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For which patients shall
the drug work, and how?

Mathematical and Computational Biology in Drug Discovery (MCBDD)
Module V
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Outline of Module V K

e Lecture 11
o Biomarker for dose prediction
o Biomarker for patient-stratification and biology understanding: Merck/Genentech
o Challenges and caveats

e Lecture 12
o Integrating statistical and mechanistic modelling: Griffiths et al.

o Mechanistic modelling of biological systems: from Boolean network to Agent-based modelling
o Causal inference



From drug discovery to drug development 3

Target identification & assessment
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repeating previous studies
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A refresher of PK/PD Modelling
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Physiologically-based pharmacokinetic modelling -
(PBPK) is a natural extension of PK modelllng
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Phases of clinical trials “

Investigational New Drug

V (IND) application New Drug Application (NDA)  /

Phase 0 Phase | ~70% Phase |l ~50% Phaselll ~60%

e Aim: Getting PK/PD e Finding safe dose

e Assessing efficacy e Comparing efficacy,

data to verify the ranges and optimal and safety profiles effectiveness, and
drug behaves as dosing regimens with of the drug, and safety profiles with
expected. further PK/PD data. determining the the standard-of-care

e Dose: Microdosing, e Sub-therapeutic
e.g. 1% of predicted

dosing regimen.
single and multiple e Therapeutic dose

treatment option.
Therapeutic dose

dose.
e Subjects: <15

healthy subjects
e Time: A few weeks

ascending doses
20-100 healthy
subjects (patients)
A few months

Usually 100-300
patients with a

specific disease
A year or longer

Usually 300-3000
patients
Usually several years



Empirical, stratified, and individualized medicine e

-

Empirical Stratified Individualized
medicine Medicine medicine

e Vaccines e \emurafenib o CAR-T therapy
e Non-steroid (Zelboraf)

anti-inflammatory e Trastuzumab
drugs (NSAIDs) (Herceptin)
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Why stratified medicines are becoming popular? i
100,000 <
Blockbusters
| 0 Lipitor
10,000 — (14,810; 871)
g $1 billion e prex
§ sales per year (a0 2100) Niche busters
j g 1,000 —
1% likely responder 2
2 Gleevec
*g 100 —
5 Orphans
g Cerezyme
g 10 — (4.5; 207)
P
! T \ I T ad
10 100 1,000 10,000 100,000 1,000,000

Price per year per patient (USS)

Medical reasons Commercial reasons



Empirical, stratified, and individualized
medicine in the clinical context

Stratified
medicine

Patient presentation

1
1 Clinical history an

Differential diagnosis

A

Confirmed diagnosis

Targeted therapy

________________________

d exam

| Diagnostic testing and procedures

—_—

] Testing for treatment response

Therapeutic customization and production

Empirical medicines




Transcranial Direct Current Stimulation (tDCS)

10
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Transcranial Direct Current Stimulation (tDCS) o4

LIFTiD tDCS Gerat zur Verbesserung von Fokus, Aufmerksamkeit,
Gedachtnis und Produktivitat

Marke: LIFTiD

Preis: 169,00 €
Preisangaben inkl. USt. Abhdngig von der Lieferadresse kann die USt. an der Kasse variieren. Weitere
Informationen.

Ausgaben im Blick behalten und 8€ Aktionsgutschein sichern: Jetzt Amazon-Konto aufladen Mehr erfahren

e Verbessern Sie lhre Leistung: Entwickelt fiir Gamer, Studenten, vielbeschéftigte Profis, Musiker und Sportler.
Jeder kann LIFTiD verwenden, um seine Leistung zu erhéhen, es dauert nur 20 Minuten, um LIFTID wdhrend
lhrer Lieblingsaufgabe zu verwenden.

e tDCS leicht gemacht: leicht (nur 70 Gramm), keine Kabel und einfach zu bedienen (Plug 'n Play). Einfach die
Pads anfeuchten, aufsetzen und losdriicken. Gerat lduft automatisch fiir 20 Minuten bei 1,2 mA.

e Reisesicher: Wiederaufladbarer, langlebiger Lithium-lonen-Akku. Vergessen Sie die Suche nach einem 9V
Akku, der LIFTID Gerat Akku ist langlebig und schnell zu laden. Liftid ist eine Freisprecheinrichtung und
bendtigt keine Basiseinheit. Absolut tragbar. Verwenden Sie es beim Sitzen, Stehen, Gehen oder Dehnen.

lot tested in randomized clinical trials
[https://clinicalirials.gov) "




Cognitive Enhancement or Cognitive Cost?

