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Abstract

Mechanobiological measurements have the potential to discriminate healthy from pathological cells.
However, a technology frequently used to measure these properties i.e. atomic force microscopy
(AFM), suffers from its low output and lack of standardization. In this work, we have optimized AFM
mechanical measurement on cell populations and developed a technology combining cell patterning
and AFM automation that has the potential to record data on hundreds of cells (956 cells measured
for the publication). On each cell, 16 force curves (FCs) and seven features/FC, constituting the
mechanome, were calculated. All the FCs were then classified using machine learning tools with a
statistical approach based on a fuzzy logic algorithm, trained to discriminate between non-malignant
and cancerous cells (training base, up to 120 cells/cell line). The proof of concept was first made on
prostate non-malignant (RWPE-1) and cancerous cell lines (PC3-GFP), then on non-malignant (Hs
895.5k) and cancerous (Hs 895.T) skin fibroblast cell lines and demonstrated the ability of our
method to classify correctly 73 % of the cells (194 cells in the data base/cell line) despite the very
high degree of similarity of the whole set of measurements (79 to 100 % similarity).
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Introduction

Atomic force microscopy (AFM), since its inception in life sciences, has allowed the description of
new properties of cell interfaces’™. Nano-mechanics®, physico-chemical interactions® and single
molecule interactions’® are some of the fields in which major advances have been made thanks to
this technique. From a mechanical point of view, for example, it has been shown that a cancerous
cell has different properties than a healthy cell’, that a normal cartilage tissue is harder than a tissue
evolving into osteoarthritis'’®, that a cardiomyocyte from a healthy heart is softer than a

1112 More recent work by Plodinec et al.”** on cancerous

cardiomyocyte from a heart failure context
biopsies have shown that the nanomechanical signatures of healthy and cancerous tissues are also

different.

In this work, we therefore wanted to find out whether it was possible to classify these
nanomechanical signatures. Our objective is to be able, on the basis of one measurement (or a small
series of measurements), to classify a cell as belonging to one class or another. In this context,
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machine learning can help®, but requires a big amount of data, to be trained, and thus we need a
method to acquire those big mechanobiological data. This can be achieved by automatizing AFM

biomechanical measurements®®*’

. We chose to work on a prostate epithelium cell line, RWPE-1
(isolated prostate epithelial cell from a 54-year-old white patient) and on a prostate cancer cell line,
modified to express the GFP fluorescent protein, PC3-GFP (cell line initiated from bone metastasis of

grade IV prostatic adenocarcinoma in a 62-year-old white male).

To reach our goal, we trained a machine learning algorithm. ML is a technology that automatically

learns from the data it is given. In our case, we based the ML on fuzzy logic, called LAMDA™ ™ t

o
recognize the two cell types. To be performant, this training requires a large amount of data, which is
poorly available in conventional bio-AFM. To overcome this difficulty, we have developed a process
for automating bio-AFM measurements that combines a strategy of living cells immobilization, on
extracellular matrix protein patterns, and a jython script that automatically controls the movement
of the AFM stage from cell to cell together with the mechanical AFM measurements (approach and
retract force-distance curves: FCs). The measurements have been optimized in terms of cell
patterning, indenter geometry (pyramid versus sphere), indenter velocity and number of

measurements per cell.

By posing the problem of classification, bio-AFM can be used as a real-world technique for diagnostic
purposes, for example. Indeed, a diagnosis starts with a population of unknown cells and it is then
necessary to find among this population, the cells exhibiting a pathological signature on the basis of
their biomechanical features. In this context, the statistical comparison is not valid, because even if
the two conditions are statistically different, it is often impossible, on the basis of a single
measurement or a series of measurements, to attribute a cell to one or the other condition. Indeed,
the fact that the differences are statistically significant does not mean, actually, that one can
attribute a measurement to one class or another.

This is where our work differs from most studies involving the measurement of mechanobiological
properties by AFM. Fundamental studies are based on the statistical comparison of two populations
of cells, supposedly homogeneous. The work consists in determining a biomechanical feature and
evaluating its relevance in the context of the discrimination of two cell types. The scientific problem
is always formulated in this way. The two cell populations are known, and the researcher tries to
show how they are biomechanically different. The comparison is then carried out by statistical tests
that show to what degree of certainty it is possible to affirm that condition n°1 is different from
condition n°2 on a given set of specific features.

