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Efficient use of Virtual Physiological Human (VPH)-type models for personal-
ized treatment response prediction purposes requires a precise model
parameterization. In the case where the available personalized data are not
sufficient to fully determine the parameter values, an appropriate prediction
task may be followed. This study, a hybrid combination of computational
optimization and machine learning methods with an already developed
mechanistic model called the acute lymphoblastic leukaemia (ALL) Oncosi-
mulator which simulates ALL progression and treatment response is
presented. These methods are used in order for the parameters of the model
to be estimated for retrospective cases and to be predicted for prospective
ones. The parameter value prediction is based on a regression model trained
on retrospective cases. The proposed Hybrid ALL Oncosimulator system has
been evaluated when predicting the pre-phase treatment outcome in ALL.
This has been correctly achieved for a significant percentage of patient cases
tested (approx. 70% of patients). Moreover, the system is capable of denying
the classification of cases for which the results are not trustworthy enough.
In that case, potentially misleading predictions for a number of patients are
avoided, while the classification accuracy for the remaining patient cases
further increases. The results obtained are particularly encouraging regarding
the soundness of the proposed methodologies and their relevance to the pro-
cess of achieving clinical applicability of the proposed Hybrid ALL
Oncosimulator system and VPH models in general.

1. Introduction

The shared long-term objective and vision of the emerging interdisciplinary fields
of in silico oncology, in silico medicine [1,2] and the Virtual Physiological Human
(VPH) Initiative (http://www.vph-institute.org/) [3] is the development of com-
putational models that contribute to the personalization of disease treatment,
primarily through their potential predictive capabilities. Among several signifi-
cant contributions reported in the domain so far, a VPH-type multiscale model,
with the aim of simulating acute lymphoblastic leukaemia (ALL) progression
and response to treatment, has been developed, clinically adapted and evaluated.
The latter took place in the context of the European Commission-funded p-medi-
cine project (“p-medicine—from data sharing and integration via VPH models to
personalized medicine’, http://www.p-medicine.eu/). The aforementioned
model, called the ‘ALL Oncosimulator’, was originally presented at the
VPH2014 conference [4]. In this paper, a set of additional methodologies based
on computational optimization and machine learning (ML) approaches, with
the aim of expanding its predictive capabilities and supporting their evaluation,
are presented.

ALL is the most common neoplastic malignancy in children, with thousands of
young patients diagnosed every year and a significant percentage of them being

© 2018 The Author(s) Published by the Royal Society. Al rights reserved.
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recruited in ALL-BFM clinical trial series (http://www.bfm-
international.org/). In the majority of treatment schemes,
including those proposed by the ALL-BFM trials, a pre-phase
treatment, primarily referring to the administration of glucocor-
ticoids [5], is initially followed. In the context of the ALL-BFM
clinical trial series, from which the data used in the present
study originate, the pre-phase treatment lasts 7 days and
involves the administration of daily doses of prednisone (gluco-
corticoid) and one dose of methotrexate. The response to this
treatment cycle (usually reported as prednisone response) is
assessed by observing the peripheral blood blast cell count on
day 8 of treatment. This result is a strong prognostic factor
for the stratification of patients into risk groups [5,6]. Patients
showing lower than 1000 lymphoblasts per microlitre are
characterized as good responders, while patients with more
lymphoblasts are characterized as poor responders. In the con-
text of the present study, we have focused on this treatment
phase so that the development of the ALL Oncosimulator and
the supporting methodologies, as well as the investigation of
their performance, could be based on real and well-defined
clinical scenarios and questions.

The ALL Oncosimulator, as with any model of its kind,
should be parameterized as precisely as possible in order for
its simulation results to approach clinical reality and gain
descriptive and potentially predictive value. The latter is dic-
tated by properties such as the sensitivity observed in its
response regarding the choice of parameter values [7,8]. Refer-
ring to retrospective patient cases, for which both the pre- and
post-treatment data are available, the estimation of the model
parameter values can be achieved using adaptation/parameter
estimation methods. For a newly introduced case, however,
an alternative approach should be followed. This is due to
the availability of only pre-treatment information, medical
examination results or any other types of data. Therefore,
the necessity for the addition of extra components to the
ALL Oncosimulator clearly emerges. First, these components
should be able to identify the correct parameter set input of
the ALL Oncosimulator for the retrospective patient cases
(i.e. to optimize the input parameter set so as the output
of the model adequately matches a patient’s post-treatment dis-
ease state). Second, they should be able to predict as accurately
as possible the parameter input sets that would lead to a sound
prediction of the treatment outcome for a newly arrived
patient before this treatment is administered. Therefore, on
the one hand, computational optimization methods should
be exploited for the adaptation/parameter estimation of the
ALL Oncosimulator input for retrospective patient cases. On
the other hand, ML methods that would try to learn the
relationship between personalized patients” data and the best
possible oncosimulator parameterization for each patient case
should be developed. The combination of these methods with
the Oncosimulator leads to the formulation of a hybrid compu-
tational model consisting of a mechanistic part and several
computational optimization and ML-based components.

In this context, an adaptation methodology of the ALL
Oncosimulator on retrospective patient cases and regression
models with the aim of predicting a personalized value for
the chemosensitivity-related parameter of the ALL Oncosi-
mulator for prednisone have been presented and evaluated
in [4]. Training of the regression models was based on
pathway-aggregated [9] gene expression profiles. Moreover,
the first results of an extended, fully automated and complete
workflow for estimating and predicting the parameter values

of the ALL Oncosimulator were presented at the VPH2016
conference [10]. Based on the previous efforts, a detailed pres-
entation and a more thorough study of the Hybrid ALL
Oncosimulator is provided in this paper. Despite the com-
plexity of the assembled system, the end user may interact
with the latter at the front end as if they interacted with
any classifier. This is illustrated in figure 1.

In the context of the present study, the model is used in
order to predict the pre-phase therapy effect in childhood
ALL patients. The basic evaluation criterion has been the accu-
racy in classifying a patient in either of the two prednisone
response groups. This has been assessed in a cross-validation
manner, explained in detail in the text. Taking into account
the prognostic value of this classification in clinical practice
and setting, the correct prediction of the prednisone response
before the initiation of the treatment may facilitate the optimal
treatment decision to be taken by the clinician at an earlier
stage. Ideally, the validity and the added value of this predic-
tion should be additionally assessed in the context of a
prospective trial, a concept that is further discussed in
subsequent parts of the paper.

2. Models and data
2.1. Available data

The data used in the present work originate from a cohort of 191
patients enrolled in the ALL-BFM 2000 clinical trial. For this
specific group of patients, in addition to a set of commonly col-
lected clinical variables and disease progression data
(leukaemic blast counts), whole-genome expression measure-
ments were made available. This molecular part of the
dataset consists of log, R/G normalized ratio (mean) measure-
ments for 39778 probes (annotated as IMAGE ClonelDs).
Details on the gene expression data accumulation procedure
are given in [11]. Both clinical and gene expression data have
been provided in an anonymized form within the framework
of the p-medicine EU-funded project (FP7-ICT-2009-6-
270089). All patients had received a pre-phase treatment, i.e.
7-day prednisone monotherapy with 60 mg m™2 per day and
one dose of intrathecal methotrexate on day 1 [12]. The eligi-
bility criteria for the present study, except for the provision of
whole-genome expression data, have been the availability of
leukaemic blast counts before the initiation of treatment and
at day 8 of treatment (immediately after the completion of the
pre-phase treatment). Moreover, as suggested in [11], patients
presenting BCR-ABL, MLL-AF4 or TEL-AMLI1 rearrange-
ments, together with patients with DNA index measurement
different from 1, were also excluded from the subsequent
steps of the analysis, resulting in the inclusion of 87 patient
cases in the study cohort. Table 1 presents several statistical
properties of the available exploitable data.

2.2. The acute lymphoblastic leukaemia Oncosimulator:
the mechanistic part of the model

A mechanistic model called the ALL Oncosimulator simulating
ALL progression and response to pre-phase treatment, as is fol-
lowed in ALL-BFM clinical trial series, has been developed in
the context of the European Commission-funded p-medicine
project (http://www.p-medicine.eu/). The model was orig-
inally presented in [4]. The latter constitutes an extensive
modification of algorithms and models (oncosimulators)
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Figure 1. The Hybrid ALL Oncosimulator abstract structure and front-end and back-end layers. At the front-end, the user interacts with the system as with a
classifier. At the back-end, the data provided for the retrospective cases (which should include disease/treatment progression data) are used for the estimation
of the ALL Oncosimulator parameters and for the training of a regression model that is subsequently used for parameter value prediction for the prospective
cases. The predicted values are passed to the ALL Oncosimulator resulting in the final classification via multiple simulations.