It depends!

1150-
1100-
1050-

21000+

= 950-

900-
850-

800-

High math anxiety

Low math anxiety
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Biomarkers Electro- Imaging .,
physiological
A objectively measured and s <\
evaluated characteristicas ;|
an indicator of (1) normal .
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Applications of biomarkers

1. Compound optimization and
differentiation from competitors
In preclinical study

2. Human-dose prediction in
translational PK/PD modelling

] ] ] L ] ] ] i Y
3. Patient stratification in clinical ARG

studies



Translational PK/PD Modelling \ Al 4 Multiple zy,

dose doses

AControl @ Sampling

Acute efficacy model

' Time

Samples from blood and
the target organ can be

analysed for : .
pharmacokinetics, A @

pharmacodynamics, and Chronic PK/PD model

dosg-expgsure-response VVVVVVY 1
relationships. I i A@A NN AIA L >
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Target Occupancy as Biomarkers K

Target occupancy, percentage of <><<>> <><<>>
the protein target occupied by @%@ @< O
drugs, affects target engagement, O

which describes the process a

drug interacts with its intended

protein target in a living system to

iInduce downstream effects
. . Target occupancy of 83% and 50%,
(MeChanlsm of ACtlon). respectively



Target
occupancy and
engagement
profiling in vivo

ABPP: Activity-based
protein profiling; PET:
positron-emission
tomography.

Both ABPP reagent and
radiotracer binds to the
same protein target.

b

Probe or
vehicle control

Probe or
vehicle control

Probe or
vehicle control

In vivo application of PET radiotracer

PET radiotracer

@@_}

Ex vivo application of ABPP reagent

Harvest tissue
and homogenize

—>/

@
Covalent ABPP
reagent w

! No target engagement

Target engaged

In vivo application of ABPP reagent

Clickable ABPP
reagent

=

»

Harvest tissue
and homogenize
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No target engagement

Target engaged
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.@@
No target engagemen

Target engaged




Target occupancy as a biomarker links
pharmacokinetics and pharmacodynamics 4

PK
modelling

PD
modelling

Plasma concentration

. 3600 ® Expt.3mgkg — 3 mg/kg Fit to PK equation
— ® Expt 30 mgkg = 30 mg/kg, Fit to PK equation
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Target
occupancy
and
engagement
profiling in
human

b

Probe or
vehicle control

Probe or
vehicle control

In vivo application of PET radiotracer

PET radiotracer

Ex vivo application of ABPP reagent

-/ /)

Plasma, PBMCs
or tissue biopsies

Covalent ABPP
reagent

No target engagement

e
‘@o

Target engaged

No target engagement

Target engaged



A mental model of biomarker for human-dose R
prediction
Animal mod?I PK ( | PD (
.~ Dose | - Exposure | . Response ]
Translational biomarker
(e.g. Target occupancy in PBMC and in tumour)
. ﬁ==::::::::: _____ Tl
{ Predicted J Required Required
dose Exposure Response

20

Human



A real-word example with a bispecific antibody

a -»- PBS
£ 2000 Two-way ANOVA: % Anti-target 1
§, P<0.0001 -+- Anti-target 2
O 15004 % -#-Compound A
£ |
=)
o 10004
>
5
o 5004
£
E 04=

0 5 10 15 20 25

Rx

Days

Anti-target 1 TO
required for
efficacy in tumour
and PBMCs

Efficacious
concentration

—

Pharmacokinetics
Intravenous PK

PK/PD model

oz Anti-targetl TO in EMT-6

W’ model

PK/efficacy model

Tumour growth model
W in EMT-6 model

TGI: tumour growth inhibition; TO: target occupancy;
PBMC, peripheral blood mononuclear cells