Results

Selection of the parameters for mechanobiological data acquisition

The optimization of the measurements was conducted to meet two objectives: eliminate the
heterogeneity caused by the measurement and carry out as many measurements as possible. To
eliminate measurement heterogeneity, we determined the influence of immobilizing cells on
patterns and indenter geometry on the mechanical signature of the cells (Fig. 1A-L). To achieve a
maximum number of measurements, we determined the impact of the indenter velocity and the
number of measurements per cell on the mechanical signature of the cells (Fig. 1M-Y). We have
observed that cells that had adhered to a 40 x 40 um? square of fibronectin, and had therefore been
constrained to adopt the shape of this square, had a lower rigidity than unconstrained cells (from 3.0



+ 0.4 nN/um for cells randomly seeded on fibronectin to 2.3 * 0.2 nN/um for square constrained
cells) but more importantly have a smaller standard deviation on the measurements performed on
several cells (10) from 0.88 = 0.05 nN/um to 0.47 + 0.01 nN/um.
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Figure 1]|. Influence of 4 parameters (cell patterning, indenter geometry, indenter velocity and number of
measurements (FCs)/cell) on the histograms of the stiffness of PC3 cells obtained by force-distance
measurements. (A-F) Influence of cell patterning on the rigidity (k.. of PC3-GFP cells. Optical image of a PC3-
GFP cell randomly seeded on fibronectin (with no pattern) (A) and a PC3-GFP cell in adhesion on a 40 um x 40
um fibronectin square pattern (B). k., distributions measured with a pyramidal indenter (C, D). Measurements
are carried out on 10 cells seeded on a fibronectin coated coverslip (C) and on 10 cells arranged on 40 um-
square patterns of fibronectin (D). Values of the mean of the k.,; (E) and the distribution (F) are compared (red:
cells randomly seeded on fibronectin (with no pattern), blue: cells seeded on-squares patterns of fibronectin).
Number of FCs: nge; = 10 240. (G-L) Influence of the indenter geometry on the cells k.,;. SEM images of a
pyramidal probe (G) and of a spherical probe (H). Distributions of the k.,; measured on 14 PC3-GFP cells
arranged on 40 pm-square patterns measured with a pyramidal probe (lI) or a spherical probe (J). Comparison
of the k., mean values (K) and of the k.,; standard deviations (L) (dark blue: pyramid, light blue: sphere) ngc =
14 336. (M-Q) Influence of the indenter velocity on cells k., k., distributions of PC3-GFP cell arranged on 40
pm-square patterns (M-0). 10 PC3-GFP cells per panel measured with a spherical indenter at an indentation
velocity of respectively 5 (M), 25 (N) and 50 um/s (0O). Comparison of the k.; mean values (P) and of the
standard deviation (Q) at indentation velocities of 5 (light green), 10 (dark green), 25 (dark blue) and 50 pm/s
(light blue). Distribution histogram not represented for 10 um/s. ngc = 10 240. (R-Y) Influence of the number of
measurements per cell on k.,; of cells. k., maps of 1024 (R), 256 (S) and 16 points (T) of the cell surface.
Distributions of k., (PC3-GFP cell populations arranged on 40 um-square patterns, probed with a sphere at 50
um/s) of 9 cells per panel and 9 216 (U), 2 304 (V) and 144 indentations (W). Comparison of the k., (X) and
standard deviation values (Y) for 1 024 (light blue), 256 (dark blue) and 16 indentations (purple). The error bars
represent the standard deviation of the measurements. Statistical analysis was performed using a t-test: *** =
p-value £0.001; ** = p-value £ 0.005; * = p-value £ 0.05; n.s. = not significant.