Table 1. Statistical properties of the available exploitable data.

age <10 yr (0.54%) >10 yr (0.46%)
gender R, (41%) , male(59%)
et e e ~se000 500

count at diagnosis

(lymphoblasts per )
B predmsone response ............... good (44%) .................. poor (56 %) .............
L BImeageALL TImeage W

veR) @

immunophenotype

previously proposed by the In Silico Oncology and In Silico
Medicine Group (http://in-silico-oncology.iccs.ntua.gr/) for
example [1,7,13-16]. Changes have been dictated by the

special nature of ALL (non-solid tumour). It is noted that the
terms Oncosimulator, ALL Oncosimulator and mechanistic
part of the ALL Oncosimulator are used interchangeably
throughout the text.

The core algorithmic formulation of the aforementioned
Oncosimulators, including the ALL Oncosimulator, is based
on the extensive use of cellular automata. The new feature of
the ALL-specific model is the consideration of more compart-
ments for proliferating and dormant cells. In classical
oncosimulators [1,7,13-16], cycling cancerous cells are distrib-
uted over four-cell classes corresponding to the four phases of
the active cell cycle (G1, S, G2 and M), whereas resting GO cells
constitute a single-cell class.

The ALL-specific model considers a number of cell classes
for the proliferating or resting GO cells, equal to the discrete
duration of the active cell cycle or the resting phase, respecti-
vely, expressed in hours. More specifically, each cell class
corresponds to a time interval equal to 1h within the
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Figure 2. ALL Oncosimulator generic cytokinetic model of bone marrow and peripheral blood cell compartments (cell category/phase transition diagram) for cancer
response to chemotherapy. STEM, stem cell; LIMP, limited mitotic potential cancer cell (also called committed or restricted progenitor cell). Prolif, proliferating cell;
GO, dormant cell; Chemo, chemotherapeutic treatment; HIT, lethally hit cells by the drug.

corresponding cell cycle phase (figure 2). The ALL cell multipli-
cation rules of the model are based on the well-documented
hypothesis of cancer stem cell theory [17-19]. Two major
cancer cell compartments are distinguished: the bone marrow
(BM) and the peripheral blood. The model assumes that leukae-
mic cancer stem cells are located in the BM and have the ability
of unlimited self-renewal and differentiation. For this compart-
ment, three additional leukaemic cell categories are considered:
limited mitotic potential (LIMP) or restricted /committed pro-
genitor cells, apoptotic cells and necrotic cells. Stem and LIMP
cells can be either proliferating or resting, distributed over the
cell classes previously described. The peripheral blood, in
which peripheral leukaemic blasts are circulating, serves as
the second cellular compartment of the model. As a first
approximation, peripheral blasts are considered quiescent.

The model simulates a plethora of cellular and super-
cellular bio-mechanisms, which are: (a) progression of
proliferating cells through the active cell cycle, the ‘exit’ of
proliferating cells to the resting GO phase and the cell cycle
re-entering of GO cells, (b) symmetric and asymmetric div-
isions of stem cells, the former giving rise to daughter cells
with stem-like cell fate and the latter giving rise to two dis-
tinct daughter cells, one with a stem-like and one with a
LIMP-like cell fate (c) maturation arrest of LIMP cells after
performing a limited number of divisions and entrance to cir-
culation (i.e. to the peripheral blood compartment) through
the mitosis phase and (d) cell loss primarily via apoptosis
(either spontaneous or treatment-induced) in both BM and
peripheral blood compartments. The rules governing the
transition between the various cell compartments are
depicted in figure 2. Additionally, the set of parameters
related to these processes are listed and described in table 2.

Regarding the simulation of ALL treatment, cells of the BM
lethally hit by a drug enter a rudimentary cell cycle that leads to

apoptotic death via a specific phase. Drug hitting is applied to a
proportion of tumour cells, determined by the sensitivity of
cells to the drug administered. A specific parameter of the
ALL Oncosimulator, called cell kill rate (CKR), is defined for
each drug administered. In the context of the present study,
two parameters of this kind are defined, one for the drug
prednisone (CKRprep) and one for the drug methotrexate
(CKRpmtx). The exact phase through which the cells enter the
apoptotic process is dictated by the action mechanism of the
drug considered. Methotrexate, a folate analogue showing
activity in the S phase [26], is assumed to be absorbed at cycling
phases only, whereas apoptotic death of treatment hit cells
takes place in the S phase. Prednisone, a cell cycle non-specific
drug, is assumed to affect cells at GO and cycling phases,
whereas apoptotic death of hit cells takes place at the end of
the G1 phase [27]. Only prednisone is assumed to have a
direct cytotoxic effect on peripheral blast cells.

The mechanistic part of the ALL Oncosimulator has been
implemented using the C++ programming language. For
the needs of the present study, the model has been used
both as an executable (.exe) and as a dynamic-link library
(.dll). The .dll form was specifically chosen for the efficient
integration of the model into the environment of the R
language [28] in which the development of the Hybrid ALL
Oncosimulator has been done. For the needs of this integration,
the .C Interface function of the R language has been used.

2.3. Machine learning-based aspects of the Hybrid

Oncosimulator
As already discussed in the Introduction, the ability of the
mechanistic part of the ALL Oncosimulator to accurately
simulate or to predict disease progression and treatment out-
come for a specific patient’s case is significantly determined
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Table 2. ALL Oncosimulator (mechanistic part) input parameters and their ranges.

range set during

parameter description parameter estimation references
T. cell cycle duratron 24-200 h [20-23]
TGO et (GO) phase mer '(estrmated)
I time needed for both necrosis to be completed and its lysis products to be 100—-140 h [24], (estimated)b
removed from bone marrow
' TA - time needed for both apoptosis to be completed and |ts products to be o ”6 ho . [25]
removed
” vNUMP © numberof mrtoses performed by LIMP® ceIIs before they are arrested 7 ” v(assumed)
RA - ”apoptosrs rate of Irvrng stem and LIMP® cancer cells in bone ©00001-01m' .(estrmated)
marrow(fractron of ceIIs dylng through apoptosis per hour)
RA(penphera|b|asts, B ”apoptosrs e penpheral e (fractron e number per hour) IR setequaltoRA OSSO
' f’so © m‘ . * fraction of dormant (stem and LIMPa) cells that have just left dormant 0005-09 (estimated)b
phase and re- -enter cell cycle
Psjeep o fraction of ceIIs that enter the GO phase foIIowrng mrtosrs 10,001 03 (estrmated) '
Psym - ”fractron of stem ceIIs that perform symmetric drvrsron ...02 0 8 . .(estrmated) -
(KRPRED cell k|II rate of prednrsone 0- 08 (estimated)”
CKRMTX . .ceII k|II rate of methotrexate ...02 . b(assumed)

aA LIMP cancer cell denotes a limited mitotic potentlal cancer ceII (also referred to as LIMP or commrtted progenrtor cancer ceII)
®The value of the parameter was estimated during the parameter estimation process.

“An assumption was made for the value of the parameter.

by the choice of its parameter values. Therefore, a combi-
with the
mechanistic part of the ALL Oncosimulator so as to form

nation of optimization and ML methods

the Hybrid ALL Oncosimulator is proposed and evaluated.
The abstract structural form of this combination has been
depicted in figure 1. These extra components serve the need
for: (i) automated and accurate parameter estimation for a
set of retrospective patient cases and (ii) the tailoring of a pro-
cedure that would predict the most appropriate parameter
values for prospective patient cases, based on the knowledge
obtained from retrospective cases. The more precise this
parameter prediction is, the more exact would the final
prediction of the treatment outcome be (e.g. prednisone
response category) based on ALL Oncosimulator simu-
lation(s). In the following subsections, the detailed choices
for the implementation of these components are presented.

2.3.1. Mechanistic model parameter estimation

As can be inferred from the presentation of the ALL Oncosimu-
lator (§2.2), two basic sets of parameters have to be estimated
[4]. The first one includes the parameters referring to the
tumour growth properties (parameters T, to Pgyr, in table 2),
whereas the second one includes the chemosensitivity-related
parameters (CKRs).

