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Abstract
Generally speaking, approaches for addressing some of the most
important issues in predictive computational oncology concerned with
developing classes of predictive models of tumor growth have been
progressed. The major challenges in tumor growth modeling remain the
following: Model selection, Model parameters, and Observational data,
Algorithms, Results and Actions. This review article focuses the current
understanding recent oncogenesis trend, computational algorithms,
chemoprevention treatment and new drug discovery models on cancer
for further understanding and development.
Keywords: Computational oncology; Predictive models; Tumor
growth; Algorithms; Chemoprevention; New drug discovery
Abbreviations: QoIs: Quantities of Interest; SUV max: Standard
Uptake Value max; CA: Cellular Automaton; GO-ada models: Gene
Ontology ada models; DAG: Differentially-amplified gene; CNV:
Copy Number Variation; COXEN: Coexpression extrapolation; OPAL:
Occam Plausibility Algorithm

Introduction
The best fitting models for predicting key Quantities of
Interest (QoIs) in characterizing and measuring tumor growth are
tremendous issues recently among the enormous number of possible
models covering a huge range of physical and biological events
[1,2]. It could be determined the reasonable values or meaningful
statistical representations of the multitude of parameters that appear
in comprehensive models of tumor growth [3,4]. We could access
observational data both in vitro and in vivo data to inform computational
models [5-11] and at the same time, cope with experimental noise
and inevitable errors in the processes and systems used to collect and
process data. New computational algorithms [12-18] are needed to
cope with stochastic systems, highly-complex geometries, very large
statistical sampling problems, numerical stability, very large scalable
parallel computing requirements, error estimation and control, adaptive
meshing, statistical inversions, image segmentation, classiﬁcation and
registration, and other computational issues. In the previous work the
validity of the model predictions is assessed [19]; the uncertainty of the
predicted QoIs is quantiﬁed [20]; and the model predictions of effective
therapies for controlling or eliminating tumor growth is guided [21].
The determinant such as oncogenic lesions, high or low levels of basal
gene expression and other genotypic traits have been associated to
profiles of increased sensitivity/resistance to specific compounds using
systematic statistical inference and regression methods [22,23,27,3034]. To predict the response of a specific cancer to a therapy is a major
goal in modern oncology that should ultimately lead to a personalized
treatment [10,11,18,35]. The various kinds of computational approaches
have been proposed to predict sensitivity based on genomic features,
while others have used the chemical properties of the drugs to ascertain
their effect. In an effort to integrate these complementary approaches,
many scientists developed machine learning [10,12,13,17,22,24,36,37]
models to predict the response of cancer cell lines to drug treatment.
The implications of many foundations go beyond virtual drug
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screening design potentially thousands of drugs could be probed in
silico [8,10,14,38,39] to systematically test their potential efficacy as
antitumor agents based on their structure, thus providing a computational
framework [1,3,10,13,15,40] to identify new drug repositioning
opportunities as well as ultimately be useful for personalized medicine
by linking the genomic traits of patients to drug sensitivity. Therefore,
ccomputational efficiency is the most important role for machine
learning algorithms to operate logical flow in the system setting. In
this review, computational oncology would be covered the analysis
of data sets containing tens of thousands of features [3,4,6,10,16,
17,22,29,31,33,41,42] but only a few hundred samples is nowadays
routine thus regularized regression approaches such as ridge-regression
[16], lasso [14,16,31,33,41], and elastic-net [16] are popular choices.
In this paper we propose a novel and highly efficient inference method
for fitting regression in accordance with the above mentioned cancer
related reports including statistical regression, computational model,
algorithm, prediction, and their network [2,8,15,18, 19,32,40,43-46].
It is also demonstrated that fully analytical models are introduced
and our method is targeted to the need for valuable tuning parameter
optimization [12,16,19,47] via cross-validation [10,16,33,48] by
employing and reviewing valid methodologies excerpted from recent
published articles. Thus, we suggest approach methods for addressing
some of the most important issues in computational oncology prediction
[4,10,45,47,49-52] through modeling algorithms.