AFM measurements performed over a larger contact area on the cells give a global mechanical
signature and should be not dependent on the exact position of the indenter over the surface. The
geometry of the indenter is thus expected to play a role in the dispersion of the results acquired over
a population of cells. To evaluate the impact of the indenter geometry and size we compared the



rigidity of patterned cells, at the velocity of 50 pm/s, using either pyramidal indenters (radius = 20
nm, half open-angle = 35 °, nominal spring constant = 0.01 N/m, MLCT-BIO-DC, Bruker AFM Probes)
or spherical levers (microsphere: 5 um diameter). The mean cell rigidity (measured as the mean of
the slopes of the cell approach curves and named k.,;) did not exhibit any significant difference (ke,: =
2.4 £ 0.3 nN/um for a pyramid indenter and k., = 2.6 * 0.3 nN/um for a spherical indenter) with
either indenter. However, as expected, the results are significantly less dispersed in the case of the
spherical probe (mean standard deviation = 0.16 + 0.07 nN/um), compared to the pyramidal probe
(mean standard deviation = 0.26 + 0.12 nN/um). We have therefore retained the spherical probe for
the rest of the study.

In the conditions we tested, the fact of carrying out measurements at higher or lower velocity (from
5 to 50 um/s) did not change the values of the apparent cell rigidity, and moreover did not affect the
dispersion of the results at 5 um/s (ke = 1.7 £ 0.3 nN/um), 10 um/s (kex: = 2.0 £ 0.5 nN/pm), 25 pm/s
(kext = 2.1 £ 0.5 nN/um) and 50 um/s (ke = 2.1 £ 0.3 nN/um). Our goal being to measure a large
number of cells in a limited time, we have selected a velocity of 50 um/s for the rest of the study.
Finally, to reduce the measurement time, we evaluated the impact of the number of measurements
performed on each patterned cell, at 50 um/s with a spherical indenter. We compared data from 1
024, 256, 16 (Fig. 1R-Y) and 4 measurements (Supplementary Information 1) per cell. It appears that
under these conditions, neither the value of the rigidity (k. = 2.7 + 0.3 nN/um for 1 024, k.. = 2.7
0.3 nN/um for 256 and k., = 2.6 = 0.4 nN/um for 16 measurements) nor the dispersion of the result
(mean standard deviation = 0.15 * 0.08 nN/um for 1 024, mean standard deviation = 0.15 + 0.11
nN/um for 256 and mean standard deviation = 0.17 + 0.10 nN/um for 16 measurements) change
between the three sets of measurements with different numbers thereof. To increase the number of
cells measured in a given time, we have chosen to limit our experiments to 16 force-distance curves
(FCs) per cell.

Automation and analysis of AFM mechanobiological measurements

The next step was to automate the AFM measurements on live cell lines to generate sufficient data
for machine learning analysis. We started from the concept developed by Proa-Coronado et al. ***"',
In these pioneering works, a smart strategy combining directed immobilisation of microorganisms (in
a micro-structured PDMS stamp) and AFM automation (script, compatible with the JPK Nanowizard
Il AFM"Y) had been developed to acquire data FCs automatically, from cell to cell. The mammalian
cells under investigation in our current work being much larger (30-40 pm against only 5 um for the
microorganisms in these articles) we had to use another method to immobilize the cells. We decided
to prepare cells arrays (Fig. 2A) following the protocol described in Lagraulet et al.”2. This method is
based on microcontact-printing of extracellular matrix proteins (here fibronectin). After passivation
by PLL-g-PEG of the area not covered by fibronectin (Fig. 2Af), cells immobilize themselves in a
preferential way on the fibronectin squares patterns (40 x 40 um?), creating cells arrays (Fig. 2B). As
far as automation is concerned, we adapted the Proa-Coronado’s script’® to consider larger
displacement between cells. Overall the script (Supplementary Information 2 and in a Github open
repository: https://github.com/OphelieThomas/Automated-BioAFM.git) automatically performs the
following steps (Fig. 2C): 1) Indenter positioning on the centre of the first cell; 2) Indenter positioning
on the centre of the last cell; 3) Calculation of the position of each cell on the array; 4) Indenter
positioning and FCs acquisition on the first cell; 5) Movement to the next cell and data acquisition
and so on until the end of the array (Supplementary Information 3 and Methods).



PLL-g-PEG
a) Fabrication

Fibronectin functionalized glass slide f) Passivation

Fibronectin droplet

b) Inking

|
Sam [ e eouSsans |
d) Microcontact- _ Functionalized glass slide h) Cells seeding
printing |
Activated glass slide
° ° ° ° . e
e) End of step 1 Fibronectin functionalized glass slide Cell micro-array i) Final step

- =2
G '.