In general, the objective of the parameter estimation pro-
cedures is the minimization of the difference between the
simulated tumour evolution (in the absence or presence of
treatment) and the clinically observed disease progression for
the retrospective patient cases. However, for the free tumour
growth-related parameters, their direct estimation from the
data is usually not practical. This is because the available clini-
cal datasets do not usually include patient-specific proliferation

indices or multiple tumour size measurements (in leukaemia,
lymphoblasts measurements) for an adequate period of time
before treatment. In that case, tumour growth descriptive
characteristics reported in the literature may be used in order
to estimate the parameter sets that lead to the simulation of
tumour with specific properties [4]. For example, the doubling
time (T4) and the growth, apoptotic and necrotic fractions (or
indexes), etc., of the inspected tumour may be exploited. This
is also the case in the available dataset of the present study.
Therefore, plausible parameter sets leading to six different rea-
listic values for the doubling time (Ty4) of ALL (7-42 days)
[25,29,30] were estimated by minimizing the following
objective function:

Tdobjecﬁve‘m (TC/TGO/TN /RA/RA(peripheral blasts) P Sleep/P sym/P GO0 to Gl)

= |Tdsimu1ated (TC/TGOrTN/RA/RA(peripheral blasts)rP sleep/P symrP GO to Gl)
—Tyq g=1,...,6,

objective;
where Tdsimula(cd (TCITGOITN/RAIRA (peripheral blasts) P, s]eeprp symys
Pgo 10 G1) is the doubling time of the leukaemic tumour as esti-
mated by the ALL Oncosimulator for given specific values of
the parameters and Ty, is the doubling time set as the objec-
tive (7, 14, 21, 28, 35, 42 days respectively). The selection of the
above-presented objective function is dictated by the need for
acquiring a parameterization that would lead to a simulated
tumour with doubling time as close as possible to the target
one. Moreover, the straightforwardness of the comparison
between simulated and target doubling times renders the
simple absolute difference, commonly chosen in similar
parameter estimation tasks, adequate for the optimization algor-
ithm to converge. The optimization procedure is also subjected
to specific constraints: first, a criterion for self-sustained
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Figure 3. Detailed structure of the Hybrid ALL Oncosimulator and cross-validation-based performance evaluation steps (see text for details).

Table 3. Constraints set on ALL growth properties during the parameter
estimation process.

constraint references/justification

0.7 < growth fractionyone mamow < 1 31]

0.001 < apoptotic fraction < 0.072 [21]
necrotic fraction < 0.02 a relatively small percentage
of necrotic cells is allowed

untreated tumour [7]—already implemented in the mechanistic
part of the Oncosimulator—and second, specific constraints for
tumour dynamics and constitution characteristics as given in
table 3.

The implementation of the optimization procedure has
been done by estimating plausible sets of parameter values
of the ALL Oncosimulator (in free tumour growth mode)
through the use of the global stochastic differential evolution
algorithm [32] implemented in the DEoptim R Package [33].
The tuned parameters and the ranges set for them during
the parameter estimation process are included in table 2.

Subsequently, the related CKR values for each patient
included in the available dataset and for each T4 value have
to be estimated. This would be achieved by minimizing the
difference between the value predicted by the Oncosimulator
for the leukaemic cells in peripheral blood on day 8 and the
real value observed in the dataset. In the context of the present
study, the CKR value for the drug methotrexate (CKRp7x) is
arbitrarily assumed to take the value 0.2 as in [4], and therefore
the CKRpggp is box-constrained inside the range [0—0.8]. The
estimation of the personalized CKRpggp for each T4 has been
done using the optimize function of the stats package [28] in R
by minimizing the following objective function:

CKRpren CKRpreD;;)

objectivep,,,. (
1]

= |PBblaStSday 8p,edmed (TC,‘/TGOirTN,' rRA,- /RA(peripheral blasts), s
P sleep; /P sym; /PGO to Gl,v/CKRPRED,-J- rPBblaStsday Oobserved ( Patientj )
— PBblastsgay g (patient;)|,

observed

wherei=1,2,...,6 (the parameter sets for the different dou-
bling times), j =1, 2, ..., 87 (the different patients considered).

The reasons dictating the specific choice of the objective
function are similar to those referring to the doubling time-
related parameter estimation. Finally, it should be mentioned
that the process described above is executed for each patient
independently. Therefore, no interpatient correlations in
CKRPRED exist.

2.3.2. Treatment outcome prediction workflow

Following the presentation of the processes for adapting the
mechanistic part of the model to the available retrospective
data, the parts of the Hybrid Oncosimulator leading to a
treatment outcome prediction for a prospective patient case
are defined. The overall workflow is divided into seven
basic sets of steps, shown in figure 3, including those that
enable its cross-validation-based evaluation. The workflow
has been implemented using the R language (v. 3.2.1-3.3.1)
and several additional packages, mentioned in detail through-
out the text of the present subsection. The whole workflow may
be executed either once or many times (in an external CV
manner) in order for the mean prediction accuracy to be esti-
mated. In this study, five external CVs (k,,-CV in figure 3)
were realized.

In step (a), the dataset is randomly divided into Train and
Test sets for the needs of the external CV. This is a necessary
step in the case where an evaluation of the workflow without
available prospective data (as is the case of the present study)
needs to be done. Otherwise, the step can be omitted and the
retrospective dataset can be provided directly to the predic-
tion-related steps of the workflow. This separation approach
is commonly followed in the literature for a classifier evalu-
ation. In the present study, this step has been implemented
using the createDataPartition function (specifically its createFolds
functionality) of the caret package in R. The function splits the
available dataset into non-overlapping parts, the Train and the
Test sets. The separation is balanced based on the observed
classes of the patients included in the dataset, in this work
the binary prednisone response category (i.e. the proportions
of the classes are preserved in Train and Test sets). For
the needs of the present evaluation of the Hybrid ALL
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Oncosimulator, five folds of the exploitable part of the dataset
have been created. In more detail, the dataset is split into five
balanced parts and each part is used as the Test set for each
execution of the workflow (external cross-validation), while
the remaining four parts, combined, constitute the Train set.

This step is followed by the parameter estimation process
(step (b)) for the Train set, as described in the previous sub-
section. Before this step is executed, the clinical data and the
T4 scenario choice should be provided. This refers to the selec-
tion of the doubling time(s) that the simulated tumours will
exhibit. In the case where a choice from a pre-defined set of
doubling time scenarios (as those discussed in §2.3.1) is
made, the mechanistic part of the model is parameterized in
a straightforward way. For these scenarios, the tumour
growth-related Oncosimulator parameters have already been
estimated (see §2.3.1). Otherwise, the parameters leading to
the chosen doubling time (as well as the corresponding
CKRs) should be first estimated, as presented in §2.3.1.

In step (c), a model intended to predict ALL Oncosimula-
tor parameters values (regression model) is trained for the
Train set. Its parameters are optimized by an internal k-fold
cross-validation procedure (kj,-CV in figure 3) again using
the caret package [34] in R. Based on the previous experience
[4,10], the random forests algorithm [35] has been selected for
assessment. Moreover, the Weighted k-nearest neighbours
(k-NN) [36] algorithm was also evaluated. Both algorithms
are provided by the caret package (and randomForest [37]
and kknn packages [38]).

In the present study, the data types used as features in order
for the regression models to be trained include the whole-
genome expression data (the details of which have been
presented in §2.1) and the initial peripheral blood blast count
(day 0) for each patient. In the present approach, the CKRprep
parameter has been selected as the one to be predicted (response
variable). Therefore, the estimated values of CKRpgrgp for the
patients included in the Train set have been provided to the
regression model. For each external-CV fold, the CKRpgrgp
was not estimated (or was estimated, but hidden from the rest
of the workflow) for the cases included in the Test set.

Additionally, each time the training or the predicting
procedures of the regression model algorithm are called, a
sequence of data pre-processing steps is executed.

First, the gene expression dataset provided consists of
measurements for different probes, although many of them
may refer to the same gene. Therefore, in order to render the
dataset compatible with pathway-based analysis, to strengthen
its biological interpretability and to render the subsequent
steps of analysis platform-independent as suggested in [39],
the dataset should be transformed (collapsed) from the probe
level (in our dataset IMAGE ClonelDs) to the gene level (e.g.
EntrezIDs). In order for this step to be executed, the collapseR-
ows function [39] of WGCNA R package [40] has been used.
Among the different choices for the calculation of the
expression at the gene level, the Average probes expression
has been chosen. The latter implies calculating the average
intensities of the probes among those referring to the same
gene. For the implementation of the collapsing procedure, a
mapping between ClonelDs accession numbers and EntrezIDs
should be provided in the CollapseRows function. This mapping
file has been created using the online conversion platform
SOURCE, originally developed by The Genetics Department
of Stanford University (http://source-search.princeton.edu/
cgi-bin/source/sourceBatchSearch).

Subsequently, a procedure of gene filtering by the percentage

of missing values is executed. Similar to the majority of the gene
expression datasets in general, the available dataset has some
missing values in the measurements of probes/genes. Although
the step of collapsing probes to genes may lower the number of
missing expression values in the datasets (the collapseRows func-
tion ignores probes that show missing values in higher than the
90% of cases provided), a significant number of these types of
values may still exist. Thus, the genes that still show a high fre-
quency of missing values (greater than 20%) across the dataset
have been filtered out. Those genes may be thought to have
been inadequately measured. The filtering step has been
implemented using the goodGenes function of the WGCNA pack-
age [40] in R by selecting the minimum fraction of non-missing
samples for a gene to be considered ‘good’ to be 80%.