Methods
We have searched thousands of peer papers as well as review papers
about computational oncology prediction model based on hypothesis
[53] and its algorithms, suggested the methods to develop cancer
progress, treatment, targeting, new drug discovery, and personalized
medicine eventually. The data sources included MEDLINE, EMBASE,
PubMed, and the Cochrane Central Register of Controlled Trials
(CENTRAL) till mid of September 2017. We included prospective
series of studies which directly compared the accuracy of modeling and
algorithms. We used modified Forest’s plots to display the sensitivity
and specificity of the relevant articles such as modeling and stepwise
algorithms [54] respectively. Pre-specified subgroup analyses and
sensitivity analysis were conducted in the infrastructure according to
specified segments [55] which is classified in Table 1 and some prespecified subgroup was chosen as representative three cancer groups
and those are analyzed more in details.

Results
The research trend toward cancer prediction model is shown in
Figure 1, which described on statistically iterated regression related
with various kinds of modeling originated from oncology features.
From 2000 to 2017 the number of published papers are increasing
nearly 0.959 in a slope. The relevant articles have been published in the
manner of remarkably increasing in terms of various cancer types since
2009. We can discuss on that an accurately assessing cancer risk in
average- and high-risk individuals and determining cancer prognosis in
patients are crucial to controlling the suffering and death due to cancer
as is shown in Figure 1. Furthermore, cancer prediction models could
be provided an important approach to assessing risk and prognosis by
identifying individuals at high risk facilitating the design and planning
of clinical cancer trials fostering the development of benefit-risk
indices and enabling estimates of the population burden and cost of
cancer. Therefore, computational oncology prediction models also may
aid in the evaluation of cancer treatments and interventions at the lifesustaining point of view.
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Table 1: Various types of cancer prediction model in recent articles.
Cancer type Count Reference
Prediction of pathologic femoral fractures in patients with lung cancer using machine learning algorithms: Comparison of
Lung
140
computed tomography-based radiological features with clinical features versus without clinical features.
Colon
26
PBMDA: A novel and effective path-based computational model for miRNA-disease association prediction.
Epidemiology-based assessment of tumor marker over ordering in breast cancer: an algorithm to examine different
Breast
232
disease conditions.
Predicting prostate tumor location from multi-parametric MRI using Gaussian kernel support vector machines: a
Prostate
85
preliminary study.
GI tract
13
Development of a multicomponent prediction model for acute esophagitis in lung cancer patients receiving chemo-radiotherapy.
Liver
65
Development and validation study of a non-alcoholic fatty liver disease risk scoring model among adults in China.
Skin
20
A Model to Predict the Risk of Keratinocyte Carcinomas
Brain
44
Prediction and Analysis of Key Genes in Glioblastoma Based on Bioinformatics.
Thyroid
11
A Model Using Texture Features to Differentiate the Nature of Thyroid Nodules on Sonography.
An Integrative Scoring System for Survival Prediction Following Umbilical Cord Blood Transplantation in Acute
Blood
120
Leukemia.
A comparison between an ultrasound based prediction model (LR2) and the risk of ovarian malignancy algorithm
Ovary
4
(ROMA) to assess the risk of malignancy in women with an adnexal mass.
Oral cavity 8
Comparison of Elixhauser and Charlson Methods for Predicting Oral Cancer Survival.
Rectal
17
Predicting multi-class responses to preoperative chemoradiotherapy in rectal cancer patients
Kidney
27
Semantic interpretation of robust imaging features for Fuhrman grading of renal carcinoma
Bladder
18
A Radiomics Nomogram for the Preoperative Prediction of Lymph Node Metastasis in Bladder Cancer
Non-Hodg
Hypothesis. The physiological regulation of immunity: differential regulatory contributions of peripheral and central
kinsche
3
lymphon compartments.
Lymphon

Figure 1: Paper analysis concerned on computational oncology prediction models.

Management algorithms for patients with suspicious
metastatic lesions
Many prognostic factors from oncology features and its network
have been identified in previous published literatures [6,9,29,44,46,5659]. From the view of tumor cell metabolic capacity, high standard
uptake value (SUV max) of the tumor area may be related to poor
survival among cancer stage I to III disease [29,46]. All clinic
pathologic factors including path-histologic characteristics of cell type,
lymph node involvement, and postoperative treatment analyze the
effects on disease and overall survival. It is also attempted to analyze
further the relationship between predictive survival model and disease
relapse. The aim of this review article was not only to establish an
optimized model for system indeed from predictive survival models for
disease or overall survival in cancer patients who presented as resect
able disease but also to develop a reference for follow-up model tool
selection. If suspicious palpable subcutaneous lesions or abnormal
image findings were encountered in the physical examination further

workup was warranted. Tissue proofing for these lesions was mandatory
wherever feasible. If biopsy data confirmed metastases correlated to the
previous specific cancer disease relapse was identified. If biopsy result
showed negative close surveillance was recommended at previously
time period intervals. If imaging results showed progressive change
in the serial follow up repeat biopsy was warranted. For patients with
suspicious lesions where tissue proofing was not feasible diagnosis
confirmation could only reached through extensive discussion. The
management algorithm [46] is summarized in Fig.2 in an accordance
with an explanation described above.

