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plicaﬁons of Mathematical Modeling

Computational oncology and PK/PD relationships
(top-down)
» Efficacy end points
* Toxicity end points
° * Drug-drug interactions
D ru g d eve I O p me nt e * Biodistribution and drug delivery
C * Adaptive dosing
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Optimal-Control (Example: HIV Dosing Regimens)

-—. l"'.
v’ ..-. "
Host ceII

Ny  _ Host cell
lSOUfCG -1 ,.‘ \ s— Matrix protein

host cell memh

- it . xs HIV fusion with , QJ

CD4+T Cells | Vi dTa(t)  _ (o rTa() Vi(1)
(Susceptible) dt e R
—  ky (1 —Eg7) (r+ ) Ta(t) Vi(t) N L %PY
\ e — yiTa(t) ‘.}ﬁr}f“"’cme
1=(r+o)(1—Err)ky x t . ? - N
oreceptor
¥ CXCRY,CCR5 W
Infected Cells . . CD4 Receptor —4 - IyDNA
carrying c ‘
Integrated di(t)  _ ky (1 —Egr7) (r+ ) Tg(t) Vi(t) , Host cell
HIV (Infected) dt ) membrane
—  (v2+ ke) Ti(t) e
igration to
A2 =vy2(1—Ep)N(1—=1) ~ cell surface
¥ gl . ’ )
Infectious Cells o !%' New virus 2 HIV DNA |
dVi(t protem o integrates
(Viral Load) T = (=N = D)Ti(1) — Vi (1), 8 - g

°® with host DNA J

S 2 ) : ®e
§ T\ f(/ ' "., g .» J “
== Virus . " RNA
y A assembly New vural / Host
> RNA DNA

Y

-~

“ Cniversity of Washington

N’



\
_ </
ptimal Control (Example:
« Standard Therapy
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HIV Dosing Regimens)
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1Data

( Cancer Analysis
ast Cancer Patient Demographi
Breast C. o Patient ) g Patient
an o

e 1Data creates a Structured
Environment for Animal Data and
Simulation (SEADS), a key enabling
technology for regional translational
medicine efforts.

« SEADS brings together pre-clinical
human and animal health data to
develop, collect, and disseminate
information to improve the quality of
human and animal health.

« 1Data is the result of a unique
partnership formed between K-State
and UMKC. Other organizations
also are part of this effort, including
Children's Mercy Hospital, KUMED,
Cerner, Aratana, MRIGlobal,
KCALSI, St. Luke's Health System
and many others.
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Vision

The platform can be used by
researchers, industry, health
providers and community
organizations to impact the
drugs and technology available
to help save lives and improve

guality of life. 1Data allows for
mining of shared data that can:

* Accelerate the development of
human and animal drugs

« Enhance the regulatory
approval process

 Decrease the use of animal
testing
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Relational Structure

Original Scattered Databases Format unification with
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1Data Databank
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Relational Structure Adding in missing data from:

Original Scattered Databases Format unification with 1. NeW.Data
partial conections 2. Predicted Data

Local Vet Clinic Local Vet Clinic
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Predictive Modeling of the PubChem Bioassay Database

* 28 chemicals common in Lyie BELSF
the inhibition of the

ADAM family of
proteases, an enzyme
responsible for
amplification of HER2

signal, present in 20-30%
of breast cancer patients.
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Predictive Modeling of the PubChem Bioassay Database
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Predictive Modeling of the PubChem Bioassay Database
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Predictive models for
survivability and adverse
drug reactions




Breast Cancer Patient Demographics

Breast Cancer Phenotypic Data

Patient age

Patient weight (kg) B
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Recommender Systems
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Background

According to global cancer statistics for 2018 (GLOBOCAN)
there is an estimation of 9.6 million death records due to
cancer in 2018.

Lung cancer has been seen as the leading cancer among
both men and women. In the second place, breast cancer is
the major cancer among all type of cancers and is the first
deadliest cancer between women in US.

Breast cancer does not target only females as nearly 2000
male cases were diagnosed between 2003 and 2008.

Detecting the risk level associated with the patient can help
the treatment procedure as risky patients could be monitored
more.




Goal

 To increase the accuracy of expert’s
opinion to reduce wrong decisions
which In cases could be fatal. G5

CMM ISearchllDE¥mcans59)

"I knew it was a rash decision, but | went with it
anyway."