The remaining unsuccessfully measured values of gene
expression were filled by imputation. This step is believed to
be preferable to the exclusion of all genes that show missing
values, because the experience accumulated in the literature
[41-45] has shown that an improper handling of missing
data may hinder an effective downstream analysis. An excep-
tion has been made in the previously presented filtering step
for the genes with high missing value frequency because the
performance of the imputation algorithms in terms of accuracy
has been found to drop significantly for these cases [42,45].
Therefore, these genes were filtered out. The algorithm selected
for the imputation process has been the nearest neighbours
algorithm (knn imputation) [46], recognized as the most
widely and frequently used imputation algorithm. The knn
imputation has been implemented using the Impute package
in Bioconductor-R (http://www.bioconductor.org/) and by
choosing the parameter k (the neighbours that are used in
order for a missing value to be imputed) to be 20. The latter
is one of the most commonly chosen values for this parameter
in the missing values imputation context [42].

Subsequently, in order to conduct a pathway-based gene
expression analysis, an aggregation of gene expression values
to KEGG pathways activation has been implemented. As
stated in the literature [47-49], the transformation of the gene
expression data from the gene space to the pathway space is
expected to lead to increased robustness of the results of the
downstream analysis of molecular data. This is in contrast to
the case of gene signatures that are commonly found to be
unstable. Moreover, the aggregation of gene expression to
another commonly shared space, i.e. the space of pathways, is
thought to reduce the intrinsic technological and biological var-
iances across samples. The method selected to be used has been
gene set variation analysis (GSVA) [9] implemented in the
synonymous Bioconductor-R package. The gene sets chosen in
order to aggregate the gene expression values have been those
referring to genes constituting the KEGG pathways (http://
www.genome.jp/kegg/pathway.html) which at the time of
the present analysis are 186 in number. They have been down-
loaded from the Broad Institute MsigDB (http://www.
broadinstitute.org/gsea/msigdb) as a .gmt file (CP:KEGG:
KEGG gene sets) and have been introduced into R using the
getGmt function of the GSEABase package [50]. Following
the application of the GSVA method, the molecular part of the
dataset now consists of 186 pathway activation-related features
(i.e. enrichment score for KEGG pathways) for each patient.

With the dataset in its finalized form, two additional pre-
processing steps are executed. First, the values of the features
are mean centred. Second, a step for reducing the level of
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Table 4. Parameters of the pre-processing procedure and the regression model algorithms tuned by internal cross-validation on retrospective cases.

parameter name description

pre-processing parameters
. coIIapsemethod B
values from probes to genes level
goodgenes
minimum fraction for a gene to be considered good and to
be kept for further analysis
imputation knn k number of neighbours to be used in the
imputation
correlation cut-off a value for the pair-wise (between feature
variables) absolute correlation cut-off
random forest parameters
sampled as candidates at each split

weighted nearest neighbours parameters
k number of neighbours considered

distance parameter of Minkowski distance
kernel kernel function used in order

to weight the neighbours

method used to collapse gene expression

minimum fraction of non-missing samples

number of feature variables randomly

tuning values

20

average

0.5, 07,09, 1.0

5!
0.5, 1.0, 2.0, 3.0
optimal

five different mtry values were tested, produced by the var_seq function of

caret package [34] in R. These values depend on the number of features
of the finally preprocessed dataset, which in turn depends on the
correlation cut-off parameter.

7,9

according to their distances

correlation between the predictors has been followed by
removing highly correlated features using the findCorrelation
function of caret package.

Regarding the above-presented pre-processing steps,
special versions of gene filtering, imputation, centring and
features correlation reduction have been implemented for the
prediction step of the regression model algorithm. The latter
aims to base the pre-processing of the Test set data on the
pre-processing results (e.g. filtered genes) and the data (e.g.
for imputation) of the training set.

During the above-described training and tuning process, a
number of parameters of both the pre-processing procedure
and the regression model were optimized. These parameters,
their description and the values tested are listed in table 4. The
set of best parameters is chosen based on the root mean square
error (RMSE) performance on predicting the CKRprgp value.

Referring back to the workflow presentation, in step (d) a
new series of cross-validated regression model training, further
splitting the Train set created for the external cross-validation,
is followed in order to analyse the behaviour of the finally
trained and tuned regression model error. Moreover, an esti-
mate of the distribution of the expected error based on the
model prediction residuals is acquired. For each external
cross-validation fold, an additional fivefold cross-validation-
like procedure is executed for the Train set. First, the Train
set is further split into an error distribution Train set and an
error distribution Test set. Second, the regression model
using the best-tuned parameter values identified in step (b) is
trained. Subsequently, the response values (CKRpggp) for the
error distribution Test set are predicted by the regression

model. Finally, the residuals (errors) between these predicted
CKRpggp values and those already estimated by the parameter
estimation procedure (i.e. the real CKRpgrgp values) are calcu-
lated for each case included in the error distribution Test set.
The residuals of all folds are combined and used, in three pos-
sible ways, in order to estimate the distribution of the error of
the regression model. The first one consists of calculating the
histogram of the residuals (and saving the midpoints and
their probabilities) using the hist base function in R. The
second one refers to the fitting of a normal distribution on
the residuals (using the fitdist function of fitdistplus package
[51]). The third one resorts to the computing of kernel density
estimates (using the density base function in R, with default
parameters). The way that this distribution is used in the next
steps of the workflow and the effect of the choice of the
method on the final results are discussed later.

Thereafter, in step (e), the finally trained and tuned
regression model is used to produce predictions for the
CKRpgep value of the patient cases included in the Test set or
prospective cases in general. The extracted predictions are
used in order for a number of simulations of the mechanistic
part of ALL Oncosimulator (1 repeats in figure 3, 500 repeats
here) for each patient to be realized. In each simulation, a differ-
ent value of additive noise, sampled from the aforementioned
error distribution, is added to the predicted CKRpgrgp value.
With this parameter value as part of the input, a prediction
of the number of lymphoblasts in the peripheral blood at day
8 is returned by the Oncosimulator. After the execution of
the simulations, in step (f), each patient is finally classified
into the prednisone response group that most frequently was
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Table 5. Estimation procedure results for the tumour growth-related parameters of the mechanistic part of the ALL Oncosimulator for six different doubling  [JEI}

time (7y) scenarios.

estimated values

parameter name

Tc 82h 9 h 109 h 135h 158 h 182 h

Teo 82h 82h 80 h 78 h 108 h 97 h

Ty 106 h 119 h 126 h 113 h 133h 120 h

Ra = Ragperipheral biasty~ 0.001508683 h™" 0.001280446 h~"' 00005444389 h—'  0.0008812038 h ™" 0.0006393167 h~'  0.000464761 h™~"

Psjeep 0.0928339% 0.1712635 0.1044412 0.1523759 0.0735677 0.1194185

Poym 0.6881355 0.4957694 0.2705583 0.3605559 0.3041863 0.3208003

Pso 10 61 0.5676784 0.7851885 0.8349451 0.7924908 0.6382258 0.4995043
predicted (based on the 1000 lymphoblasts per microlitre () good responder
threshold). In the extreme case where a patient is equally fre- 0.8~ & 0 O |@ poor responder
quently classified into the two groups, a last run is executed o O —

.. . . . . O D T o
and the result of this simulation is considered the final predic- a (% O & o0
tion. The executi'or.l of multiple' s.imulations is viewed as 0.6 o O PYe o §'r 's) DATC D
essential because it is known a priori that the CKRprgp would = A o0 O ity
be predicted with an error. Therefore, instead of uncondition- 8 ) O Qo o
ally adopting the predicted CKRpgrgp and use it to produce % :J. ® " 4 ® ® O s
the patient category prediction, a number of simulations with 2 0.4 1 ® e ® O
e
slightly changed parameter input are expected to be able to & PO °®
. . o ¥ ° ® o®

show possible trends in the response categorization of the O @ ® ®
patient. Moreover, a quantification of the confidence for the 024 © - ® Py
resultant classification is produced based on the rate by ® @
which this classification result is returned from the multiple ®
simulations for each patient. Such a feature is considered essen- 04
tial for any system claiming future clinical application, such as : : - ‘ .
the Hybrid Oncosimulator. The latter is expected to offer its 0 20 40 60 80

user the opportunity to decide whether or not the final predic-
tion should be adopted as a means supporting clinical
decisions.

Finally, in step (g) the classification results for each
external fold and for the overall procedure are accumulated.

3. Results and discussion
3.1. Parameter estimation results

Regarding the estimation of free tumour growth-related par-
ameters for the six Ty scenarios, the latter was achieved with
objective function values (targeted Tq minus simulated by the
Oncosimulator T4) ranging from 0.00018 to 0.00626 days. This
shows an almost completely successful estimation of the par-
ameters. The resulting parameter values are shown in table 5.
The results of the overall model adaptation procedure are sum-
marized in the mean CKRprgp estimation values given in
figure 4. For each patient, six different CKRprgp values were esti-
mated, one for each T4 case. It should be noted that fora number
of patients, not all T4 scenarios lead to the estimation of a valid
CKRpgep value. These patients were characterized by a higher,
instead of lower, blast cell count on day 8 of treatment compared
to day 1. This behaviour can be explained by very rapid growth
rates and/or low chemo-sensitivities. Low growth rates,
reflected in scenarios with high doubling times, were unable
to catch the observed behaviour; particularly, the simulated

patient index

Figure 4. Scatter plot of mean CKRppep estimated value (six different dou-
bling time scenarios) for the patients included in the study. Prednisone poor
responders tend to have lower chemosensitivity parameter values compared
with prednisone good responders. (Online version in colour.)

final blast count was always lower than the observed one,
even in the absence of therapy. Such patients were excluded
from further analysis.