Centre coordinates of
I the first cell

| centre coordinates of
the last cell
Calculate the distance
between each cell
Acquiring the data
All colls

scanned?

Figure 2|. Preparation of cells array. (A) Microcontact-printing steps. The magnetic, micro-structured PDMS
stamp (a) is inked with extracellular matrix proteins (fibronectin) for 1 min (b), then dried (c). It is then brought
into contact with a plasma-activated glass slide for the microcontact-printing step (d), which makes it possible
to obtain a slide functionalized with fibronectin (e). Subsequently, the non-adhesive molecules of PLL-g-PEG are
added to cover the unpatterned areas (f), then washed (g). Finally, the cells are seeded on the substrate (h).
After 24 h, the cells are specifically attached to the fibronectin patterns and a cell micro-array is obtained (i, B).
(B) Fluorescence image of PC3-GFP cells having adhered to the fibronectin patterns. (C) Steps for automating
AFM measurements on an array of cells.

This automatic data acquisition protocol turned out to exhibit a limitation due to the fabrication of
cell arrays. During fabrication, as we work with living cells, it can happen that after adhering to the
fibronectin patterns, a cell divides, resulting in 2 cells on a micropattern. As a photo is taken before a
position is indented, it is possible, at the time of analysis, to eliminate positions occupied by 2 cells.
Another limitation was the precision of the automatic sample displacement stage. This implied that
the operator needed to regularly reposition the indenter manually on the cells. A precise stage would
allow us to overcome this limitation and to accelerate the data acquisition process. Nevertheless,
thanks to the regularly positioned cell array, it was quicker to reposition the AFM stage on the cells.
In this way, we were able to record data on 244 cells of RWPE-1 and 244 cells of PC3-GFP. On each
cell, 16 FCs were recorded and 7 features were measured or calculated (Fig. 3 and Methods). These
features are the rigidity measured on the approach curve (k.,:), the rigidity measured on the retract
curve (k.), the indenter/cell distance in nanometres of the peak of adhesion relatively to the point of
contact (x,,,), the value in nanonewtons of the peak of adhesion in relation to the baseline of the FC



(faar), the work of adhesion in femtojoule (W,44), the Young's modulus calculated by the Hertz model
adapted to a sphere of 5 um in diameter (E) and the RMS, i.e. the square root in piconewton of the
sum of square errors between the model and the indentation curve (see Methods section for
details).
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Figure 3]|. Cell biomechanical features extracted from the measured FCs and used as inputs for the machine
learning algorithm. (A, B) Typical FCs (approach and retract) on two population of prostatic cells RWPE-1 (A)
and PC3-GFP (B). (C) is a pedagogical force curve representing the 7 features used in the machine learning
algorithm. The Young's modulus fit is deliberately very poor to illustrate the RMS feature.

These 7 features were measured or calculated for all the FCs (see Methods), i.e. 54 656 values in
total, which represents a quantity of data compatible with an analysis by machine learning. All the
data, cell by cell are right now available in Supplementary Information 4 and raw data are available in
a Zenodo open repository (10.5281/zeno0do.12652760).

Mechanome data and its analysis using a dedicated machine learning algorithm based on
fuzzy logic

The results obtained on 9 typical cells, the mean of 100 cells and a graphical representation in the
form of a spider chart (the values are normalized between 0 and 1 for each feature) of the results
obtained on 100 RWPE-1, 100 PC3-GFP, 100 Hs 895.Sk and 100 Hs 895.T are presented in Fig. 4. The
conventional comparison of the two cell lines is also presented in Fig. 4, feature by feature. Indeed,
the two cell lines are statistically different (except for the rigidity of the approach curve, first column)
but it also appears that for each feature, a majority of the data are included, for the two cell lines,
between two bounds represented by green vertical lines (Fig. 4F’-L"’). The lower bound is the smaller
of the two means (RWPE-1 or PC3-GFP) minus standard deviation and the upper bound is the larger
of the two means (RWPE-1 or PC3-GFP) plus standard deviation. The lowest percentage of data
within these bounds was 82 % for the rigidity on the approach curve, and the highest was 100 % for
the area under the curve (see Supplementary Information 5). In Fig. 4, comparisons are made on 40
um patterns, but we also compared 30 and 20 um patterns (see Supplementary Information 6). For
these smaller patterns, the mean values of k.,; and E do not overlap, unlike for the 40 um patterns.
To demonstrate the power of the fuzzy logic algorithm used in this study, we have chosen to work in
the most difficult situation for ourselves i.e. when the 2 populations overlap (on 40 um patterns). In