Construction of Mathematical Models of Tumor
Growth
Various kinds of modeling types have been reported on the model
of the tumor mass as a growing hyperpelastic material [60] that enforce
a multiplicative decomposition of the deformation gradient to study the
role of anisotropic tumor growth on the evolution and spatial distribution
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Figure 2: Management algorithm for patients with suspicious metastatic lesions.

Figure 3: A comparison of the tumor spheroid evolution between the proposed mathematical models, considering zero body forces, and the
experimental data corresponding to a human colon adenocarcinoma cell line (LS174T) in free suspension. From left to right and top to bottom
tumor stages are represented in sequential order for days and 30 of growth, respectively.
of stresses. Specifically, the previously mentioned models exploit radial
symmetry and analyze the response of circumferential and radial stresses
to degree of anisotropy, geometry of the tumor mass (cylindrical versus
spherical shape), and different tumor types (in terms of mechanical
properties). Several attempts also have been made to model and predict
malignant tumor behavior and also to account for immune system
response and the impact of possible clinical treatments. Construction of
mathematical modeling could be started from a macroscopic perspective
and developed towards cell-based approaches from cellular automaton
(CA) models as an example [61]. Some is known about coupled stationary
bioheat transfer equations for the integration of analytical and numerical
strategies to investigate the thermal distribution of cancerous breasts are
considered for the glandular and heterogeneous tumor regions, which
are characterized by different thermophysical properties [62]. The other
cross-section of the cancerous breast is identified by a homogeneous
glandular tissue that surrounds the heterogeneous tumor tissue, which

is assumed to be a two-phase periodic composite with non-overlapping
circular inclusions and a square lattice distribution, wherein the
constituents exhibit isotropic thermal conductivity behavior. Asymptotic
periodic homogenization method is used to find the effective properties
in the heterogeneous region. The tissue effective thermal conductivities
are computed analytically and then used in the homogenized model,
which is solved numerically. In Fig. 3 two mathematical models
are proposed to investigate tumor growth within the framework of
continuum mechanics. In particular, the tumor is modeled as an ideal
saturated mixture, where the mechanical description is based on both the
mixtures theory and the notion of multiple natural configurations. The
mixture is considered as a porous material composed by a hyperelastic
compressible solid and an incompressible viscous fluid [63]. In addition,
the growth of a tumor considered as a single hyperelastic solid material
is also studied as a particular case. Then a general mathematical model
is formulated using particular constitutive laws for each component
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involved. The resulting constitutive equation is used to describe the
isotropic inhomogeneous growth of an encapsulated spherical solid
tumor. During that process the mixture is assumed to be isothermal.
Furthermore, growth is understood as a change in the body mass of the
constituents supplemented with diffusion of nutrients. The mechanical
modulation of growth by body forces is then illustrated and analyzed
by means of computer numerical simulations. To that end, the material
parameter values considered were taken from experimental data and
model results describe realistic tumor growth dynamics. It is developed
that a theoretical framework in the context of continuum mechanics
to investigate the anisotropic growth of avascular tumor spheroids. To
that end a specific anisotropic growth deformation tensor is considered,
which also describes an isotropic growth law as a particular case.
Mixtures theory and the notion of multiple natural configurations
are then used to formulate a mathematical model of avascular tumor
growth. More precisely, mass, momentum balance and nutrients
diffusion equations are derived, where solid tumors are assumed
as hyperelastic and compressible materials. Moreover, mechanical
interactions with a rigid extracellular matrix (ECM) are considered and
the mechanical modulation of growing tumors in a rigid surrounding
tissue is investigated by means of numerical simulations. Finally, the
model results are compared with experimental data previously reported
in the literature [64]. However, we want to emphasize that, at present,
our results from the above different simulation approach methods of
tumor growth are not generalizable but could be optimized after further
studies of mandatory external validation.