For each patient, and for the range of values of model
parameters and the T4 scenarios considered, the variance in
the CKRprgp value for the six T4 scenarios was not found
to be significant (mean CKRprgp variance: 1.5036 x 107%).
This behaviour can be explained by the fact that the 7 days
duration of the pre-phase treatment is probably too short
for the effect of the different doubling times to the treatment
simulation to be evident. Therefore, in the context of the pre-
sent study, only the T4 scenario of 7 days was chosen for the
further analysis steps.

As can be seen in figure 4 and in agreement with [4,10],
prednisone good responders tend to have higher mean
CKRpgrep values compared to prednisone poor responders.
This finding further supports the validity of the parameter
estimation/adaptation procedure and of the ALL Oncosimu-
lator model as a whole. However, for a range of CKRprep
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values approximately [0.4-0.6] an overlapping of the two cat-
egories is observed. For these cases, the prediction of
the outcome is expected to be a more difficult task.
It should be noted, however, that the observed overlap
regarding this feature is expected not to undermine the
ability of the proposed methodology to classify the patients
to poor or good responders. This is because except for the
prediction of the CKR values, the methodology also relies
on the initial blast cell count and the biological rules
coded through the mechanistic model. These two sources of
information are expected to significantly contribute to the
successful separation of patients.

3.2. Cross-validation results regarding prednisone
response category prediction

The overall results of the execution of the workflow are
presented in table 6. For each regression algorithm and
regression model error distribution estimation method, five
external cross-validation procedures were followed. The result-
ing mean performance measurements are presented. As can be
seen, the classification accuracy evaluated in the whole Test set
(16 patients for every external CV fold) ranges in the
interval [0.62-0.68] for the weighted k-NN algorithm and
in the interval [0.55-0.65] for the random forests algorithm.
This means that for a newly arrived patient, the fully tuned
system (after choosing the best regression model and the best
regression model error distribution estimation method) is
expected to correctly classify approximately 70% of patients.
The execution of the fivefold external cross-validation of the
whole system (including data pre-processing, regression
model training and tuning, error distribution estimation and
prednisone response category prediction by multiple ALL
Oncosimulator simulations) required 189 min on a personal
desktop computer equipped with a CPU with four cores syn-
chronized at 3.50 GHz and 16 GB of RAM. Although the
training of the system may require several minutes, the process
of predicting the response category of a single new patient
(which includes the steps of pre-processing the personalized
data, predicting the CKRpggp value, executing 500 ALL Oncosi-
mulator simulations and aggregating the results in a final
response classification decision) lasts less than 1 min. It should
be noted, however, that these durations, and especially the dur-
ation of the cross-validation process, may be significantly
increased if a larger dataset (in terms of patient cases) is
provided in the future. Nevertheless, both the external cross-
validation repetitions and the multiple ALL Oncosimulator
simulations may be easily executed in parallel because there
are no dependencies between the different execution loops.
Such a parallelization step may significantly lower the execution
time of both processes. Presently, the Hybrid ALL Oncosimula-
tor system is executed through the R language environment.
Therefore, any computational infrastructure that supports this
environment, including personal computers, virtual machines
at the cloud and servers (e.g. an R server) could be used for
the execution of the workflow. Regarding the underlying
mechanistic model, which is developed in C++-, the inherent
capabilities of all the widely used operating systems (either Win-
dows or Unix based) are adequate to support its execution either
as an executable or as a dynamic library.

Moreover, for the majority of method combinations, the
system has been found to respond with higher confidence
when its classification decision is correct. Therefore, the

following hypothesis can be formulated: if only the patient
cases included in the test set for which the Hybrid ALL Oncosimu-
lator responds with relatively high confidence are taken into
account, the classification accuracy can be increased and eventual
misleading predictions could be avoided. The hypothesis has
been tested, by setting four different confidence thresholds
and re-calculating the accuracy only for the cases for which
their classification was predicted with higher than the
threshold confidence. As shown in table 6, by setting the con-
fidence threshold to 0.9, the accuracy of the system may reach
the 0.95 performance value when the weighted k&-NN and the
kernel density estimation methods are used. However, this
accuracy is achieved by paying the price of denying the classi-
fication for the vast majority of the patient cases (only 2.2 out of
16 patients on average are classified). For lower values of the
threshold, ‘trustworthy” classification results are returned for
a higher number of patients, generally with higher accuracy,
compared to the unthresholded case, especially when the
weighted k-NN algorithm is used. It is noted that the architec-
ture of the Hybrid ALL Oncosimulator constitutes a proposal
on the way through which a VPH model would become able
to predict the treatment outcome of a real clinical scenario.
Such a feature could allow the user (probably a clinician) to
decide on the level of confidence through which he or she
may trust the predictions of a system of this kind. Such a strat-
egy could considerably support treatment-related decisions
based on the model predictions.

The central property of the workflow that allows such a
guidance is its ability to execute multiple simulations via the
ALL Oncosimulator. In order to illustrate the way through
which these simulations are exploited in order for the final
classification decision to be made, the histograms of the periph-
eral blasts at the end of the pre-phase treatment (at a
logarithmic scale) predicted by the ALL Oncosimulator for
two indicative patient cases are given in figure 5. Both cases
were correctly classified using the weighted k-NN algorithm
and the kernel density estimation method. The first case
depicted in figure 5a is a prednisone good responder, while
the second case depicted in figure 5b is a prednisone poor
responder. In both panels, the 1000 lymphoblasts per microlitre
threshold is indicated with a red line, while the real number of
peripheral blasts at the end of the treatment for the specific
patients is indicated with a purple one. As can be seen, the
vast majority of simulations for the good responder case con-
clude in a prediction for peripheral blood blast number,
lower than the aforementioned threshold, while the opposite
is true for the poor responder case.

Regarding the comparison between the two regression
algorithms tested, the weighted k-NN has proved to achieve
better results compared with the random forests algorithm.
The latter applies not only in classification accuracy terms
but also in the number of patient cases for which a classification
result with high probability of correctness is returned when a
confidence threshold is set. This could be explained not only
by the higher accuracy in predicting the value of CKRpggp,
as shown in table 6 but also by the significantly elevated R* per-
formance (proportion of the variance in the response variable
that is predictable from the feature variables) compared with
those achieved by the random forests algorithm.

The results presented appear promising regarding the
soundness of the proposed combination of methods as a work-
flow (Hybrid ALL Oncosimulator). Moreover, the approach’s
eventual contribution to the formulation of foundational
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Figure 5. Histograms of multiple ALL Oncosimulator simulations for two
representative patient cases. Both cases were correctly dlassified by the
Hybrid ALL Oncosimulator system. Good/poor response threshold is indicated
by a red line, while lymphoblasts actually observed on day 8 of treatment for
the speific patients are indicated by a purple line. (a) The majority of simu-
lations end up to day 8 lymphoblast number predictions lower than the good
to poor response threshold for a prednisone good responder. (b) Simulation
results more frequently return predictions higher than the threshold for a
prednisone poor responder.

guidelines for the clinical application of VPH models through
predictive tasks appears a realistic endeavour.

4. Conclusion

In the present paper, a combination of a mechanistic VPH-type
model, simulating ALL progression and treatment, called the
ALL Oncosimulator [4], with computational optimization and
ML methods, has been presented and their performance has
been studied. The former methods have been used for
parameter value estimation purposes, while the latter for
parameter value prediction. The formulated system, entitled
the Hybrid ALL Oncosimulator, has been exploited in order
for the prednisone response category of a newly arrived ALL
patient to be predicted. The cross-validation results have
shown that the proposed system is expected to correctly classify
approximately 70% of patients. Moreover, the accuracy may be
elevated up to 95%, when the precision of the classification task
via multiple simulations of the mechanistic model is requested
tobe high (classification confidence threshold set to 0.9) in order
for only trustworthy classification decisions to be returned and
eventual misleading predictions to be rejected. The adoption of
already established clinical classification /stratification criteria is
thought to be preferable in comparison with the adoption of a
non-confident prediction by the system. Therefore, the confi-
dence thresholding feature is considered crucial if the

ambition for future clinical application and effective medical m

decision support of this type of system is taken into consider-
ation. In the present study, the increase in classification
accuracy and confidence has, however, been found to be
coupled with a significant reduction in the number of patients
for which an acceptable classification has been returned (only
2.2 out of 16 patients per each cross-validation fold have been
finally classified with the classification confidence threshold
set to 0.9). Among other possible reasons probably related to
the system design (discussed in detail below), the lack of a suf-
ficiently large set of admissible patient cases for the conduction
of the present analysis may be responsible for the significant
reduction in the cell occupancy of different prednisone response
classes. Therefore, more comprehensive and standardized
larger scale datasets would be required in the future to
underpin this area of cross-disciplinary research.