this situation, classifying an unknown cell into one group or the other, on the basis of direct
comparison, is not possible. The two cell lines are statistically different, but this is not sufficient to
establish a diagnosis and classify an unknown cell in one or the other category. To further
demonstrate the validity of our method, we tested another pair of cell lines derived from cancerous
and non-cancerous skin fibroblasts (Hs 895.T and Hs 895.Sk, respectively). The conventional
comparison of these 2 cell lines is presented in Supplementary Information 7, feature by feature. In
the same way as the PC3-GFP/RWPE-1 pair, these 2 cell lines are statistically different but it also
appears that for each feature, the majority of the data overlap.

For this reason, we decided to train a supervised machine learning algorithm2°, named LAMDA and
based on fuzzy logic, to discriminate between the two cell lines. We first determined the relevant
parameters to perform the classification using another algorithm called MEMBAS®™, testing
combination of over 20 parameters from the force curves. The results are shown in Supplementary
Information 8. This analysis showed that the 7 features presented in Fig. 3 are relevant and enable
the best classification. The first step is then, to generate a training data set of sufficient size to allow
the algorithm to learn how to discriminate the FCs in an optimum way (80 % of the data set) and to
test its performance (20 % of the data set: predicted performance). Each FC (including all 7 features)
is correctly labelled as either PC3-GFP or RWPE-1. Supplementary Information 9 presents the
predicted performance of the algorithm (grey line) and the actual performance (obtained after
training on test data sets of 144 cells) for classification of RWPE-1 (green line) and PC3-GFP (purple
line) as a function of the number of cells included in the training. The predicted performance varies
little with the number of cells in the training base. However, the actual performance exhibited a
different tendency. The performance for PC3-GFP classification is low for a small training base (17
cells: 59 %) and increases for 39 cells (91 %) and then slowly deteriorates for larger training bases
(47: 90 %; 69: 86 %; 100: 72 %; 120: 82 %). Meanwhile, for RWPE-1 cells, the actual performance for
a 17-cell training base is 89 %, then decreases to 67 % for 39 cells and then increases again with
larger bases (47: 70 %; 69: 75 %; 100: 81 %; 120: 78 %). It appears from this analysis that an optimum
is reached for a training base of 100 cells, the performances for PC3-GFP and RWPE-1 being close (72
% and 81 % respectively). At 120 cells, the same observation can be made, and it is therefore
unnecessary to increase the learning data set beyond 100 cells.

These 100 cells presented Fig. 4, randomly selected from the different days of experimentation (4

different days for RWPE-1 and 9 different days for PC3-GFP) constitute our training database for our
machine learning algorithm. We tested several learning algorithms, the fuzzy binomial, the fuzzy
centred binomial and the normal gaussian associated with probabilistic or MinMax connectives™.
The performance of each of these algorithms is summarized in Supplementary Information 10. The
normal gaussian, whether with probabilistic connectives or MinMax, had the best predicted
classification rate. However, when it was actually tested, on a test data set (containing 144 RWPE-1
cells and 144 PC3-GFP cells, unknown to the algorithm), it associated all the FCs with a single cell line
(the PC3-GFP line) and none was classified as RWPE-1, which made it a poor algorithm in this
situation. The fuzzy (centred) binomial functions presented interesting performances on our test
data set (between 54 % and 95 % depending on the function, connective and cell line considered),
especially when they were associated with the probabilistic connective. The fuzzy centred binomial
classified the RWPE-1 "unknown" test set better than the fuzzy binomial (95 % and 89 %,
respectively), but was not as performant with PC3-GFP (54 % and 67 %, respectively). We therefore
chose the binomial fuzzy function coupled with the probabilistic connective which had the advantage
of having the best classification performance on the test data set while minimizing the classification
difference between the RWPE-1 and PC3-GFP cell lines (89 % and 67 %, respectively). The predicted