Scheme of the e-Tumor Type algorithm: GO-ada
models
An average number of GO-ada models for a given sample, the
numbers of GO-ada models favoring each cancer type prediction were

Integr Canc Biol Res 2017; 1:008

2
constructed as a matrix based on all the 12 × C18
models and then
the vector of average number of GO-ada models was created as shown
in Fig. 4. The cancer-type centroid matrix was built as a next step by
collecting the centroid vector of average number of GO-ada models for
all the 18 possible cancer types (the rows of the matrix) on each cancer
type (the column of the matrix) data of the training set. The centroidbased prediction for a given new sample, the vector of the average
number of GO-ada models favoring each cancer type prediction was
calculated and then used for evaluating its correlations with the centroid
vector of each cancer type (column of the cancer-type centroid matrix).
The correlation coefficients were ranked and the 3 top-ranked cancer
types were selected as the final prediction. The same procedure as the
centroid-based prediction was performed as leading pattern-weighted
prediction except that the weighted correlation replaced the simple
correlation. The principal of pair-wise GO-ada model [7,65] was well
understood and the CNV profiles (rows for genes and columns for
samples) for cancer type 1 (cancer 1) and cancer type 2 (cancer 2) were
used to select significant DAGs (differentially-amplified gene). The
selected DAGs associated with six cancer hallmarks as annotated with
GO terms were retained and 12 GO sets were selected and input into
ada R package to build GO-ada models (Figure 4). Finally performed
the GO-ada model and it was operated to get results, which could be
illustrated fully for system feasibility.

The COXEN algorithm
The use of patient-specific data in drug and dose selection is
becoming an increasingly important component in cancer therapy.
Basing drug choice on molecular aspects of the tumor is consistent
with the identification of cancer as a molecular disease or diseases,
even within the same histological type and its treatment specific to the
background from which it arose and exists. Multiple examples exist

Figure 4: e -Tumor Type, An Algorithm of Discriminating Cancer Types for Circulating Tumor Cells or Cell-free DNAs in Blood, Genomics
Proteomics Bioinformatics. 2017 Apr; 15(2):130-140.
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of single-gene mutations and over- or under expression that convey
either sensitivity or resistance to a given agent. The picture that
global gene expression in a cancer presents regarding drug sensitivity
or resistance would be influenced on tumor growth. Coexpression
extrapolation (COXEN) [38] is a good methodology that acts as a
Rosetta stone between patterns of gene expression that correlate to drug
responses in vitro and those in tumors of untreated patients to predict
chemosensitivity in such tumors even to drugs that are not specifically
indicated for that histotype. Further applications of COXEN in new
drug discovery would be allowed for in silico screens correlating drug
response and gene expression in a genetically diverse cell panel to gene
expression patterns in a target tumor with the potential for identifying
and repurposing compounds. Here we discuss how COXEN is being
developed and tested for an application in drug selection, repositioning,
and repurposing in oncology. The COXEN algorithm [14,28,38,39] is
consists of three main steps with identification of profile signature,
construction of prediction model, and validation of prediction model as
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shown in Figure 5. More in details, the COXEN algorithm is composed
of six distinct steps. The end result is what we term the “COXEN
Score,” which reflects the predicted sensitivity of a particular cell line
or human tumor to the specific drug being evaluated by the algorithm.
Generically, the steps for prediction of a drug’s activity in cells
belonging to some Set 2 on the basis of its activity pattern in different
cells of some Set 1 are as follows: Step 1. Experimentally determine
the drug’s pattern of activity in cells of Set 1; Step 2. Experimentally
measure molecular characteristics of the cells in Set 1; Step 3. Select a
subset of those molecular characteristics that most accurately predicts
the drug’s activity in cell Set 1 (“chemo sensitivity signature” selection);
Step 4. Experimentally measure the same molecular characteristics of
the cells in Set 2; Step 5. Among the molecular characteristics selected
in step 3, identify a subset that shows a strong pattern of “co-expression
extrapolation” between cell Sets 1 and 2; Step 6. Use a multivariate
algorithm to predict the drug’s activity in Set 2 cells on the basis of the
drug’s activity pattern in Set 1 and the molecular characteristics of Set

Figure 5: Schematic plot of the COXEN algorithm and associated data sets.