——>Predicted human PK

T T T 1

Dose, mg/kg

——  Anti-target 1 TO (tumour)
Anti-target 1 TO (PBMCs)
TGl %

Anti targetl target occupancy %
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Exposure-response in animal model and
translatable biomarkers are essential for dose o
prediction

X

TABLE 2
Correlation of responses to dose-related questions (Q) of TmX Guide to dose prediction successes or observation of efficacy in the clinic
Category Q1: desired exposure-response Q2: Translatable Number of drugs for which model-based active

in appropriate animal model? biomarkers? dose prediction is within twofold or clinical efficacy

is observed within predicted dose range out of
total number in category

1 Yes Yes 5/6
27 No No 1/6
3 No Yes 2/2
4° Yes No 0/1

22
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Molecular basis of cancer immunotherapy S
a Tumou[ s.tdroml?l
tivate or myetoid ce Exhausted
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blockade therapy
|

______________________________

%
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Anti-PD1

___________________________________________
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Tumour mutation burden and immune phenotype

may affect the effect of immunotherapy

T-Cells
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MHC: Major Histocompatibility Complex; TMB:Tumour Mutation Burden. .



Cristescu et al. established TMB and
T-cell-inflamed Gene Expression Profile (GEP) as

biomarkers

Patients with high
tumor mutation
burden AND a
T-cell-inflamed
gene expression
profile (TME) are
more likely to
respond to cancer
Immunotherapy.

Tumor Mutation Burden (TMB)

B Moderate: Inmune evasion D Strong: Intense cytolytic activity

A Reduced: Lack of immunogenicity | C Moderate: Stromal/endothelial TME

T-cell-inflamed Gene Expression Profile (GEP ) =————————

Non-immunogenic
@ tumor cell (low TMB/
neoantigenicity)

Immunogenic tumor
cell (high TMB/

neoantigenicity)

@ T-cell

% Dendritic cell

—=@===Fibroblast

25



TMB/GEP and responsiveness

GEP: weighted sum of
normalized expression of 18
genes related with immune
response (CCL5, CD27,
CD274 (PD-L1), CD276
(B7-H3), CD8A, CMKLR1,
CXCL9, CXCR6, HLA-DQA1,
HLA-DRB1, HLA-E, IDO1,
LAG3, NKG7, PDCD1LG2
(PDL2), PSMB10, STATT1,
and TIGIT).

HNSCC: head and neck
cancer

T-cell-inflamed GEP Score

UNI
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Pan=tumor HNSCC Meolanoma
=
3000 ] +- B
1000 - ;o £ ;@
o ; ® 0P Flo
— : (o] Q, sty =
300 . o0 -89@—%
100 - %% : 7
30 | %, B o
10 ® o
P<0.001 il P<0.05 P<0.05
0.8 - e
N =
] : —e
0.4 Oi?p o 0(;6 f%?;b Cﬁ;
] ; : g ; &
7 %8 nb‘t(g -U&- %OO —%-
0.0 30 i 3, : o
T i P ) s %
- a:,f‘,o uq o : 4 U?)
. ':: ' E r(\l(@ L
0.4 ] s o g e ole
— .v 3 00: (:)) o
-0.8 ] 0:0
] i 0,
1 ° P<0.01 P<0.001 & P<0.05
I T I

Non-responder Responder

T I
Non-responder Responder

Non-responder Responder



Both TMB and GEP can partially predict

responsiveness
Receiver TMB T=Cell Inflamed GEP
. 100 -
Operating |
Characteristic 80 A
. l
(ROC) curves of £ 60
using either TMB & -
or GEP for binary & “°7
e L TMB GEP
classification. 20 4 Pan-tumor: 0.74 Pan-tumor: 0.782
. 2 HNSCC: 0.617 HNSCC: 0.768
Metrics: Area B Melanoma: 0.602 Melanoma: 0.638
Under ROC 0 20 40 60 80 100 O 20 40 60 80 100

(AUROC) 1-Specificity
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High TMB and high GEP are associated with higher
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responsiveness to anti-PD1 antibody treatment

From left to right:
three patient cohorts
(pan-cancer;
head-and-neck
cancer; melanoma)
Open red circles: non
responders; Black
dots: responders.