Background

R TIEICIAL * Machine learning is a subset of
INTELLIGENCE artificial intelligence (Al) where

MACHINE data is used to make decisions.
LEARNING

&  DEEP
s 0¢ LEARNING

1950's 1960's 1970's 1980's 1990s 2000s 2010

Pic Credit: Linked IN | Machine Learning vs Deep Learning
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Background

Process (1): Model Construction
/Y\i = f(XilixiZ' ""Xim)

- Classification
o / Algorithms
ainin ..
an g l * Decision Tree
ata
« SVM
/ \ . Bayes Models
NAME|RANK EARS|TENURED Classifier * Neural Networks
Mike |AssistantProf | 3 no (Model) « Logistic Regression
Mary |Assistant Prof 7 yes .
Bill Professor 2 yes
Jim |Associate Prof| 7 yes IF rank = ‘professor’
Rave ﬁs&stgntt PProff g no OR years > 6
nne ssc\>cnae ro } no THEN tenured = “yes’

f
feature response




Background

Process (1): Model Construction

Classification
/ Algorithms -
Testing

Data

Training
Data

e

NAVE[RANKINIVERRSITENGRED] | o~ -y

Mike [Assistant Prof 3
Mary |Assistant Prof 7 yes
Bill Professor 2 yes
7
6
3

Evaluation

Jim Associate Prof
Dave |Assistant Prof
Anne |Associate Prof

IF rank = “professor’
OR years > 6
THEN tenured = ‘yes’




Confusion Matrix

Predicted
+ —

Actual

Precision = False omission rate Accuracy
FN/. (TP+TN)(®+@)
FDR  Negative predictive value F4 score

e/l ™G 2TP/(2TP + FP + FN)




openkFDA

receivedate from 1989-12-07 to 2018-06-30

Product
Drug Variable

patient.drug.cpenfda.generic_name -

Product Summary

Table Dotchart Piechart

Serious Case Counts Code %
5 Lawyer 3,725 4 1.4%
4 Pharmacist 21,303 2 7.7%
3 Other Health Professional 55,080 3 2a.8%
2 Physician 758,296 1 28.4%
1 Consumer or non-health... 116,818 5 42.4%

Adverse Events and Concomitant Medications

Evenis Concomitant Medications Indicaticns Data Reference About

Other Apps
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Case Counts %
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Dataset

« FAERS (FDA Adverse
Event Report System,
2004-2018)

 FDA CVM Adverse
Drug Experience
(ADE) Reports
(Between 1987 And
April 30, 2013)




Patient

X1

X2
X3

Drug

doce

faslc

Arim

Data cleaning is >80% of the job

ation

Dataset

FAERS (FDA Adverse Event Report
System) dataset contains:
« Patient info: patient id, age, gender,
weight, country,...
« Drug info: name, id, sequence,
dosage, company,...
* Visit info: visit id
* Outcomes: death, hospitalization, life-

threating, disability, other serious
Issues,..




Histogram of weight
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Histogram of age
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Dataset

Histograms of ages, weights, and genders of patients




Frequency

white blood cell count decreased |
malaise |
anaemia
asthenia
arthralgia
dehydration
pain
neutropenia
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vomiting
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fatigue
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diarrhoea
no reaction |
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Predictive models — survivability

Predictive models have used features as:

> Age (numeric)

> Gender (categorical)

> Weight (numeric)

° Prescribed drugs (categorical)

> Qutcomes (categorical) (In survivability model is fixed)
> Death record is the response :0 or 1




Predictive models - survivability

Predictive models do not work with strings (like reaction “nausea”).

The strings need to be represented by numbers. However, this simply makes confusion in predictive
models.

Therefore, we have further treated the categorical features as binary features. For example, a feature such
as disease with thousands of records, has been broken into pieces like:

° cancer-yes, cancer-no, osteopenia-yes, osteopenia-no,...
o Advantage: Easy to understand
> Disadvantage: Higher memory usage, large matrix
Other approaches: Feature hashing, high/less importance categories, hybrid models...
o Advantage: Less memory usage

> Disadvantage: Hard to understand

This makes a huge matrix with many columns (computationally columns are more complex than rows!)
° |t has increased the number of columns from 13 to 617



Predictive models - survivability

 Predictive model for Breast cancer (male & female):

« ADecision Tree has been trained on 90% of all available data. 10% of the
records have been reserved for evaluation of the model. (for all stages)

* The predictive model acquires 95.6% accuracy with confusion matrix:

_

No death Death
No death 2240 86
Death 25 226

* This means that, in the testing dataset (2577 records), the model correctly
predicted 2240 records in no-death group and 226 records in death group.
However, the model has misclassified 86 records in death group (while they
are not actually in death group) and 25 records in no-death group (while they
are actually in death group).