Figure 6: The Occam Plausibility Algorithm OPAL.
Citation: Kim H. Computational Oncology Prediction Model Algorithm. Integr Canc Biol Res 2017; 1:008.
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Figure 7A: Computational oncology prediction model algorithm trend in journals; 7B. The paper trend from representative three kinds of cancer
such as lung, breast, and blood; 7C. Forest plot from the closest articles based on three cancers in Figure 7B.
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2 selected in step 5. The output of the multivariate analysis is a COXEN
Score. Generated COXEN scores were used for biomarker selection.
The resultant COXEN scores from the single drug prediction modeling
served as the input data to create a prediction model for combination
therapy. In addition to it, COXEN uses genetic data to compare a
patient’s tumor to cells with known drug response profiles. Physicians
can use that information to tailored medicine therapy for each patients.
This approach to cancer treatment is an example of personalized
medicine. Application and performance characteristics of the COXEN
algorithm for prediction of drug sensitivity should have taken into
account. Furthermore, it could be used for cancer drug discovery based
on a strategy for predicting the chemo sensitivity of human cancers as
its application. In summary, the COXEN algorithm shows promise as a
means to use genomic information as a universal language to translate
drug sensitivity biomarkers between cell line and tumor platforms.

The Occam Plausibility Algorithm OPAL
The Occam Plausibility Algorithm OPAL [4,66,67] is a process
for the systematic selection and validation of models in a given data
set, given calibration observational data and validation data. Brieﬂy
stated, OPAL consists of the following steps. All of these steps (Figure
6) are designed to cope with uncertainties in the choice of model,
the model parameters, the observational data, and the target QoIs, all
uncertainties generally characterized by probability densities. One
of the principal sources of uncertainty in computer predictions of
physical events is these lection of the mathematical model used as
a basis for the prediction. For any model selected, there remains the
critical question of whether the model can be judged to be valid for
the purpose of predicting key quantities of interest. An experimental
validation scenario is constructed yielding validation observational
data and the most plausible model in Category1 is used to compute a
prediction of the observables if the difference between the observables
and the prediction measured in an appropriate metric or pseudo-metric
is within a preset tolerance γtol the model is deemed “valid.” If not, one
returns to Step3 and repeats the process for the next category of models
until a valid model is found. If no models of any category are deemed
valid, one returns to Step1 and enlarges the set of possible model
classes and then proceeds with the steps listed above. Upon identifying
a valid model, the forward problem is solved in the prediction scenario
and the original QoI is computed, completing the prediction process.

Computational oncology prediction model algorithm
It has been little known about computationally efficient model
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averaging and applications to pharmacogenomics prediction of
cancer cell line sensitivity, which has been reported since 2001 as is
shown inside Figure 7A. Hence, prediction errors in machine learning
algorithms and its accuracy have been greatly concerned from 2009 for
algorithm and 2011 for computation, respectively as shown in Figure 7A
- major frame. In addition to it, more in depth analysis on trend focusing
recent articles described about various kinds of cancers have been taken
into consideration and presented in Table 1. The representative three
kinds of cancer such as lung, breast, and blood were selected based on
statistical data collection and those were intimately observed in Figure
7B. According to modified Forest’s plot the closest relevant papers
were estimated with weighing vale as shown in Figure 7C for providing
information of high mortality caused by cancer.
On the other hands, the analysis and interpretation of highdimensional omics data with widespread availability of omics
profiling techniques, for an example, especially for biomarkers is
becoming an increasingly important part of clinical medicine because
such datasets constitute a promising resource for predicting survival
outcomes. However, early experience has shown that biomarkers often
generalize poorly. Thus, it is crucial that models are not over fitted and
give accurate results with new data. In addition, reliable detection of
multivariate biomarkers with high predictive power (feature selection)
is of particular interest in clinical settings. In all datasets, more reliable
estimation of predictive power for unseen cases and better predictive
performance compared to the standard Cox Lasso model in Figure 8.
Taken together, presented a comprehensive and flexible framework
for survival models including performance estimation, final feature
selection, and final model construction.