global performance is 76 % taking into consideration a combination of seven biomechanical features

measured or calculated from the AFM FCs.
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Figure 4|. Conventional comparison of the 7 biomechanical features measured for the non-malignant (RWPE-
1 or Hs 895.Sk) and the malignant (PC3-GFP or Hs 895.T) cell lines. (A) Table presenting the median values of
the 7 biomechanical features extracted from the AFM measurements (rigidity on approach, Young's modulus,
RMS, rigidity on retract, adhesion, minimum position and area under the curve) for the cell line RWPE-1 (top)
and PC3-GFP (bottom). Values from ‘Cell 1’ to ‘Cell 100’ correspond to single cell values. The column is the
median values of the 100 cells database. The individual values of all cells used for the training base (n.s = 100)
are in Supplementary Information 4. (B-E) Spider charts of the 7 normalized features of the median of 100
RWPE-1 cells (B), 100 PC3-GFP cells (C), 100 Hs 895.Sk cells (D) and 100 Hs 895.T cells (E). (F-L) Comparison of
the mean values of the 7 features measured between a population of RWPE-1 cells (green) and a population of
PC3-GFP cells (purple) arranged on 40 um-square patterns of fibronectin. The error bars represent the standard
deviation of the various measurements made. Statistical analysis was performed using a t-test: *** = p-value <
0.005; ** = p-value < 0.01; n.s.
spherical indenter on populations of RWPE-1 (green) and PC3-GFP (purple) cells. nges = 100; nges = 1 600.

not significant. (F'-L") Distributions of the 7 features measured with a

This classification was done for each measured FC but, as explained before, we made several
measurements per cell (16). We needed to keep in mind that what must be classified in fine are cells,
i.e. batches of 16 FCs. To classify a cell and not just a single FC, we had to choose, arbitrarily or
according to an objective, a threshold number above which a set of 16 curves was classified in the
RWPE-1 category or in the PC3-GFP category. Overall classification performance for PC3-GFP (Fig. 5A)
and RWPE-1 (Fig. 5B) cells was calculated based on the threshold that determined classification. It is
important here to discuss what criteria might be objective in determining this threshold. In the
context of cancer diagnosis or treatment, it could be very serious to miss a cancerous cell (false



negative) while misclassifying a healthy cell into the diseased class would be equally serious (false
positive). This means that we want to obtain a test with the best possible sensitivity. In other words,
to objectify the threshold, it is therefore necessary that the clinician makes a benefit/risk balance
between false negatives and false positives. In a different context, e.g. therapeutic follow-up, false
positive classifications could be an issue because it would wrongly call into question the effectiveness
of a treatment. In this case, the aim is to obtain a test with the best possible specificity. The use of Al
algorithms in medicine has raised ethical issues that are discussed in literature>™. In this paper, it is
not our intend to address these questions, but it seems legitimate to point out these issues. As an
example, we chose arbitrarily to place ourselves in the case where we did not want to miss any
cancerous cells, at the risk of misclassifying non-malignant cells as cancerous. To achieve this, we
defined a very conservative threshold for cancerous cells at four FCs. When four out of the 16 force-
distance measurements per cell are classified as PC3-GFP, we decide that the cell is classified as a
PC3-GFP, i.e. a cancerous cell. With this threshold, the sensitivity of the test (i.e. the rate of correct
classification of true positives, light purple, Fig. 5A) was 94 %. The false negative rate, i.e. PC3-GFP
cells (cancerous) misclassified as RWPE-1 (non-malignant), was only 6 % (dark green, Fig. 5A). This
rate increased very rapidly (slope of 1.9 for a threshold number between 0 and 6), while the false
positive rate (Fig. 5B, dark purple curve) increased more slowly (slope of 1.4 for a threshold number
between 0 and 6). A threshold of only 4 FCs to assign a PC3-GFP cell, leaded in “mirror” to a
threshold number of 13 FCs to assign a RWPE-1 cell. This is possible thanks to the slow increases of
false positives as a function of the threshold. In doing so, we obtained a specificity of 71 % (this is the
rate of correct classification of true negatives, light green, Fig. 5B) and 29 % of RWPE-1 cells were
incorrectly assigned to the PC3-GFP category (cancerous), i.e. false positives (dark purple, Fig. 5B).