Predictive models - survivability

Random Forest Simplified

* Predictive mod

Instance
* Random fore e ey e ita. 10% of the
andom Forest L |
records have e / _. )0 trees, class-
weight-balanc <~ = _
 The predictive «  as, N o _om»_ on matrix:
... UN.0.U.C) . .. B.(B.
000000 SOOO G0'dO 0000 00'00 _
Tree-1 Tree-2 Tree-n
No death Class-A C‘la}ss-B Class-B
Death { Majority-Voting |

Final-Class

 This means tf nodel correctly
predicted 2256 records In no-death group and 226 records in death group.

However, the model has misclassified 70 records in death group (while they
are not actually in death group) and 25 records in no-death group (while they

are actually in death group).



Predictive models - survivability

Model Evaluation

F1

= Decision Tree Random Forest




Correlation Analysis

 Correlation analysis on patients having breast cancer (stage 1):

 Using data mining approaches, a correlation of records with serious
outcomes (no death reqorcg and drugs, weight, gender, age, and
reactions has been obtained.
* Drugs:
» Drug Aromasin has the highest correlation (58%)

« Aromasin has been repeated 2 times in total(20) and only to patients with serious
issues.

» Arimidex has been repeated 3 times in patients with serious issues.
» Drug Herceptin has the lowest correlation (-21%).
» Herceptin has been repeated 3 times only with patients with no serious issue.

« Reactions:
« “trigeminal neuralgia” has the highest correlation (40%)
« “palpitations” has the least correlation (-17%).

. Ag? f):md weight have -7% and -35% correlation and gender is NAN (no
male).




Correlation Analysis

 Correlation analysis on patients having breast cancer (stage 2):

 Using data mining approaches, a correlation of records with serious
outcomes (no death reqorcg and drugs, weight, gender, age, and
reactions has been obtained.
* Drugs:
« Drug trastuzumab emtansine has the highest correlation (44%)

« Trastuzumab emtansine has been repeated 4 times only with patients with serious
issues.

» Arimidex has the lowest correlation (-24%).

» Arimidex has been repeated 29 times in 74 reports and 27 of those times have been
for patients with no serious issues.

 Reactions:
* “neutrophil count decreased” has the highest correlation (44%)
« “arthralgia” has the least correlation (-11%).

. Ag? f):md weight have -2% and 33% correlation and gender is NAN (no
male).




Correlation Analysis

 Correlation analysis on patients having breast cancer (stage 3):

Using data mining approaches, a correlation of records with serious
outcomes (no death record) and drugs, weight, gender, age, and
reactions has been obtained.

Drugs:
» Drug faslodex has the highest correlation (48%)
» Faslodex has been repeated 2 times only for patients with serious outcomes.
« radiation therapy has the lowest correlation (-10%).
« Radiation therapy has been repeated 7 times only to patients with no serious issues.

Reactions:
* “blood oestrogen decreased” has the highest correlation (34%)
« “arthralgia” has the least correlation (-7%).

Age and weight have 20% and -0.5% correlation and gender is NAN (no
male).




Correlation Analysis

 Correlation analysis on patients having breast cancer
(stage 4).
* Using data mining approaches, a correlation of death records with
drugs, weight, gender, age, and reactions has been obtained.
* Drugs:
» Drug docetaxel has the highest correlation (81%)
» Docetaxel has been repeated 2 times only for patients with death record.
» Aredia has the lowest correlation (-3%).
« Aredia has been repeated 81 times only for patients with no death record.
« Reactions:
» “Procedural complication” has the highest correlation (57%)
» “fatigue” has the least correlation (-1.4%).

« Age and weight have 9% and 1% correlation and gender is close to
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Predictive models on reactions

These information have been extracted from DrugBank.ca
The steps to extract:
» Mapping the drugname in FDA database with DrugBank.

» Extracting the 1D from DrugBank and PubCHem for drugname in
FDA.

» Extracting target and pathway of drugs from DrugBank.ca

@RUGBANK - Pub@hem
C - National
d Center for

Biotechnology

NCBI Information



MedDRA Web-Based Browser

Medical Dictionary for Regulatory Activities

[

Medical Dictionary for Regulatory
Activities

* In the late 1990s, the International Council for Harmonisation of Technical
Requirements for Pharmaceuticals for Human Use (ICH) developed MedDRA, a rich

and highly specific standardised medical terminology to facilitate sharing of regulatory
information internationally for medical products used by humans.