Cancer metastasis cell survival regulation networks and
the prediction of progression patterns
The cancer metastasis network for colon cancer (chosen as a
representative example) and the dynamics of its links are shown in
Figure 9. The temporal sequence of additional metastases are predicted
using the cancer metastasis networks. Furthermore, identifying relevant
signatures for clinical patient outcome is a fundamental task in highthroughput studies which signatures, composed of features such as
mRNAs, miRNAs, SNPs or other molecular variables, are often
non-overlapping, even though they have been identified from similar
experiments considering samples with the same type of disease. The
lack of a consensus is mostly due to the fact that sample sizes are
far smaller than the numbers of candidate features to be considered,
and therefore signature selection suffers from large variation. It was

Figure 8: Flow chart of the experimental setup, starting from the input ROIs to the predicted patient class yi or hazard hi(t).
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proposed that a robust signature selection method that enhances the
selection stability of penalized regression algorithms for predicting
survival risk. Some method is based on an aggregation of multiple,
possibly unstable, signatures obtained with the preconditioned
lasso algorithm applied to random (internal) subsamples of a given
cohort data, where the aggregated signature is shrunken by a simple
thresholding strategy. The resulting method, RS-PL, is conceptually
simple and easy to apply, relying on parameters automatically tuned
by cross validation. Robust signature selection using RS-PL operates
within an (external) subsampling framework to estimate the selection
probabilities of features in multiple trials of RS-PL as shown in Fig
10. These probabilities are used for identifying reliable features to be
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included in a signature. Their method was evaluated on microarray
data sets from neuroblastoma, lung adenocarcinoma, and breast cancer
patients, extracting robust and relevant signatures for predicting
survival risk. Signatures obtained by their method achieved high
prediction performance and robustness, consistently over the three data
sets. Besides that genes with high selection probability in our robust
signatures have been reported as cancer-relevant (Figure 11). The
ordering of predictor coefficients associated with signatures was wellpreserved across multiple trials of RS-PL, demonstrating the capability
of their method for identifying a transferable consensus signature.
More in depth the workflow of the pathway-based genomic model was
investigated.

Figure 9: Logic-based models of the core network regulating invasive phenotypes in colon cancer. The black and red lines represent the type of
interactions (i.e., activation and inhibition) among the interacting components.

Figure 10: Robust Selection with Preconditioned Lasso (RS-PL).
Citation: Kim H. Computational Oncology Prediction Model Algorithm. Integr Canc Biol Res 2017; 1:008.
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Figure 11: Predictivity analysis of selected models (red points) and all models in the parameter grid search (grayscale density) vs Confusion matrix
of grade labeling on outer cross-validation.

Framework for making better predictions
It is proposed that approaching prediction from a framework
grounded in the theoretical correct prediction rate of a variable set as
a parameter of interest. This framework allows us to define a measure
of predictivity that enables assessing variable sets for preferably high
predictivity. Firstly defined the prediction rate for a variable set and
consider and ultimately reject the naive estimator, a statistic based on
the observed sample data due to its inflated bias for moderate sample
size and its sensitivity to noisy useless variables. It is demonstrated
that the I -score of the PR method of VS yields a relatively unbiased
estimate of a parameter that is not sensitive to noisy variables and is a
lower bound to the parameter of interest. Thus, the PR method using the
I -score provides an effective approach to selecting highly predictive

variables. It is offered simulations and an application of the I -score
on real data to demonstrate the statistic’s predictive performance on
sample data. There is conjecture that can aid in finding variable sets
with promising prediction rates using the partition retention and I -score
however, further research in the avenue of sample-based measures of
predictivity is much desired [68,69].

Directly estimating variables’ predictivity
Good prediction is playing an important role especially in the
context of big data. It is common that strategic approaches to prediction
include a significance-based criterion for evaluating variables to use
in models and evaluating variables and models simultaneously for
prediction using cross-validation or independent test data. The first
approach can lead to choosing less-predictive variables because
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significance does not imply predictivity. The second approach can be
improved through considering a variable’s predictivity as a parameter
to be estimated. Therefore, literatures are currently lack of measure
to do proceed this prediction. We suggest a measure that evaluates
variables’ abilities to predict, the I-score [68]. The I - score is effective
in differentiating between noisy and predictive variables in big data and
can be related to a lower bound for the correct prediction rate.

Lemma 1
For K real values {zj; 1 ≤ i ≤ K},
have

∑

k
j=1

Z2j

a 2 + b2
≤
2

∑

k
j=1

Z j= a

and ∑ K j=1 |z j |=b, we

[1]

In the case of zj = (P(j|d) − P(j|u)) for j ∈ Πx, we have a = 0.
It then follows that
k

∑

k

∑ [P(j||d) − P(j||u)]

2
[P(j||d) − P(j||u)]2 ≤
1 1=
1
Theorem
1

1

Under the assumptions that n d →λ, a value strictly between 0 and
n
1, and π(d) = π(u) = 1/2, then
lim n →∞

2
n I = λ 2 (1 − λ ) 2 [P(j||d) − P(j||u)]2
II
[2]
n

S

where = P indicates that the left-hand side converges in probability
2
to the right-hand side and S n =ndnu/n2
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The goal of more correct prediction is to ﬁnd highly predictive
variables and variable sets for some outcome and a natural approach
is to ﬁnd methods that maximize theoretically correct prediction rates
and minimize error rates, or making incorrect predictions [69]. The
above described lemma 1 and theorem 1 equations are derived fully
and mathematical proof of both aforementioned formulae used in this
work is shown in Appendix.