A

TMB (log scale)

A

A
r=0.221 ; ° r=-0,020 g r=0.252 !
30001 p<0.05 ! P>0.05 ! P<0.05 i,
1000 : ! B o olie WR
R T
300, 2.2 8%
100 ot ®
1. @ °
30 Y

i o i i
T T T LI"(!I T T T T T T T T ]{’\él T T T T T T T T I-TH‘EI T T T T T

08 04 00 04 08 -08 -04 00 04 08 -0.8 0.4 00 04 08

T-cellinflamed GEP

B

A
= 1% (119) | 37% (10/27) 7% (1/15) | 37% (14/38) 42% (5112) | 57% (26/46)
2 (0.3-48.2) (19.4-57.6) (0.2-31.9) (21.8-54.0) (15.2-72.3) | (41.1-71.1)
[&]
w

(@]
S
g 0% (0/36) 12% (5/41) 0% (0/15) 16% (6/37) 9% (1/11) 35% (6/17)
= (0.0-9.7) (4.1-26.2) (0.0-21.8) (6.2-32.0) (0.2-41.3) (14.2-61.7)

T-celkinflamed GEP

[ ] TMB*GEPP [ ] TMB®GEP" [_] TMB"GEP* [_] TMB" GEP" 28



Data mining in public cancer database TCGA
suggests potential indications

N
o
o
o

TCGA

000¢

000¥

000S

0009

)
o
o
T-cell<inflamed GEP
PD-L1
PD-L2
TMB
MSI-h .
TMB Cut=off
(WES)
>100
<100

GEP GEP
<top tertile (%) >top tertile (%)
11 12
55 22

Colorectal, MSI-h

Lung SCC

Skin cutaneous melanoma
Lung adenocarcinoma
Stomach adenocarcinoma
Head and neck SCC

Bladder urothelial carcinoma
Cervical SCC and endocervical
Uterine corpus endometrial

Colorectal, MSS _|

Breast, HER2+

Liver hepatocellular |
Pancreatic adenocarcinoma |

Breast, invasive

Breast, TNBC

Kidney renal clear cell
Prostate adenocarcinoma
Ovarian serous

Thyroid carcinoma
Glioblastoma multiforme

[| 0 TMBNGEP" |

[|CJ TMB"GEP® | |

| O TMBCGEP" —
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T
20

I
40

T
60

Percentage of tumor



Meta-analysis (Litchfield et al. 2021) confirms TMB
and T-cell infiltration as predictors of responsivene

Snyder et al.
Melanoma
anti-CTLA-4

Snyder et al.
Urothelial
anti-PD-L1

Van Allen et al.
Melanoma
anti-CTLA-4

Mariathasan et
al, Urothelial
anti-PD-L1

Hugo et al

McDermott
al. Renal

Melanoma
anti-PD-1

anti-PD-L1

I Riaz et al.
Melanoma

anti-PD-1

Rizvi et al.
Lung
anti-PD-1

et

Cristescu et al.
Melanoma
anti-PD-1

Hellman et
al, Lung
anti-PD-1

Cristescu et al.
Head & Neck
anti-PD-1

Leetal.
Colorectal
anti-PD-1

| Clonal || CXCL9 || Indel
TMB T™MB
L

NMD
escape

Signat.
uv

Signat. J{ Signat.
Tobacco | apobec

| T Infl. \l
GEP CD8A

Machine learning tree based ensemble model (XGBoost) to

| CD274 Il Sex

predict CPI response (pan-cancer), trained with n=1008 samples

CXCL9 is a chemokine that enhances
recruitment of cytotoxic CD8" T cells into the

tumor.
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Final trained model (n=1008 samples),
top 5 importance scores:

T T T T T 1
005 010 015 020 025 0.30

Feature Importance Score



True positive rate

The multivariate classifier improves performance,
but to predict responsiveness is an open question

(other tumor types, Cristescu et al. 2018, n=76)

Testing of TMB versus multivariable CPI stratifier performance in three independent test cohorts (total n=341):