Viewing the relative success of the proposed Hybrid ALL
Oncosimulator system in predicting the outcome of the pre-
phase treatment in ALL as a proof of concept, the fundamental
steps formulated in the present study can be considered a good
base for future advances of the system. Such envisaged
advances could include the following: first, the predic-
tive accuracy and the robustness of the proposed workflow
should be increased as much as possible. In future efforts,
further exploitation of regression methods, data pre-processing
methodologies and exploitation of more data types (e.g.
additional types of -omics) might increase the performance of
the system. Additionally, potential alternative ways to exploit
the ability of the system to execute multiple simulations
should be studied in terms of final classification decision and
the related classification confidence calculation.

The cross-validation-based evaluation of classifiers fre-
quently appears in the ML-related literature. Nevertheless, a
predictive system, as the one proposed (together with any event-
ual future improvements), should be thoroughly validated
regarding its ability to predict the response of really prospective
patient cases (independent validation set). Moreover, specifi-
cally for the pre-phase treatment-related Hybrid ALL
Oncosimulator, the real benefits of predicting the prednisone
response group for prospective patients, regarding the effective
modification of their treatment, should be confirmed. Both these
crucial steps would be integrated in a prospective clinical trial
including two additional distinct phases. During the first
phase, the Hybrid ALL Oncosimulator, which has already
been tested using retrospective data, should prove its ability to
predict the patient response group. Following this confirmation,
in the second phase, an initial set of patients would be treated as
suggested by the established clinical protocol, including the pre-
dnisone response evaluation through the pre-phase treatment.
For another set, the prednisone response group would be pre-
dicted by the Hybrid ALL Oncosimulator and influenced by
this stratification therapy, decisions would be taken immedi-
ately. After completing treatment, the potential benefits of
accelerating the treatment would be extracted by comparing
disease control success between the two sets.

Following such a future extensive validation, a natural next
step would be to study the ability of a similar system to predict
the outcome of a longer and more complex treatment or of a
combination of treatment phases. For example, minimal
residual disease (MRD) detection is of crucial importance for
treatment response evaluation and the further stratification of
patients into risk groups [52-54]. Such a step would require,
on the one hand, the modelling of the administration of
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additional drugs using the mechanistic part of the model. On
the other hand, this would require the prediction of more
than one parameter by the ML methodologies. Such par-
ameters would be chemosensitivity related (similar to the
CKRpgep predicted in this paper) as well as tumour growth
related. Tumour growth-related parameter value estimation
is thought essential because the doubling time of the simulated
tumour may affect the simulation results of an extended treat-
ment phase. The prediction of more than one parameter would
require either multiple regression models or a single regression
model with multiple responses. However, this process may be
assisted by the addition of further mechanistic models focusing
on specific ALL-related phenomena (e.g. [55-57]).

The results presented in this paper further support the
idea that an effective combination of several heterogeneous
models (in terms of biocomplexity scales and modelling prin-
ciples) could lead to the emergence of systems able to assist
treatment-related clinical decisions. It is envisaged that the
healthcare personnel would easily interact with the under-
lying complex system using a clinical decision support (CDS)
system, as proposed in [58]. Both the fields of effective model
combination (hypermodelling) and integration of models into
a CDS system have been central research fields of the CHIC
and the p-medicine VPH projects, respectively. Their mid- and
long-term goal is obviously to translate multiscale VPH
models to clinical reality for the benefit of the patient.

References

1. Stamatakos G et al. 2014 The technologically 7.
integrated Oncosimulator: combining multiscale
cancer modeling with information technology in the in
silico oncology context. IEEE J. Biomed. Health Inform.

18, 840 854. (doi:10.1109/JBHI.2013.2284276)

2. Stamatakos GS, Graf N, Radhakrishnan R. 2013
Multiscale cancer modeling and in silico oncology: 8.
emerging computational frontiers in basic and
translational cancer research. J. Bioeng. Biomed. Sci.

3, E114. (d0i:10.4172/2155-9538.1000e114)

3. Fenner JW et al. 2008 The EuroPhysiome, STEP and
a roadmap for the virtual physiological human. Phil.

Trans. R. Soc. A 366, 2979—2999. (doi:10.1098/rsta. 9.
2008.0089)

4. Kolokotroni E, Ouzounoglou E, Stanulla M,

Dionysiou D, Stamatakos GS. 2014 In silico oncology:
developing and dlinically adapting the acute 10.
lymphoblastic leukemia (ALL) Oncosimulator by

exploiting pathway based gene expression analysis

in the context of the ALL-BFM 2000 dlinical study.

Virtual Physiological Human Conference 2014 (VPH

2014). In Virtual Physiological Human Conference

2014 (VPH2014), Trondheim, Norway 9-12

September. (doi:10.13140/RG.2.1.1430.3123)

5. Inaba H, Pui C-H. 2010 Glucocorticoid use in acute 1.
lymphoblastic leukaemia. Lancet Oncol. 11, 1096—

1106. (doi:10.1016/51470-2045(10)70114-5)

6. Dordelmann M, Reiter A, Borkhardt A, Ludwig W-D,

Gtz N, Viehmann S, Gadner H, Riehm H, Schrappe  12.
M. 1999 Prednisone response is the strongest

predictor of treatment outcome in infant acute
lymphoblastic leukemia. Blood 94, 1209-1217.

1471-2105-14-7)

26— 28 September.

2008.09.007)

Stamatakos GS, Kolokotroni EA, Dionysiou DD, 13.
Georgiadi EC, Desmedt C. 2010 An advanced discrete
state-discrete event multiscale simulation model of

the response of a solid tumor to chemotherapy:

mimicking a clinical study. J. Theor. Biol. 266,

124—-139. (doi:10.1016/j.jthi.2010.05.019) 14.
Kolokotroni E et al. 2016 In silico oncology:

quantification of the in vivo antitumor efficacy of
cisplatin-based doublet therapy in non-small cell

lung cancer (NSCLC) through a multiscale

mechanistic model. PLoS Comput. Biol. 12,

€1005093. (doi:10.1371/journal.pcbi.1005093)

Hénzelmann S, Castelo R, Guinney J. 2013 GSVA: 15.
gene set variation analysis for microarray and RNA-

seq data. BMC Bioinformatics 14, 7. (doi:10.1186/

Ouzounoglou E, Kolokotroni E, Stanulla M, Stamatakos ~ 16.
GS. 2016 In silico oncology: evaluating the predictability

of acute lymphoblastic leukemia patients’ response to
treatment utilizing a multiscale Oncosimulator model

in conjunction with machine leaming methods. In Proc.

Annu. Conf. Virtual Physiological Human 2016 (VPH

2016) (ed. AG Hoekstra), Amsterdam, The Netherlands

Cario G et al. 2005 Distinct gene expression profiles
determine molecular treatment response in 17.
childhood acute lymphoblastic leukemia. Blood 105,
821-826. (doi:10.1182/blood-2004-04-1552)

Stanulla M, Schrappe M. 2009 Treatment of 18.
childhood acute lymphoblastic leukemia. Semin.

Hematol. 46, 52—63. (doi:10.1053/j.seminhematol.

Ethics. All pertinent ethical guidelines and directives have been
observed within the framework of the European Commission-funded
p-medicine project (no. 270089 ‘p-medicine’ (http://p-medicine.eu/).
Data accessibility. Part of the whole-genome expression dataset used in
this study is publicly available in Gene Expression Omnibus and
ArrayExpress databases with accession numbers GSE4057 and
(E-GEOD-4057, E-SMDB-2922), respectively.

Authors” contributions. E.O., EK. and G.S.S. conceived the experiment.
E.O. conceived, designed and implemented the ML-based workflow
and Hybrid ALL Oncosimulator integration, and carried out exper-
iments and evaluation. EK. and G.S.S. conceived the mechanistic
part of the ALL Oncosimulator. E.K. implemented the mechanistic
part of the ALL Oncosimulator and provided input during the
Hybrid ALL Oncosimulator development and experiments. G.S.S.
coordinated the theoretical study. M.S. provided the clinical data
and contributed to the overall analysis. E.O. and E.K. wrote the initial
draft of the manuscript. G.S.S. revised the manuscript. All authors
read and approved the final manuscript.

Competing interests. We declare we have no competing interests.

Funding. The research leading to these results has received funding
from the European Union’s Seventh Framework Programme (FP7/
2007-2013) under grant agreements no. 270089 ‘p-medicine’ (http://
p-medicine.eu/) and 600841 ‘CHIC’ (http://www.chic-vph.eu/).
Acknowledgements. The valuable support of Prof. Dr med N. Graf, Direc-
tor of the Pediatric Oncology and Hematology Clinic, University
Hospital of Saarland, Germany, Prof. Stefanos Kollias, National Tech-
nical University of Athens and of Dr Dimitra Dionysiou, In Silico
Oncology and In Silico Medicine Group, Institute of Communication
and Computer Systems, National Technical University of Athens,
Greece is duly acknowledged.