Target Inhibition Networks: TIMMA model construction
and prediction pipeline
A recent trend in drug development is to identify drug combinations
or multi-target agents that effectively modify multiple nodes of diseaseassociated networks. Such poly-pharmacological effects may reduce
the risk of emerging drug resistance by means of attacking the disease
networks through synergistic and synthetic lethal interactions. However,
systematic approaches are needed for prioritizing the most potent multitarget alternatives on a global network level due to the exponentially
increasing number of potential drug and target combinations. We took
into an account about functional systems of pharmacology approach
toward the identification of selective target combinations for specific
cancer cells by combining large-scale screening data on drug treatment
efficacies and drug-target binding affinities. One of model-based
prediction approaches named TIMMA [8,70] takes advantage of the
poly-pharmacological effects of drugs and infers combinatorial drug
efficacies through system-level target inhibition networks. It was
proposed that approaching prediction from a framework was grounded
in the theoretical correct prediction rate of a variable set as a parameter

Figure 12: TIMMA model construction and prediction pipeline, with an illustrative toy example case.
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Kim.

Volume 1, Issue 2

of interest. This framework allows us to define a measure of predictivity
that enables assessing variable sets for preferably high predictivity.
TMMA construction and prediction pipeline are illustrated, which are
as following; Firstly, the input data consist of the drug-target interaction
profiles and the single-drug treatment efficacies; Secondly, the identified
subset of targets and the drug efficacy patterns in the given cancer type;
Thirdly, the predicted efficacy matrix for the cancer cell-specific target
set; Fourthly, the based on the predicted efficacies, synergy scores
are calculated for pairs of targets and the corresponding drug pairs;
Fifthly, a visualization of the target inhibition network as shown in
Figure 12. For parameters to be tuning the TIMMA algorithm, once
the input data is prepared and used. A rich set of data preprocessing
functions for the drug-target interactions and the drug sensitivities are
covered. The R scripts provided in the supplementary material include
downloading the literature raw data, banalization/multi-classiﬁcation
and drug sensitivity analysis using the R package and in addition to
other data preprocessing functions. These studies should provide very
helpful guidelines on the cancer drug-target interaction data processing,
the drug sensitivity scoring and the drug combination predictions. In
summary, this work is focused to the current understanding recent
oncogenesis trend, computational algorithms, chemoprevention and
new drug discovery models for cancer for further understanding and
development. The present investigation exhibits highly scientific results
in the field of computer methods in biomechanics and biomedical
engineering.

Conclusion and Perspective
We found that the proposed computational oncology predictive
modeling systems selected from the previously published researches
would be trained with life-sustaining treatments in combination of
cancer drugs based on clinical features which had superior predictive
power for various pathologic infra structures in cancer patients.
We believe that machine learning algorithms may be useful in the
prediction of tumor growth, cancer treatment, their network, oncogenic
personalized medicine, which are multifactorial focusing problems.
Therefore, the created pilot algorithm of predictive/prognostic model
could be suitable for cancer patient survival prediction. The observed
models may help clinicians to guide treatments in the adjuvant setting
for computational oncology prediction algorithm.
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Appendix

Notations
] for 1 ≤ n and 1 ≤ k 〔

We use the definition of T(n, k) = 〔

] = row(n), and S(n, k)

= T(n, k) - T(n, k + 1) from A237591 and A237593, respectively. Observe that T (n, 1) = n.
Lemma
Let n, i, p ∈ ℕ where i ≥ 1 and p ≥ 3. Equivalent are:
(1)

(2)

n = 2i-1 ⨯ p2 , where 2i < p and p is a prime.