Test cohort 1: KEYNOTE-028 study

1.0

o
o
|

o
o
|

[=}
S
]

o
V)
|

p=0.0049*

Multivariate AUC: 0.86
TMB AUC: 0.68

o
o
|

| | | I I |
0.0 0.2 04 0.6 0.8 1.0

False positive rate

True positive rate

Test cohort 2: University Hospital Essen study

(melanoma, Liu et al. 2019, n=121)

1.0 —

[=}
o
|

2
o)
|

o
~
|

[=}
N
|

2
o
|

p:

0.025*

Multivariate AUC: 0.66
TMB AUC: 0.58

o
[S)

| | I I |
0.2 0.4 0.6 0.8 1.0
False positive rate

Test cohort 3: Samsung MC study
(NSCLC, Shim et al. 2020, n=144)

1.0 —
p=0.047*
2 0.8
o
Q
2 0.6
‘@
o
o
o 0.4—
~
-
0.2 —
Multivariate AUC: 0.70
0.0 — TMB AUC: 0.62
| | I I | |
0.0 0.2 0.4 0.6 0.8 1.0

False positive rate
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Wu et al. characterized T cells in tumour, normal
adjacent tissue (NAT), and blood using single-cell -
RNA and TCR sequencing

Expanded clonotypes (T
cells) found in the tumour
and normal adjacent tissue
can also typically be
detected in peripheral
blood.

Intra-tumoural T cells,
especially in responsive
patients, are replenished
with fresh, non-exhausted
replacement cells from
sites outside the tumour.
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Caveats and challenge

e The curse of dimensionality

e Separation of mechanistic modelling and of statistical
modelling

e Lack of causal models

33
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Conclusions 4

E

-

e Biomarkers (1) guide compound optimization and differentiation
in preclinical studies, (2) support human dose prediction in
translational PK/PD studies, and (3) allow patient stratification
In clinical trials;

e Mathematical and computational biology is indispensable for
biomarker identification;

e (Caveats in biomarker identification calls for integrated
mechanistic and statistical modelling to establish causal
relations.

34



Outline of lecture 12 K

e An example of integrating statistical and mechanistic modelling: Griffiths et al.

e Mechanistic modelling of biological systems: from Boolean network to
Agent-based modelling

e Causal inference

e \Where can we go from here

35



Drug discovery relies on in vitro, in vivo, and ¥

computational models across scales

Vmax E

d[P]
dt

Vini2 4

iver ‘

Well

Venous blood

Arterial blood

perfused

Poorly
perfused

—

Unfavorable

Favorable
Control pathways

pathways

] = =
Cl u

-..1:!'-:-_.;'5_5_ ”
g

[S] | | 5]

Cardiomyopathy-associated pathways

KD

A
r=0.221 ; °
@ | 30001 p<0.05
S | 1000
(2]
o| 3004,
2| 100 Jﬂw £~& --------
[a8]
21 309 o 45
= 10
T T T I I I T T T T
=0.8 -04 0.0 04 0.8

T-cellinflamed GEP

Examples of molecular, omics and cellular,
organ and system, and population modelling

f
Cardiomyopathy
models/biopsies
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Most statistical models predict output without

knowing underlying mechanisms
Useful for hypothesis e
. [ Linear =1 _EE;
generation and T
exploratory analysis, £ I e
dangerous for ] == ”;an:m
extrapolation and & o S
‘black-box’ prediction. -4 P2

(" Deep Neural |
L Networks )

Performance
37



Simulation help us mind the
curse of dimensionality

set.seed(1887)
patient group <- gl(2,10)

response <- c(rnorm(10, 0), rnorm(10, -3))
random features large <- matrix(rnorm(20*50000), nrow=20)
large cor <- cor(response, random features large, method="spearman")

hist(large cor)

largest cor_ind <- which.max(large cor)

{
compactPar()
plot(random features large[, largest cor ind],
response,
bg=patient_group,pch=21,
xlab=sprintf("Random feature [index %d]", largest cor _ind))
abline(lm(response ~ random features largel[, largest cor ind]))
}