Stamatakos GS et al. 2013 In silico oncology:
exploiting clinical studies to clinically adapt and
validate multiscale oncosimulators. In Conf. Proc.
Annu. Int. Conf. IEEE Eng. Med. Biol. Soc. pp. 5545-
5549. Piscataway, NJ: |EEE.

Stamatakos GS, Dionysiou DD, Georgiadi E,
Kolokotroni E, Giatili S, Graf N. 2010 In silico
oncology: multiscale modelling of clinical tumour
response to treatment based on discrete entity -
discrete event simulation. In st Virtual Physiological
Human Conf,, FP7-ICT-2007-2, Project 223920,

pp. 136—138. 2010. Brussells, Belgium.

Marias K et al. 2011 Clinically driven design of
multi-scale cancer models: the ContraCancrum
project paradigm. Interface Focus 1, 450—461.
(doi:10.1098/rsfs.2010.0037)

Stamatakos GS, Dionysiou DD, Graf NM, Sofra NA,
Desmedt C, Hoppe A, Uzunoglu NK, Tsiknakis M.
2007 The ‘Oncosimulator’: a multilevel, clinically
oriented simulation system of tumor growth and
organism response to therapeutic schemes. Towards
the clinical evaluation of in silico oncology. In Conf.
Proc. Annu. Int. Conf. IEEE Eng. Med. Biol. Soc. Lyon,
france, 22— 26 August, pp. 6629—6632. Piscataway,
NJ: |EEE.

Nguyen LV, Vanner R, Dirks P, Eaves CJ. 2012 Cancer
stem cells: an evolving concept. Nat. Rev. Cancer
12, 133-143. (doi:10.1038/nrc3184)

0'Connor ML et al. 2014 Cancer stem cells:

a contentious hypothesis now moving forward.
Cancer Lett. 344, 180—187. (doi:10.1016/j.canlet.
2013.11.012)

€9109107 :8 Smo4 awppiu  biobuiysigndAiaposiedorsysi E


http://p-medicine.eu/
http://p-medicine.eu/
http://p-medicine.eu/
http://p-medicine.eu/
http://p-medicine.eu/
http://www.chic-vph.eu/
http://www.chic-vph.eu/
http://dx.doi.org/10.1109/JBHI.2013.2284276
http://dx.doi.org/10.4172/2155-9538.1000e114
http://dx.doi.org/10.1098/rsta.2008.0089
http://dx.doi.org/10.1098/rsta.2008.0089
http://dx.doi.org/10.13140/RG.2.1.1430.3123
http://dx.doi.org/10.1016/S1470-2045(10)70114-5
http://dx.doi.org/10.1016/j.jtbi.2010.05.019
http://dx.doi.org/10.1371/journal.pcbi.1005093
http://dx.doi.org/10.1186/1471-2105-14-7
http://dx.doi.org/10.1186/1471-2105-14-7
http://dx.doi.org/10.1182/blood-2004-04-1552
http://dx.doi.org/10.1053/j.seminhematol.2008.09.007
http://dx.doi.org/10.1053/j.seminhematol.2008.09.007
http://dx.doi.org/10.1098/rsfs.2010.0037
http://dx.doi.org/10.1038/nrc3184
http://dx.doi.org/10.1016/j.canlet.2013.11.012
http://dx.doi.org/10.1016/j.canlet.2013.11.012

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

Kreso A, Dick JE. 2014 Evolution of the cancer stem
cell model. Cell Stem Cell 14, 275-291. (doi:10.
1016/j.stem.2014.02.006)

Cooperman J, Neely R, Teachey DT, Grupp S, Choi JK.
2004 Cell division rates of primary human precursor
B cells in culture reflect in vivo rates. Stem Cells
Dayt. Ohio 22, 1111-1120. (doi:10.1634/stemcells.
22-6-1111)

Hirt A, Werren EM, Luethy AR, Gerdes J, Wagner HP.
1992 Cell cycle analysis in lymphoid neoplasia of
childhood: differences among immunologic
subtypes and similarities in the proliferation of
normal and leukaemic precursor B cells.

Br. J. Haematol. 80, 189—193. (doi:10.1111/j.1365-
2141.1992.tb08899.x)

Tsurusawa M, Ito M, Zha Z, Kawai S, Takasaki Y,
Fujimoto T. 1992 Cell-cycle-associated expressions
of proliferating cell nuclear antigen and Ki-67
reactive antigen of bone marrow blast cells

in childhood acute leukemia. Leukemia 6,
669—674.

Tsurusawa M, Aoyama M, Saeki K, Fujimoto T. 1995
Cell cycle kinetics in childhood acute leukemia
studied with in vitro bromodeoxyuridine labeling,
Ki67-reactivity, and flow cytometry. Leuk.

Off. J. Leuk. Soc. Am. Leuk. Res. Fund UK 9,
1921-1925.

Ginsberg T. 1996 Modellierung und Simulation der
Proliferationsregulation und Strahlentherapie
normaler und maligner Gewebe. fortschr.-Berichte
VDI Reihe 17 Biotech. 140, 103-107.

Hirt A, Leibundgut K, Liithy AR, von der Weid N,
Wagner HP. 1997 Cell birth and death in childhood
acute lymphoblastic leukaemia: how fast does the
neoplastic cell clone expand? Br. J. Haematol. 98, 999—
1001. (doi:10.1046/).1365-2141.1997.d01-3571.x)
Tsurusawa M, Niwa M, Katano N, Fujimoto T. 1988
Flow cytometric analysis by bromodeoxyuridine/
DNA assay of cell cycle perturbation of
methotrexate-treated mouse L1210 leukemia cells.
Cancer Res. 48, 4288—-4293.

Ociepa T, Maloney E, Kamienska E, Wysocki M,
Kurylak A, Matysiak M, Urasinski T, Urasinska E,
Domagata W. 2010 Simultaneous assessment of p53
and MDM?2 expression in leukemic cells in response
to initial prednisone therapy in children with acute
lymphoblastic leukemia. Pol. J. Pathol. Off. J. Pol.
Soc. Pathol. 61, 199—205.

R Core Team. 2016 R: a language and environment
for statistical computing. Vienna, Austria: R
Foundation for Statistical Computing. See https:/
www.R-project.org/.

Skipper HE, Perry S. 1970 Kinetics of normal and
leukemic leukocyte populations and relevance to
chemotherapy. Cancer Res. 30, 1883—1897.

Hirt A, Schmid A-M, Ammann RA, Leibundgut K.
2011 In pediatric lymphoblastic leukemia of B-cell
origin, a small population of primitive blast cells is
noncycling, suggesting them to be leukemia stem
cell candidates. Pediatr. Res. 69, 194—199. (doi:10.
1203/PDR.0b013€3182092716)

31

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

45.

46.

Leibundgut K, Schmitz N, Tobler A, Liithy AR, Hirt
A. 1999 In childhood acute lymphoblastic leukemia
the hypophosphorylated retinoblastoma protein,
p110RB, is diminished, as compared with normal
(D34+ peripheral blood progenitor cells. Pediatr.
Res. 45, 692—696. (doi:10.1203/00006450-
199905010-00015)

Price K, Storn RM, Lampinen JA. 2005 Differential
evolution: a practical approach to global optimization
(natural computing series). Secaucus, NJ: Springer-
Verlag New York, Inc.

Mullen KM, Ardia D, Gil DL, Windover D, Cline J.
2010 DEoptim: an R package for global optimization
by differential evolution. R J. 3, 27-34.

Kuhn M. 2008 Building predictive models in R using
the caret package. J. Stat. Softw. 28, 1-26. (doi:10.
18637/js5.v028.i05)

Breiman L. 2001 Random forests. Mach. Learn. 45,
5-32. (doi:10.1023/A:1010933404324)
Hechenbichler K, Schliep K. 2004 Weighted k-
nearest-neighbor techniques and ordinal
dlassification. See https:/epub.ub.uni-muenchen.de/
1769/ (accessed 21 December 2016).

Liaw A, Wiener M. 2002 Classification and
regression by randomForest. R News 2, 18—22.
Schliep K, Hechenbichler S. 2016 kknn: Weighted k-
Nearest Neighbors. R package version 1.3.1. See
https://CRAN.R-project.org/package=Kkknn.