(i)

2i < p ≤ row (n) <

(ii)

T (n, 2i) = T (n - 1, 2i) + 1,

(iii)

T(n, p) = T(n - 1, p) + 1,

(iv)

for all k ≠ 2i, p with 1 < k ≤ row(n), T(n, k) = T(n - 1, k),

(v)

T (n, 1) – T (n, 2i ) = ⨯ (2i -1) ⨯ (p 2 +1).

2 x p ≤ 2i ⨯ p,

Theorem
The symmetric representation of σ (n) consists of three regions of width 1 where the two extremal regions each
have 2k -1 legs and the central region starts with the p-th leg of the associated Dyck path for σ (n) precisely
when n = 2k-1⨯ p2 where n, k, p ∈ ℕ, k ≥ 1, p ≥ 3 is a prime, and 2k < p ≤ row (n). Furthermore, the areas of
the two outer regions are ⨯ (2k -1) ⨯ (p 2 +1) each so that the area of the central region is (2k -1) ⨯ p.

Proof of Lemma “(1) ⇒ (2)”

Properties (2.i), (2.ii), (2.iii) and (2.v) are easily established by direct computations.
(2.iv)

For any 1 < k ≤ row (n), let n = q ⨯ k + d with q, k, d ∈ ℕ and 0 ≤ d < k.

If k is odd and k ≠ p, then k does not divide n so that 0 < d < k, i.e., T(n, k) = T(n - 1, k).
If k is even and k ≠ 2i, then the three cases 0 < d < ,
and d =

<d<k

need to be considered. The first two follow from direct computations; when d =

then 2 ⨯ n = 2i ⨯p 2

= (2⨯q + 1) ⨯ k so that k = 2i, 2i ⨯ p or 2i ⨯ p2. The first possibility contradicts the assumption on k, and the other

two cannot occur since by condition (2.i)
k ≤ row(n) <

x p ≤ 2i ⨯ p ≤ 2i ⨯ p < 2 i ⨯ p2.
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This establishes T (n, k) = T (n - 1, k) for all k ≠ 2i, p with 1 < k ≤ row (n).
Proof of Lemma “(2) ⇒ (1)”

First, observe that assumption (2.i) insures that T (n, 2 i) and T (n, p) are well defined. Suppose that n = q
⨯ 2i-1 + d with q, d ∈ ℕ and 0 ≤ d < 2i-1. From assumption (2.ii) we get:

T (n, 2i) = 〔

]=〔

T (n-1, 2i) = 〔

]=〔

so that〔

] =〔

If q is odd, then 〔
If q is even, then
Therefore,
If

]-

]-

]+1

]=〔

] + 1, so that d=0.

+〔

]=

+〔

] + 1 requires d=

, a contradiction.

is a divisor of n.

divides n, say n= z x

T (n, 2i) = 〔

for some z ∈ ℕ, then

]=z-

T (n-1, 2i) = 〔

+〔

]=z-

+〔

]=z]=z-

which contradicts (2.ii) so that 2 i-1 is the largest power of two dividing n. Similarly, let n = a ⨯ p + b with

a, b ∈ ℕ and 0 ≤ b < p for an odd number p. Then the expressions
T(n, p) =〔

]=a-

]=a-

T(n-1, p) =〔
=

imply with (2.iii) that

+ 1 so that b = 0. Therefore, p is a divisor of n. If n has a prime divisor

k ≤ row(n) with k ≠ p then assumption (2.iv), T(n, k) = T(n - 1, k), implies

=

which is a

contradiction. Therefore, p is the only odd divisor less than row (n) and is a prime. Finally suppose that n
= s ⨯ p ⨯ 2 i-1 with 1 < s ∈ ℕ. Then we get:

T (n, 1) – T (n, 2 i) = s x p x 2 i-1 -〔
= s x p x 2 i-1

+ 2 i-1

]

]=

=

.

In other words, s = p, and n = 2 i-1⨯ p2
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Proof of Theorem
The lengths of the segments in the symmetric Dyck paths that bound the first half of the symmetric representation of
σ (n) are given by:
S(n, k) = T(n, k) - T(n, k + 1) for 1 ≤ n and 1 ≤ k ≤ row(n).
The three conditions (2.ii), (2.iii) & (2.iv) together with T (n, 1) = n and 2i < p from condition (2.i) imply that the
first region has width 1 and continues through S (n, 2i -1) and that the second region starts with leg S (n, p),
continues through the diagonal and also has width 1.
The difference T (n, 1) – T (n, 2i) equals the area of the first region so that the area of the central region is (2k -1) ⨯
p.
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