System Organ Class
Gastrointestinal disorders

Medical Dictionary
for Regulatory

High Level Group Term

ACt VI t €S Gastrointestinal signs and
symptoms
In developing and continuously
maintaining MedDRA, ICH High Level Term
endeavours to provide a single Nausea and vomiting
standardised international medical symptoms

terminology which can be used for
regulatory communication and
evaluation of data pertaining to
medicinal products for human use.
As a result, MedDRA is designed for
use in the registration,

documentation and safety monitoring
of medicinal products through all
phases of the development cycle
(i.e., from clinical trials to post-
marketing surveillance). Lowest Level Term

Feeling queasy
[

Preferred Term

MNausea

MedDRA Web-Based Browser

Medical Dictionary for Regulatory Activities
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Recommender System

« A drug recommender system on patients with “Breast Cancer “:

» Using predictive models, a recommender system on patients suffering breast cancer is made
based on outcome of drugs administrated (outcomes are records such as death, serious issue,
hospitalization, ...).

 The model is built using age, gender, weight, and drugs. Based on these features, a score
(weighted summation of death probability, hospitalization probability , ...) is generated.

» Weights are as: (subjective)
* wl (=1) for death
« w2 (=0.8) for life threating
* w3 (= 0.5) for hospitalization
* w4 (= 0.7) for disability
* w5 (= 0.5) for other serious issues

« Then, based on given age, weight, and gender and having a knowledge of disease (breast
cancer), a drug is recommended to a patient.

 In addition, a ranked top 5 listed of drugs is shown as well.
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1OrugAssist

Evaluation of classifiers on all outcomes

Evaluation of Predictive Models

Other Serious Issues Model

Disability Model

Hospitalization Model

Life Threating Model

Death Model

o

20 40 60 80 100 120

= 10Fold-CV-Acuracy = Specificity = Sensitivity —® Accuracy



KANSAS STATE

UNIVERSITY

1OrugAssist

Intelligent Medicine Recommender System

This is a beta version of the system which is still undergoing final testing before its offical release

1OrugAssist

ldata.olathe.ksu.edu/drugassist/

kgca Kawakami
Postdoctoral Fellow

oshua@taley
Graduate Research Assistant

Data Providers Financial Supporters

=TD)/AN KyseSwr o Elaneo

PubOhem e USDA UMKC
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KANSAS CITY



http://1data.olathe.ksu.edu/drugassist/

1OrugAssist

ldata.olathe.ksu.edu/drugassist/

KANSAS STATE

UNIVERSITY

PATA

1OrugAssist

Intelligent Medicine Recommender System
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Breast Cancer Diabetes About

Please enter the following items:

User ID @ 771176149481
= 55
Weight 75
Gender Male ® Female
HLT Level Assaciaticn ViewlD @ Yes ® No
lteration Number @ 10
Albania {{26}}
Algeria {{12}}
Country* @ Argentina {{98}}
Australia {{1333]} &
Austria {448} P

165 rRNA {{8}}

2-oxoglutarate dehydrogenase, mitochondrial {{2}}

3 beta-hydroxysteroid dehydrogenase/Delta 5-->4-isomerase type 1 {{36}}
3-beta-hydroxysteroid-Delta(8), Delta(7)-isomerase {{3194}}
3-phosphoinositide-dependent protein kinase 1 {{12}}

305 ribosomal protein 512 {{8}}

4-aminobutyrate aminotransferase, mitochondnial {{2}}

4-hydroxyphenylpyruvate dioxygenase {7}

5'-AMP-activated protein kinase subunit beta-1 {{3}} i
3-hydroxytryptamine receptor 1A {13} i

Drug Target™ @

*Nultiple 1tems Can be Selected by Holding Down the Cirl Key
Physician/Clinician/Patients Impact on Outc

Death

Life-Threatening

Hospitalization - Initial or Prolonged
Disability

Other Sericus Outcomes
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Intelligent Medicine Recommender System
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User 291448676239 Results

The recommended drug is: Zoledronic Acid
The results have been processed in 129.32 seconds.

