) EDsy + x3 @
. 173
&g nxy + FDey + 14 WLy 3
. 123

= - k k —bpy——— 9

T3 (c+ ki) xs + koza kED50+$3 9
5b4 = kl.’bg — ]{ZQIL'4. (10)

The time function z; corresponds to the living tumor
volume [mm?], x5 is the time function of the dead tumor
volume [mm?], z3 is the time function of the drug serum
level in the central compartment [ng/ml], while x4 is the
time function of the drug serum level in the peripheral
compartment [ng/ml]. Note that we use a modified rate
constant by in (9) since the dimension of the drug level is
different from the dimension of the tumor volumes.

The input of the system is impulsive effect on the central
compartment, which is the injection dose uj, [mg/kg] at time
ti with up, > 0 and ¢, > 0, and k = 1,2,.... The impulsive
effect changes the drug level in the central compartment
discontinuously as

I’g(t:) = x3(ty, ) + Kug,

(11

where « is a constant to convert the drug dosage to serum
level. The output of the system is

y =1+ T2, (12)
which is the sum of the living and dead tumor volume, that
is the measured variable during the experiments.

Our training data generation is based on a priori know-
ledge acquired during parameter identification using mixed-
effect models in our previous research [2], [17]. These iden-
tification results showed that by = 0, thus we will consider
this parameter as zero throughout the paper.

B. Neural network

A four-layered feed-forward neural network is used to esti-
mate the model parameters, with sigmoid activation functions
in the hidden layers and linear functions in the output layer.
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Thus, the rth neuron of the Ith layer realizes the function

N(l)
0} (l) w®
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offset

13)

where 7 = 1,2,..., R® and R® is the number of neurons
in the [ht hidden layer, [ = 1,2, the superscipt (I) refers to
layer I, () is the input of the layer I, xgl) is the 7th input
of layer [, where 1 = 1,2,..., Ni(l) and Ni(l) is the number
of inputs of layer [, w is the weight of the ith input of

T ()

the rth neuron in layer /, and w PN 41 is the weight of the

bias of the rth neuron in layer l We use sigmoid activation
function

p(e) = % - (14)
The mth output of the neural network is
R®
u (@ Z withyr® (@) + wi?R(2>+1’ (15)

offset

where w,(,‘z’)r is the weight of the mth neuron and rth input

in the output layer, and wfj’)Rm 41 is the weight of the bias
for the mth neuron in the output layer.

We train the neural network with supervised learning using
error backpropagation with Levenberg-Marquardt algorithm
[29]. The training data are generated in silico as described

in Section III.

III. TRAINING DATA

The training data is generated with some randomized para-
meters from the ranges shown in Tables I and II. These
ranges are based on the results of parameter identification
carried out with a mixed-effect mode in [17]. The parameters
span a large interval, which makes the estimation task hard.
There are some parameters whose lower and upper bounds
differ in three orders of magnitude, so finding the good initial
estimation for a local estimator is not a trivial task. One
advantage of using a well trained neural network is that it
can provide a good initial guess for the parameters. Due to
the large running time of the neural network training, we
generate 100 virtual patients randomly, and generate 1000
initial conditions and doses for each virtual patient, resulting
in 100000 training data.

During therapy, we want to track changes in individual
parameters, which is why we carry out sliding window
estimation with neural networks. We generate the training
dataset of both networks the same way, with two different
experimental setup. Both setups include weekly measure-
ments (with the exception of weekends, no measurement
is done on Saturdays and Sundays), so an experimental
setup includes five measurements of the total tumor volume.
Setup #1 runs from Tuesday to Tuesday, and setup #2 runs
from Friday to Friday. Figure 1 shows the two experimental
setups. Red crosses indicate the tumor volume measurement

Experimental setup #2
I

} .

Mo Tu We Th Fr Sa Su Mo Tu We Th Fr

—
—_—
H—

.
Experimental setup #1

Fig. 1. The experimental setup with red crosses indicating tumor volume
measurements and green arrows indicating injections.

for the current day, and green arrows indicate which days
the injections occurred. During the experiment, the doses
are calculated using model parameters estimated using the
measurements on the previous week, thus we can use two
doses for the estimation as well. As a total, both neural
networks have seven inputs: the five volume measurement
and two injection doses.

Thus, the inputs of the PDPK an TDNN are measure-
ments of the total tumor volume and the injection doses,
the measurements of the tumor volumes are done every
day except weekends. The randomly generated 1000 initial
conditions are used for all the patients. The living tumor
volume at the time of the first treatment is x;(0), which is
a random number between 100 mm?® and 1000 mm?®, and
the dead tumor volume at the same time is 22(0), which is
also a random number between 10 mm? and 200 mm?®. The
initial values for x3 and x4 are considered to be zero. For
both networks we prepare each training datasets with two
experimental setups.

There is noise in every dataset we use to teach and test
the networks. The noise has to be added considering the
properties of the measurements. The tumor volume during
the experiments is estimated from caliper measurements. The
measurements are done by measuring the length and the
width of the tumor, and the volume is estimated using the
formula

V= g (width - length)®/? . (16)

We add a uniform noise of +10% to the length and the width
measurement, and calculate the corresponding noisy tumor
volumes accordingly using (16).

IV. TRAINING RESULTS

We train two four-layer neural networks, with 100 and
50 neurons in the hidden layers. We use sigmoid activation
functions in the hidden layer, since they provided the best
results during tests. We carried out multiple experiments with
different number of neurons in the hidden layers, and also
increased the number of hidden layers, and the current setup
turned out to be optimal in the view of complexity and
accuracy.
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Parameter | a b n EDso w z1(0)  x2(0)

Minimum | 0.17888  0.09288 0.0036 0.0062  0.1126 100 10

Maximum 0.3990 0.64812 0.20784 0.1188  0.4147 1000 200
TABLE I

THE RANGES OF THE MODEL PARAMETERS FOR THE TUMOR DYNAMICS AND THE RANGES OF THE INITIAL CONDITIONS FOR THE LIVING AND DEAD

TUMOR VOLUMES.