Miller JA, Cai C, Langfelder P, Geschwind DH, Kurian
SM, Salomon DR, Horvath S. 2011 Strategies for
aggregating gene expression data: the collapseRows
R function. BMC Bioinformatics 12, 322. (doi:10.
1186/1471-2105-12-322)

Langfelder P, Horvath S. 2008 WGCNA: an R package for
weighted correlation network analysis. BMC
Bioinformatics 9, 559. (doi:10.1186/1471-2105-9-559)
Aittokallio T. 2010 Dealing with missing values in
large-scale studies: microarray data imputation and
beyond. Brief. Bioinform. 11, 253—264. (doi:10.
1093/bib/bbp059)

Brock GN, Shaffer JR, Blakesley RE, Lotz MJ, Tseng
GC. 2008 Which missing value imputation method
to use in expression profiles: a comparative study
and two selection schemes. BMC Bioinformatics 9,
12. (doi:10.1186/1471-2105-9-12)

Jornsten R, Wang H-Y, Welsh WJ, Ouyang M. 2005
DNA microarray data imputation and significance
analysis of differential expression. Bioinformatics 21,
4155-4161. (doi:10.1093/bioinformatics/bti638)
Liew AW-C, Law N-F, Yan H. 2011 Missing value
imputation for gene expression data: computational
techniques to recover missing data from available
information. Brief. Bioinform. 12, 498—513. (doi:10.
1093/bib/bbq080)

Luengo J, Garcia S, Herrera F. 2012 On the choice of
the best imputation methods for missing values
considering three groups of classification methods.
Knowl. Inf. Syst. 32, 77—108. (doi:10.1007/510115-
011-0424-2)

Troyanskaya 0, Cantor M, Sherlock G, Brown P,
Hastie T, Tibshirani R, Botstein D, Altman RB. 2001

47.

48.

49.

50.

52.

53.

54.

55.

56.

57.

58.

Missing value estimation methods for DNA
microarrays. Bioinformatics 17, 520-525. (doi:10.
1093/bioinformatics/17.6.520)

Hwang S. 2012 Comparison and evaluation of
pathway-level aggregation methods of gene
expression data. BMC Genomics 13, 526. (doi:10.
1186/1471-2164-13-57-526)

Khatri P, Sirota M, Butte AJ. 2012 Ten years of
pathway analysis: current approaches and
outstanding challenges. PLoS Comput. Biol. 8,
€1002375. (doi:10.1371/journal.pchi.1002375)
Varadan V, Mittal P, Vaske CJ, Benz SC. 2012 The
integration of biological pathway knowledge in
cancer genomics: a review of existing computational
approaches. IEEE Signal Process. Mag. 29, 35-50.
(doi:10.1109/MSP.2011.943037)

Morgan M, Falcon S, Gentleman R. 2016 GSEABase:
gene set enrichment data structures and methods.
See http://bioconductor.org/packages/release/bioc/
html|/GSEABase.html.

Delignette-Muller ML, Dutang C. 2015 fitdistrplus:
an R package for fitting distributions. J. Stat. Softw.
64, 1-34. (doi:10.18637/jss.v064.i04)

van Dongen JJM, van der Velden VHJ, Briiggemann
M, Orfao A. 2015 Minimal residual disease
diagnostics in acute lymphoblastic leukemia: need
for sensitive, fast, and standardized technologies.
Blood 125, 3996—4009. (doi:10.1182/blood-2015-
03-580027)

Flohr T et al. 2008 Minimal residual disease-directed
risk stratification using real-time quantitative PCR
analysis of immunoglobulin and T-cell receptor
gene rearrangements in the international
multicenter trial AIEOP-BFM ALL 2000 for childhood
acute lymphoblastic leukemia. Leukemia 22,
771-782. (doi:10.1038/leu.2008.5)

Campana D. 2010 Minimal residual disease in acute
lymphoblastic leukemia. Hematol. Am. Soc. Hematol.
Educ. Program 2010, 7—-12. (doi:10.1182/
asheducation-2010.1.7)

Ouzounoglou E, Dionysiou D, Stamatakos GS. 2016
Differentiation resistance through altered
retinoblastoma protein function in acute lymphoblastic
leukemia: in silico modeling of the deregulations in the
G1/S restriction point pathway. BMC Syst. Biol. 10, 23.
(doi:10.1186/512918-016-0264-5)

Panetta JC, Sparreboom A, Pui C-H, Relling MV,
Evans WE. 2010 Modeling mechanisms of in vivo
variability in methotrexate accumulation and folate
pathway inhibition in acute lymphoblastic leukemia
cells. plos comput. biol. 6, €1001019. (doi:10.1371/
journal.pchi.1001019)

(lapp G, Levy D. 2015 A review of mathematical
models for leukemia and lymphoma. Drug Discov.
Today Dis. Models 16, 1—6. (doi:10.1016/j.ddmod.
2014.10.002)

Bucur A, van Leeuwen J, Christodoulou N, Sigdel K,
Argyri K, Koumakis L, Graf N, Stamatakos G. 2016
Workflow-driven clinical decision support for
personalized oncology. BMC Med. Inform. Decis. Mak.
16(Suppl. 2), 87. (doi:10.1186/512911-016-0314-3)

€9109107 :8 Smo4 awppiu  biobuiysigndAiaposiedorsysi E


http://dx.doi.org/10.1016/j.stem.2014.02.006
http://dx.doi.org/10.1016/j.stem.2014.02.006
http://dx.doi.org/10.1634/stemcells.22-6-1111
http://dx.doi.org/10.1634/stemcells.22-6-1111
http://dx.doi.org/10.1111/j.1365-2141.1992.tb08899.x
http://dx.doi.org/10.1111/j.1365-2141.1992.tb08899.x
http://dx.doi.org/10.1046/j.1365-2141.1997.d01-3571.x
https://www.R-project.org/
https://www.R-project.org/
https://www.R-project.org/
http://dx.doi.org/10.1203/PDR.0b013e3182092716
http://dx.doi.org/10.1203/PDR.0b013e3182092716
http://dx.doi.org/10.1203/00006450-199905010-00015
http://dx.doi.org/10.1203/00006450-199905010-00015
http://dx.doi.org/10.18637/jss.v028.i05
http://dx.doi.org/10.18637/jss.v028.i05
http://dx.doi.org/10.1023/A:1010933404324
https://epub.ub.uni-muenchen.de/1769/
https://epub.ub.uni-muenchen.de/1769/
https://epub.ub.uni-muenchen.de/1769/
https://CRAN.R-project.org/package=kknn
https://CRAN.R-project.org/package=kknn
http://dx.doi.org/10.1186/1471-2105-12-322
http://dx.doi.org/10.1186/1471-2105-12-322
http://dx.doi.org/10.1186/1471-2105-9-559
http://dx.doi.org/10.1093/bib/bbp059
http://dx.doi.org/10.1093/bib/bbp059
http://dx.doi.org/10.1186/1471-2105-9-12
http://dx.doi.org/10.1093/bioinformatics/bti638
http://dx.doi.org/10.1093/bib/bbq080
http://dx.doi.org/10.1093/bib/bbq080
http://dx.doi.org/10.1007/s10115-011-0424-2
http://dx.doi.org/10.1007/s10115-011-0424-2
http://dx.doi.org/10.1093/bioinformatics/17.6.520
http://dx.doi.org/10.1093/bioinformatics/17.6.520
http://dx.doi.org/10.1186/1471-2164-13-S7-S26
http://dx.doi.org/10.1186/1471-2164-13-S7-S26
http://dx.doi.org/10.1371/journal.pcbi.1002375
http://dx.doi.org/10.1109/MSP.2011.943037
http://bioconductor.org/packages/release/bioc/html/GSEABase.html
http://bioconductor.org/packages/release/bioc/html/GSEABase.html
http://bioconductor.org/packages/release/bioc/html/GSEABase.html
http://dx.doi.org/10.18637/jss.v064.i04
http://dx.doi.org/10.1182/blood-2015-03-580027
http://dx.doi.org/10.1182/blood-2015-03-580027
http://dx.doi.org/10.1038/leu.2008.5
http://dx.doi.org/10.1182/asheducation-2010.1.7
http://dx.doi.org/10.1182/asheducation-2010.1.7
http://dx.doi.org/10.1186/s12918-016-0264-5
http://dx.doi.org/10.1371/journal.pcbi.1001019
http://dx.doi.org/10.1371/journal.pcbi.1001019
http://dx.doi.org/10.1016/j.ddmod.2014.10.002
http://dx.doi.org/10.1016/j.ddmod.2014.10.002
http://dx.doi.org/10.1186/s12911-016-0314-3

	A study on the predictability of acute lymphoblastic leukaemia response to treatment using a hybrid oncosimulator
	Introduction
	Models and data
	Available data
	The acute lymphoblastic leukaemia Oncosimulator: the mechanistic part of the model
	Machine learning-based aspects of the Hybrid Oncosimulator
	Mechanistic model parameter estimation
	Treatment outcome prediction workflow


	Results and discussion
	Parameter estimation results
	Cross-validation results regarding prednisone response category prediction

	Conclusion
	Ethics
	Data accessibility
	Authors’ contributions
	Competing interests
	Funding
	Acknowledgements
	References


