Machine learning and deep learning approaches to model in vitro inflammatory
responses of nanofibers scaffolds in tissue engineering
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Context

Scaffold = support for growth

Chronic wound/skin injury

Fails to heal
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Nanofibrous scaffold with cells
and growth factors

50’s Birth of Al

80’s — 90’s Interest of Al techniques in different
clinical settings in healthcare

2010’s Rise of Al in healthcare applications
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2. Machine learning workflow

159 observations from 12 families of

scaffolds

Supervised learning regression algo-

rithms
Python scikit-learn

Simplified predictive model

80% training data and 20% testing

Experimental data

80’s 2"d generation — Degradable
90°’s 3™ generation — Bioactive

00’s 4" generation — Encapsulate genes,
cells and molecules

2010’s 5™ generation — Stimuli responsive

Today’s challenge:

In-depth understanding of polymer-polymer
interactions and cell-material interactions
on scaffolds for tissue regeneration

Guide scaffold design and performance

Sustainable research process

Scaffold characteristics

pore diameter

Polymeric nanofibrous scaffolds fiber diameter

in vitro inflammatory responses
of macrophage cells
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macrophage phenotype
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Bleeding Inflammation Proliferation Remodeling

Freshly healed
Wound Blood clot Scab epidermis
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Blood vessel Macrophage Fibroblasts Freshly healed dermis
Fibroblast proliferating
Macrophage cell
phenotype
Tissue-resident Pro-inflammatory Pro-reparative
macrophage macrophage macrophage
Cytokines TNF-a Cytokines VEGF and
and IL-6 TGF-8
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Physico-chemical properties of

scaffolds Predictive modeling using

Biological parameters of macrophage LT DL e B

cells

SEM images of macrophage cells

Model training
Evaluation/validation

X, Inflammatory responses
Xp— @ — Y ‘ Cell-material interaction
X Material performance

Scaffold performance

input output
physico-chemical and expression levels of in vitro
feature extraction biological parameters inflammatory responses

3. Macrophage Scanning Electron Microscope (SEM) image processing

4. Preliminary results

5. Preliminary Convolutional Neural Network (CNN) modeling

Original SEM image

Image
processing
modules

Accuracy on

Correction

modules for - identification
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filtering

0,
uCMIRLE training set (%) testing set (%) LAl 3
Linear regression 66.4 59.7 36.9
Support vector 72.1 64.1 31.9
regression
Lasso regression 63.9 58.2 38.9
Ridge regression 67.7 62.5 34.9
R f
andom forest 92.8 89.3 8.9
regression
DeC|S|on.tree 90.2 37 1 113
regression
K-nearest neighbor 85.6 78.9 17.7

Object

modules

Identified object (cells)

Feature Importances

Relative Importance

After hyperparameter tuning, random forest regression yielded the highest
accuracy of 92.8%. Ruffling index, fiber diameter and pore diameter
were identified as the most relevant parameters influencing inflammatory
responses. These results supported our previous findings (1,2). Preliminary

more evidence-based data to improve materials performance.

e Aim: assess the potential of applying CNN approaches to SEM image data to classify macrophage cells according to their phenotype

Processing large amount of cell image data in a time efficient manner

SEM images of
macrophage phenotypes

MO M1

(small dataset)

Pre-trained models by
large image datasets

CNN pre-trained models
using transfer learning

VGG16
ResNet50

Single-cell measurement o Dataset of 41 SEM macrophage images

modules « CellProfiler image analysis software
cell area/size
cell count per image

o Modified pipeline of human HT29 cell

cell shape Images analysis

perimeter . : .

intensity |dentify and quantify cell phenotypes
texture « Cell measurement data exportation for

further analysis

CellProfiler was found as an effective tool to process SEM
macrophage cell images, detect and extract different type of
features and measurements related to cell phenotypes. These
measurements can be exported and used as phenotype indica-
tors in future analysis to classify macrophage cells according to
their phenotypes.
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