Parameter | EDso c k1 ko dose

Minimum | 0.0062 0.1286 70.0957 0.5746 0.2

Maximum | 0.1188  12.8880 344.7991 4.9254 6
TABLE II

THE RANGES OF THE MODEL PARAMETERS FOR THE PDPK MODEL AND
THE RANGE FOR THE INJECTED DOSES.

The training of the neural networks was carried out on a
PC with Intel Core(TM) i7-10610U CPU @ 1.80GHz 2.30
GHz and 16GB RAM. The running time of the training of
the PDPK network was 90 hours, while the running time of
the training of the TDNN was 120 hours. During the training,
70% of the training data was used for actual training, 15% for
validation and 15% for test. We have also generated test data
with 100 virtual patients and 10 different initial conditions
for each patients, thus we used 1000 data to perform tests
on the neural networks.

The relative estimation errors are shown in Figures 2-5. In
these figures, we show the estimation error range +50%, and
on the top of each column we show the percentage of the
dataset on which the performance was in the ==50% range.
The red horizontal curve shows the median of the data, the
blue rectangles show the range where the 25%-75% of the
data are, the whiskers show data limit that are not considered
as outliers, while the red crosses show the outliers.

A. Pharmacodynamic and Pharmacokinetic Neural Network

Figure 2 shows that the estimation error of the PDPK
network for most of the training data is in the £50% range,
thus the network could learn the parameters efficiently. Note
that only 70% of the training data was used for actual
training, thus the network performs well on test data as well.
For 50% of the data the estimation errors are in the £10%
range.

Figure 3 shows the estimation errors for the 1000 test
data generated independently of the training data. The per-
formance is worse than in the previous case, however, the
parameters are generated from a large range, and the network
was trained with a relatively small number of training data
compared to the dimension of the problem. According to the
figure, about 50% of the data was in the +50% estimation
error range, which is satisfactory for initial estimation of the
parameters. Note that the pharmakokinetics generally has a
component which is fast compared to the sampling time of
the measurements used in the experiment, thus the problem
is undersampled. Regardless of this issue, the PDPK network
performed well on the training dataset and satisfactory on the
test data.

88.46% 96.06% 94.14% 89.32%

|
|
20 | |
|
|

10

relative estimation error of the parameters [%)]
o

Fig. 2. The relative estimation error in the range +50% on the training
dataset, the percentage of data on which the PDPK network performed in
the given range are over the columns.

B. Tumor Dynamics Neural Network

The performance of the TDNN on the training dataset is
shown in Figure 4. The figure shows that the estimation error
for most of the data was in the +50% range. The lowest
percentage of data in the given estimation range is for the
parameters E' D5y and n, whose sensitivity is low, as shown
in [18]. The performance is better than in the case of the
PDPK network, since the problem is not undersampled for
the tumor dynamics model.

The performance was also tested using the 1000 test data
generated independently of the training data. The results are
shown in Figure 5. The results are good for the parameters
a, b and w, since over 80% of the data is estimated with
relative error in the 50% range, but only about 50% of the
test data are in the range when we consider the estimation
of the parameters D5, and n. This is a satisfactory result,
considering the low sensitivity of these parameters. Thus,
the figures show that the proliferation rate a, maximum drug
effect rate b and the washout rate w can be estimated with
good accuracy, thus the TDNN can be used to give a good
initial guess for these three parameters. The results also prove
that the estimation of the parameters E D5q and n are difficult
in the current experimental setup.

V. CONCLUSION

We considered the problem of parameter estimation of
tumor dynamics and pharmacodynamic/pharmacokinetic pa-
rameters for a given experimental setup. The estimation
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Fig. 3. The relative estimation error in the range £50% on the test dataset,
the percentage of data on which the PDPK network performed in the given
range are over the columns.

99.96% 98.7% 92.02% 95.4% 99.28%

g 501 1
§ 40} .
g 301 ' 1
a 20 \ } i
o [ ! | [
f 10 } ! } ! \ i
I e I — |
g [ [
: 10 f \ | } ‘ } 4
3 | | |

20 [ I | T
é -30 | 1
£ -
[ .50 | J

a b n ED50 w

Fig. 4. The relative estimation error in the range +50% on the training

dataset, the percentage of data on which the TDNN performed in the given
range are over the columns.

results can be used as initial estimation for local search algo-
rithms which makes the estimation more accurate. However,
finding a good initial estimation is a hard task, considering
the large range in which the parameters can change. The
results showed that the trained neural networks can be used
to provide good initial estimations.

The current experimental setup is an undersampled prob-
lem for the identification of the pharmacokinetic parameters.
Although, with the training technique used in the paper we
can create neural networks that provide a good estimation
for the training data and satisfactory estimation for the test
data.

The median effective dose parameter (EDsg) and the
tumor necrotic rate (n) has low sensitivity provided the
measurements used in the experiments. This has been proved
with sensitivity analysis in [18], and also proved here numer-

83.7% 54.2% 49.6% 81.1%

50 -

20

relative estimation error of the parameters [%]
o

ED50 w

Fig. 5. The relative estimation error in the range £50% on the test dataset,
the percentage of data on which the TDNN performed in the given range
are over the columns.

ically using the neural networks. Based on this experiment,
the training technique can be used to estimate the sensitivity
of the parameters for complex models.
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