Frequency

response
3 2 A

-4

x|~
\/l\/|\/
;C><>42;
Histogram of large_cor /| | N |\
UNI
BASEL
S - .
3
]
&
o
I T T 1
-0.5 0.0 0.5 1.0
T T T
-1 0 1 38

Random feature [index 21360]



Mechanistic and computational models explain o3

Compartment models

Ty }—
d[LR) -
—— = RilL][R] — ko[ LR] | T ]

s Qi3
Kinetics of ligand-target é. [~ We s
. . g erfused =
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- grz r—

Transport models

Reaction-Diffusion System
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*® <L Diffusion Binding
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Diffusion

Particle models
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Finite state models
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Integrating models across scales is a grand

challenge In drug discovery

Linear
regression

ey 'l.. \ _[E]

I L34

& ks 35

d[LR]
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' el
erfused
rfus

=D
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Venous blood
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- .
Networks /KM
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L ] L | ' Kz,:>4 Kax ,/
Diffusion Binding /
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An example of integrated modelling :

PD1i
Immunotherapy

e (Ciriffiths et al. (PNAS 2020) profiled
peripheral immmune cell abundance in time C
series following treatment of Gastrointestinal Densiy
lependent

(Gl) tumours with immunotherapy in a small  Popuation
growth
clinical trial.

FOLFOX

Chemotherapy
(€)

B cells

' RBC'
4 P Plasma pDC

e The authors used compartment models to
characterize cell-cell interactions and il |
analysed single-cell omics data to reveal e | T T
cD8* % W ~

:

immune cell abundance, pathway activity
patterns, and differentiation status.

W Platelets™ = it
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How this study enriches our knowledge

e Facts

— Clinical response to immune checkpoint inhibitors varies substantially.

— Possible contributing factors correlate only weakly with patient response,
including (1) tumor cell mutational load and antigen production, (2)
immune-cell infiltration and signalling status, (3) Cross-talk between
tumour and immune cells.

— It is challenging to obtain tumour tissue samples.

- Questions: Can circulating immune cells serve as a surrogate
measurement of a tumour’s interaction with the host immune cells
and reflect response to therapy early in the course of treatment?

« Conclusions: It is possible to predict patient response with the
evolution of peripheral immune cell abundance and signalling over
time, as well as how immune cell interact with the tumor.



Design of the clinical trial K

e mMFOLFOX6 (modified

. A Clinical trial design B 100l
FOLFOX6) a . mFOLFOX6 Ang::::- 1 Treatment timeline ‘ _
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Mathematical modelling of tumour-immune cell

Interactions | | _—
E Mathematical model flowchart: tumor-immune cell interactions
] ] ) i) Construct time course of tumor and immune abundance for each patient:
MOdeI InPUts (a” In tlme Serles) %’% \ Tumorburden Immune abundance
24| toams §7  eRECIST . -
. 32 ERS evaluations i i oL 7 \
e Tumour burden, inferred by £E|” £z ST TS
combining antigen values and 5 7 };e Y
. . S % ‘ % é & \"\ l“
RECIST evaluation with a <t g2 * Hei
. . E) é Day since diagnosis Day on trial
Gaussian process latent variable gz . ) e
Day since diagnosis — Median ===+ 0.5. == 0.
-
mOdel ) ii) Model how strongly immune cells interact and attack tumor and
correlate to pathway activity:
e Abundance of PBMCs Miasennseiu
Model output: estimated ability of 25 23 ) .
immune cells to kill tumour cells £ 5 &° g
o Day on trial 7 B .
Points=Data| Shadedar)r;gions:Mode/ expedtation  Estimated immune-tumorinteraction - b oo oo
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Gaussian Process
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The Lotka-Volterra model of predator-prey
relationships

e The Lotka-Volterra equations modelling predator-prey relationships.

dx

— = ax — Pxy,
dt 2
dy 46
— = —yy + o0xy,
(11_ ) »/ -/

where

e x is the number of prey (e.g. rabbits),

e y is the number of predator (e.g. foxes).

) % and % represent growth rates of the two populations,
@ 7 represents time,

Q

«, 3, v, and 0 are real parameters specifying the interaction of the two species.



