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Colorectal Cancer &
Tumor Associated Macrophages (TAMs)

Global Cancer Incidences: 2020
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Universal Macrophage Polarization Gene Signature: SMaRT
Model
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Ghosh P et. al Machine Learning Identifies Signatures of Macrophage Reactivity and Tolerance
that Predict Disease Outcomes. bioRxiv; 2022. DOI: 10.1101/2022.06.27.497783.



Al-Assisted Investigation of TAM Polarization in Colorectal Canc
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Single Cell Isolation & Sequencing Macrophage Cell Extraction SMaRT Computational Model Refined TAMs Signature

Goal:
Refine the universal macrophage gene signature (SMaRT signature) to capture

the polarization dynamics of tumor-associated macrophages in colorectal cancer
patients.




Primary Analytical Tools:

Data Collection, Macrophage Extraction, Refinement

Human - Single Cell (n = 2, 868) IFIT3
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Annotated Data Collection:

NCBI GEO
Database

Gene Signature

Refingiiaidpendent

Differential Gene
Expression. Analysis.

expression in cancer. Nat Rev Cancer.
2003; PMID: 14668817.

Macrophage Cell
P ROSPAFCERLG

Expression

Dang D et. al Computational Approach to Identifying
Universal Macrophage Biomarkers. Front Physiol. 2020;
PMCID: PMC7156600.

Barrett T et. al NCBI GEO: archive for functional
genomics data sets--update. Nucleic Acids Res.
2013; PMCID: PMC3531084.



Composite Score:

Quantifying Gene Signatures

Immuno-Reactive Composite

Siafe* Z C]-SSMNorm

Immuno-Tolerant Composite

1 * Z éio'i;MNorm + 2 % Z C3sMNorm

Ghosh P et. al Machine Learning Identifies Signatures of Macrophage Reactivity and Tolerance
that Predict Disease Outcomes. bioRxiv; 2022. DOI: 10.1101/2022.06.27.497783.
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SMaRT Model Application:
Immuno-Reactivity & Tumorous Macrophages
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SMaRT Signature on Non-Macrophage Dataset:
Lack of Healthy/CRC Separation
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Refinement of SMaRT Signature:
Healthy/CRC Separation
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Validation of Refined TAMs Signature on Non-Macrophage Dataset:
Healthy/CRC Separation

SMaRT Signature (338 Refined Signature (24
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Translational Potential of Refined TAMs Signhature:
MSI Pathway

The Cancer Genome Atlas (TCGA)
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SMaRT Model Development



Underlying Boolean Implication Network: SMaRT Model

Immunoreactive Immunotolerant
6 7
5 /”—i{:ﬂtl?
1 M{* - =

Built using a Clustered Boolean Implication Network using a pooled dataset (GSE134312, n = 197)
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Boolean Logic

RNASeq or
Microarray

Gene Expression
Count Matrix
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StepMiner

o "

All possible step positions are evaluated

For each step position: determine the average of
gene expression values on each side of the step
A regression scheme is used to choose the step
position that minimizes the square error with the
fitted data

A regression statistic (F-statistic, which
determines whether the regression model
significantly explains the variation in the
dependent vanables of if the variation can be
attributed to random chance) is computed to
determine whether the step is significant or not:

F-stat: MSR/MSE

= Mean sum of square regression/Mean sum of
squares error

StepMiner Threshold

High

Ilntarmal:liata

Low

Gene A Expression

-

sorted Arrays
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Boolean Implications

A low, B high | : | Ahigh, B high
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Boolean Implications Relationships
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Boolean Implications Relationships

Boolean Implication: If-then rules

: L L
L : e : i
@ A Significance determined on sparsity of
® : quadrant and the metric’s error rate:
‘ L
. L
i v |3n Example: A low and B low (a_ ) = sparse:
o 00
e ! I T e P P -
,-E ] total = a_+a +a +a
© -
nA_={a_+a )and p(A_)=nA_ / total
: ®
' [ ] nB_=(a_+a ) and p(B_nB_ / total
E L n'=plA_)*p(B_)*total
; n = number of samples ina_
dog : dig =
: § =—
Gene A T
1 (1] i1}
pnﬂ = ?( a__+il [/ s
o0 al 0 10

If Su. > 3 and p, < 0.1, then a_ is sparse; implying that when Gene A is
low, Gene B must almost always be high.
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Clustered Boolean Implications Network