S /
e Graph of top drugs with associated score
r u g S S I S Models Evalustions The drug with the least score is recommended.
Drug Reaction WordClouds Recommended Drugs with the Associated Scores
ldata.olathe.ksu.edu/drugassist/  ousmomatr
Reaction Associations 0.35

Full Reaction Associations

Home 0.30

mm Zoledronic Acid
mm Pamidronic Acid
mmm |bandronate

0.10

0.05

0.00
Drug

© 2019 Copyright: 1Data All Rights Reserved
f the p


http://1data.olathe.ksu.edu/drugassist/

The recommended drug is: Zoledronic Acid

" The results have been processed in 129.32 seconds.

Drug Scores Graph of Models Evaluations

ROC (Receiver Operating Characteristic) curve and AUC (Area Under the Curve)

score.
Drug Reaction WordClouds
ROC and AUC are the best tools to show the evaluation of a model.

Drug Information
Reaction Associations ROC curve
Full Reaction Associations 1.0 1
@ Home
0.8 1
2
=
v 0.6
. =
ldata.olathe.ksu.edu/drugassist/ %
& 0.4 -
@
E —— Death Model, AUC=0.915
—— Life Threatening Model, AUC=0.913
0.21 —— Hospitalization Model, AUC=0.767
—— Disability Model, AUC=0.914
0.0 1 Other Serious Outcomes Model, AUC=0.825

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

Under Sampling versus Without Sampling in terms of Specificity and Sensitivity
scores.

Specificity and Sensitivity show how accurate is the model in terms of detecting of both classes. Predicting using the whole dataset
provides higher sensitivity score and very low specificity score, while undersampling makes a balanced score.

Death Model Sensitivity

Other Serious issues Model

Specificity Death Model Specificity

Other S-Sn;: n:::?w“ Model 0.99 ;40 ing Model Sensitivity
0.95 ~{0.74

Disability Model Specificity 0.83 0.83  Life threating Model $pecificity

Disability Model Sensitivity Hospitalization Model Sensitivity
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Intelligent Medicine Recommender System

This is a beta version of the system which is still undergoing final testing before its official release

User 291448676239 Results

The recommended drug is: Zoledronic Acid
The results have been processed in 129.32 seconds.

"o Y,
Drug Scores Drug Information
Models Evaluations Search as you type:
Drug Reaction WordClouds Marketing Marketing Marketing
Type Stren Laberiler
O w - StartDatev EndDatea | Region
Drug Information T — T — T — e —
i Acta
Reaction Associations ) ’ Solution 5mg Intravenous Pharma Mot Applicable | Mot Applicable
) Company
Full Reaction Associations
. Act Zoledronic Actavis
1d at a_ O | at h e . kS u R ed u /d r u q aS S I S t/ Home Acid Intravenous Phama Mot Applicable | Mot Applicable = Canada

Concentrate Company

ronic
i Solution S5mg Intravenous Mot Applicable | MNot Applicable

Zoledronic

Acid Intravenous Cmpoaion Mot Applicable | Mot Applicable = Canada
Concentrate

Generic
Solution 4 mg Intravenous Me: | Not Applicable | Mot Applicable
Pariners Inc

Zoledronic Marcan
Acid for Iniravenous Pharmaceutical: Mot Applicable | Mot Applicable | Canada
Injection Inc

Mylan

4 mg Intravenous
g Pharmace:

Mot Applicable | Mot Applicable | Canada

Zoledronic Injection,

Acid <olution 4 mg100mL Iniravenous Hospira, Inc. 2017-10-19 Mot Applicable

edronic
4 mg Intravenous Mda Inc. 0 Mot Applicable

Zoledronic
Acid for Intravenous ) 2016-02-10 Mot Applicable = Canada
Injection

From 1 to 10 items of a total of 35

Zoledronic Acid
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User 291448676239 Results

The recommended drug is: Zoledronic Acid
The results have been processed in 129.32 seconds.

A
Drug Scores WordClouds

. . Reactions of the top recommended drugs
Models Evaluations

Drug Reaction WordClouds

DrugAssist =

Full Reaction Associations

ldata.olathe.ksu.edu/drugassist/
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Zoledronic Acid
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Based on Higher Level Terms (MedDRA)
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Case study

Weight Recommended drug (First Physician/Clinician/... | Recommended drug (Second Physician/Clinician/...
Impact on Qutcomes Impact on Qutcomes

Female Endoxan Endoxan
80 Female  Arimidex Endoxan
70 Male Lapatinib Cytoxan
60 Female  Arimidex Aclasta

57 Female Pamidronate Disodium Cytoxan
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