The Lotka-Volterra equations, visualized
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Lotka Volterra equation plot
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N
Modelling of interactions between tumour 2K

and immune cells

Modelling assumptions:

« Tumor cells are attacked by
immune cells

e  Tumor cells recruit immune cells

» Chemotherapy kills both tumour
and immune cells

* Anti-PD1 inhibitor immunotherapy
impacts immune proliferation,
recruitment, and cytotoxic tumor
activity.

A PD1i

Immunotherapy

ke

Density
dependent

Population
growth

Chemotherapy

(€)

7 Tumor growth  Immune attack Chemotherapy
RGRr = e =1 (1= 12 T) = (a+ fpP)I —Zmi] G
1dl Y

RGR; = == (4B P)(L 0 1) +(A +BP)T ~ Z“’ [i]C:

Immune growth Recruitment Che;notheragz
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. . . - B 0 1 2 6 18
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Multilevel/hierarchical models
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X
Profiles of relative growth rates differ K
between responders and non-responders s
D Responders n-r nder E
Chemotherapy Chemotherapy Chemotherapy

004 | ; Immunotherapy e - ; Immunotherapy e L Immunotherapy

: = PBRMC : = PBMC 4 9 : mmm Responders

E § 0.02 E % gl mmm Non-responders

. & . & !

Relative growth rate (cell cell-! day-1)

Shrink
Relative growth rate (cell cell-' day-*)

Wi

0 100 200 300
Days on ftrial

Immune population
[«)]

regulation of tumor growth (x10-2)
N

(&)

Shrink

n

100 200 300 0 100 200 300
Days on trial Days on trial

* Neither tumor nor PBMC responds to chemotherapy in non-responders.
« Responders have lower PBMC abundance in general at baseline.
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V0N
Immune cell population identified by scRNAseq ...
PBMCs were analysed A B cells B Neutophils :. -
. . DC = )
at three time points: . Monccytes o f13%
; cDs8* :2 23
1 . CyCIe 1 (C1 ): ' Lo c g CcD4+ - M’Igg §~§
baseline before e w0 3 NK*NKTce"s.L‘ || e 3
= i/ 2 B cells 3
treatment, Dendritic 28 2 Neutrophils ] i
‘] = DC 0 53’
2. CyCIe 3 (C3) 5 e SO § Monocytess 4 §§
"% ot o AT CcD8 s M5
chemotherapy ' I Platelots™ e q
alone: : 7 o2 NK+NKT cells , "8
3 .. = o 8 colls Ml T
3. Cycle 5 (C5):  cells 8335 g2
chemotherapy + e ———F \ = §
anti-PD-1.

A total number of 70781 cells from 13 patients (7 responders and 6 non-responders)
were profiled.



Pathway analysis

Single-sample gene-set enrichment analysis was performed to identify
pathway differences before therapy, during chemotherapy, and during

the early combo of chemotherapy and immunotherapy using a random
effects linear model.
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Responders show changes in T-cell
signalling during treatment

B
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Responders show changes in monocyte
signalling during treatment
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Associations between omics data and

inferred model parameter
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Impact and limitation of the study

* On the biological side, the results suggest that peripheral blood phenotypes
can be used as biomarker of patient responsiveness to therapy. The idea
seems to be confirmed the findings by Wu et al., Peripheral T cell expansion
predicts tumour infiltration and clinical response, Nature 2020.

» On the modelling side, the study integrates machine learning, omics data
analysis, mathematical modelling techniques to link macroscopic findings, for
instance antigen and RECIST scores, with cellular findings, including
scRNAseq and flow cytometry. This study exemplifies what we call multiscale
modelling of drug mechanism and safety.

* We do not know why some patients respond to anti-PD-1 or anti-PDL1
therapies better than other patients based on findings reported in both
papers. Nevertheless, both studies suggest that immune cells in peripheral
blood may be used as biomarkers in certain settings.


https://www.nature.com/articles/s41586-020-2056-8
https://www.nature.com/articles/s41586-020-2056-8

Bonus: Mathematical modelling of epidemiology \

The SIR (S=susceptible, I=infectious, R=removed) model modelling epidemiology (without
viral dynamics, N =5+ 1+ R).

dS 8IS

T e ol ‘ 3

dt N (3)

dI BIS

a- n b (4)

dR "
=1 (5)

= =
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Agent-based modelling of cancer immunotherapy
for colorectal cancer without high TMB

Table 1. Assumptions for the model and references for each assumption

Assumption Ref.