Boolean Implication Network

Clustered Boolean Implication Network

. 1. StepMiner Algorithm to Convert All Genes Into Binary

. Values of High Expression/Low Expression

- 2. Use Boolean Implication Relationships (BIRs) to classify

; the relationship between each pair of genes

- 3. Undirected edges = Symmetric Boolean Relationships &
Directed edges = Asymmetric Boolean Relationships

- 4. Use Equivalent BIRs to cluster genes

- 5. Use a threshold of 0.5 for the Jaccard similarity 5

: coefficient for every gene in every cluster to remove weak
links (Opposite) ;

. 6. Remove clusters with single gene and repetitive edges

2 (keep transitive edges)

* 7. Use Asymmetric Boolean Relationships as edges between .
clusters '

21



Transitive Boolean Paths

1. Annotate the cluster’s macrophage polarization state using the metadata of the dataset
2. Boolean Path minimum: Two nodes (clusters) with a directed edge between them
3. Traversal of path: by Depth First Traversal (DFS)

#—“ A Equivalent B
_— E A Opposite B

S, g Alow => B low
iﬁ_"..’

— F#% Ahigh => B high

Immunoreactive

Immunotolerant
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Composite Score
48 Genes 137 Genes 153 Genes

D )
%

/

C#13 HI C#14 | | Low — Low
< o/
4 N ¢

Immunotolerant

Immunoreactive

expr = gene expression value for a given sample

expr—o6
30

SM

SM

0. = StepMiner threshold separating low/high expression expr

o = standard deviation of expression value from the threshold
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Composite Score

48 Human Genes 137 Human Genes 153 Human Genes
71 Mouse Genes 109 Mouse Genes 118 Mﬂuse Genes
__'_"\-\._\_\_\_H .r.-.-._'_'_.,-"'___ ____"'\-.\_\_\_Hﬂ =

h 4 A \
\ 'Il/ \II'II' f
|| C#1 3 ngh — Low *I: 0#14 I Low — Low |
I". I.' ||I.
¢

Immunoreactive Immunotolerant

-1 +1 +2

Composite Score: —1]1 % Z ClSSMNﬂTm + 1 % Z ClﬁlSMvam + 2 * Z CSSMNnrm
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Predictive Model

We know: We can train a simple logistic regression model
1. Composite score for each sample to predict the macrophage polarization state.
2. The macrophage polarization state of each -
sample (annotated) We use the ROC-AUC metric to measure the

performance of classification.

B MO H Ml M2

eseasass | ||| [ETTTHE T

MO(7) - . "}
2=0.00 90 ROC-AUC:

_ Separating MO and M1: 1.0
po |oja— Separating M0 and M2: 0.92
p=0.0108 Separating M1 and M2: 1.0

M2(7) - -“-

~500 _400 300 —200
score

M7 { =71
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Macrophage Extraction

B  GSE123587 Single Cell (n=5355) €  GSE120000 Single Cell n = 1,142)
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[ | Tl L i ¥ i 1l
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Orang O, Taheri 5, Das 5, Ghash P, Prnce LS, Sahoo D. Computatonal Agproach fo
Identifying Universal Macrophage Blemarkers. Front Physiol. 2020 Apr 8;11:275. dot
1033800 phys 202000275, PMID: 32322218, FRCID: FMC7 SeE00.
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Differential Gene Expression Analysis

e Goal: Identify genes that have different expression patterns across a set of conditions due to a
biological phenomenon (not technical variation)
¢ Technical Variation arises in the form of:
o  Library size: Number of reads that map to a sample (Influenced by sequencing depth)
o  Library composition: Can cause inflation of gene expression in a condition (i.e: organ specific
genes where gene is expressed in one organ but not in the other)
o  Both of these factors are accounted for by normalization/log2 scaling of gene expression values

e OQutput:
o  Difference in the mean expression of a gene between the two binary groups (i.e: M2 - M1):
fold-change

o T-test with the null hypothesis that the two genes have the same average values. Treats the
mean values as two independent values : difference in mean/variance

29
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TAM Immuno-Reactive Genes
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Signature Validation

Validation Datasets (Macrophage Cells) Validation Datasets (All Cells)
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MSS/MSI & CIMP+/CIMP- Status
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