All cells can migrate, proliferate, and die. Trivial

Tumor cells are composed of stem cells and non-stem (14)
cells. Stem cells can divide symmetrically with a fixed [ @ Appears once @ Constant influx ]
probability.

Stem cells can proliferate indefinitely, all other cells die (14)

after a fixed number of proliferation cycles. \ \
All cells can spontaneously enter apoptosis. Own data

Tumor cells can spontaneously enter necrosis. Own data

Tumor cells that are far from the outer margin have a Own data
higher probability of entering necrosis than those cells 1 1 1 l 1 1
closer to the margin. . L. . . .. .

Immune cells are generated through a steady influx into (32), own data Mlgrate Divide Idle Die Mlgrate Divide Idle Die
the domain and proliferation within the domain. max. 10x towards max. 10x

Immune cells move by a "random walk" but have a (31-33), own data if not stem /

tendency to migrate toward tumor cells.

Immune cells can kill adjacent tumor cells whenever they (23)
are close enough. Killing, like other events in the model,
occurs stochastically with a fixed probability and is not Exhausted @
regulated by other factors.

Immune cells can kill five times before they become (23, 34)
exhausted, which means that they cannot kill anymore
but can still proliferate.

Activated immune cells give rise to stroma through a (35, 36)
desmoplastic reaction (stroma reaction). For
simplicity, this behavior is restricted to immune cells
that have successfully killed five times in the model.

By default, cells cannot migrate through stroma, but 37)
stromal permeability can be increased optionally. 59

Fibrosis




\/|\/
NN
0N

X

X

Agent-based modelling of cancer immunotherapy
for colorectal cancer without high TMB
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Counterfactual and statistical analysis allow us
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Bradford Hill Criteria for causation

SCOWwooNoGahlkWDd-=

Strength (effect size)

Consistency (reproducibility)

Specificity

Temporality

Biological gradient (dose-response relationship)
Plausibility

Coherence

Experiment

Analogy (similarity)

Reversibility (proposed by others)
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Statistical causal inference with Directed Acyclic
Graphs (DAGSs)

The Fork The Pipe The Collider The Descendant
X

NS e SN N

Y

Reading: chapter 1-6 of Statistical Rethinking (2nd Edition)
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Conclusions KT

e Understanding how drugs work and how to develop
better drugs requires causal reasoning, for which there
are no scientific consensus yet.

e | personally argue for integrated mechanistic,
computational, and statistical modelling across scales
as a approach towards causal reasoning.

e Mathematical and computational biology is
Indispensable to address this grand challenge.
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Ways to learn more about mathematical & X
computational biology in drug discovery

e People around you, both with the same and different backgrounds;

e Reading, including Journal Nature Reviews Drug Discovery, blogs In
the Pipeline, CureFFI, and newsletter This Week in Mathematical
Oncology;

e Online courses: Statistical Rethinking by Richard McElreath, with
freely available lecture videos on YouTube, and Information Theory,
Inference, and Learning Algorithms by David MacKay, with freely
available lecture videos.
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https://www.nature.com/nrd/
https://blogs.sciencemag.org/pipeline/
https://blogs.sciencemag.org/pipeline/
https://www.cureffi.org/
https://thisweekmathonco.substack.com/
https://thisweekmathonco.substack.com/
https://www.youtube.com/watch?v=4WVelCswXo4&list=PLDcUM9US4XdNM4Edgs7weiyIguLSToZRI
https://www.youtube.com/watch?v=4WVelCswXo4&list=PLDcUM9US4XdNM4Edgs7weiyIguLSToZRI
https://www.youtube.com/watch?v=BCiZc0n6COY&list=PLruBu5BI5n4aFpG32iMbdWoRVAA-Vcso6
https://www.youtube.com/watch?v=BCiZc0n6COY&list=PLruBu5BI5n4aFpG32iMbdWoRVAA-Vcso6
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