This threshold produced a specific benefit/risk ratio where cancerous cells were recognised at 94 %
but conversely the number of false positives was quite high. The same exercise could be carried out
with different thresholds, the only constraint being that the sum of the 2 thresholds must be equal to
17. In fact, we found that if this sum is less than 17, some cells may correspond to the 2 categories
and an ”“indeterminate” class will have to be created. With this in mind, we also classified our pair of
Hs 895.Sk/Hs 895.T cell lines. To have a similar number of true positives and true negatives, we
decided to set the threshold at 8 FCs per cell classified as Hs. 895.T to classify the entire cell as Hs
895.T. In this way, we were able to correctly classify 63 % of Hs 895.T cells and 69 % of Hs 895.Sk cells
(Fig. 5C-D). Naturally, this threshold is arbitrarily assigned to 8 and can be moved to increase the rate
of true positives or true negatives. In total, the performance achieved by the algorithm selected with
a numerical threshold of 4 or 8, to be correctly classified, must be compared with the similarity rates
(between 79 and 100 % depending on the feature concerned) between the different cell lines (see
Supplementary Information 5).

Another way to classify cells would be to use the mean of the 16 FCs in each cell. However, using
means takes away some freedom in finding solutions to the classification (no adjustable threshold),
i.e. we can no longer tune the classification as a function of the clinical objectives and pathological
context where sometimes false positive can be tolerated or not.

Finally, we observed that there was a difference in the profile between the correct classification of
PC3-GFP (Fig. 5A, light purple line) and RWPE-1 (Fig. 5B, light green line). The rate of correct
classification drops more rapidly for PC3-GFP than for RWPE-1 as a function of the threshold number
of FCs used for the cell classification. This indicated that the biomechanical measurements were
probably more homogeneous with RWPE-1 than with PC3-GFP. Indeed, for RWPE-1 cells, the
probability of correct recognition was very close for a threshold number between 1 curve/16 (99 %)



and 13 curves/16 (71 %) (Fig. 5B). In contrast, for PC3-GFP the correct recognition for a threshold
number of 1 curve/16 is 99 % but only 49 % for a threshold number of 13 curves/16.
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Figure 5|. Performance of LAMDA for the classification of PC3-GFP and RWPE-1 cells (A, B) and of Hs 895.T
and Hs 895.Sk cells (C, D) as a function of the threshold number of FCs/cell assigned to one or the other
category. The red bar represents a possible assignment of the threshold in order to avoid misclassification of
cancerous cells (PC3-GFP and Hs 895.T cells). (A, B) Percentages of classification of cells as PC3-GFP or RWPE-1
based on the minimum threshold to classify as PC3-GFP (A) or RWPE-1 (B). (C, D) Percentages of classification
of cells as Hs 895.T or Hs 895.Sk based on the minimum threshold to classify as Hs 895.T (C) or Hs 895.Sk (D).
The light purple curve represents true positives and the light green curve represents true negatives. The dark
green curve represents false negatives and the dark purple curve represents false positives.

To validate the concept, we then designed an experiment allowing us to confirm the classification
performed by the algorithm. In this experiment, we performed a co-incubation of the two cell lines
by seeding them on the same fibronectin array (Fig. 6A). AFM measurements were then performed
on 100 cells (Fig. 6B), analysed for the seven features considered (Fig. 6C), and classified by our
previously developed algorithm. The classification produced by the algorithm predict that 63 cells are
PC3-GFP cells and that 37 cells are RWPE-1 cells. Because PC3-GFP express GFP (Fig. 6D), we were
able to compare the classification of the algorithm with the fluorescence images. Considering all the
100 cells, the overall concordant classification rate between the algorithm and the fluorescent
validation was 73 %; among which 68 % of PC3 cells and 81 % of RWPE-1 cells were correctly
identified (Fig. 6E). Once again, this result must be put in perspective with the overlap between the
measured biomechanical feature values of the two cell lines (Fig. 4). This experiment allowed us to
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guantitatively determine the performance of our algorithm and that it was able to discriminate
between cancerous cells (PC3-GFP) and non-malignant cells (RWPE-1). The sensitivity which refers to
the ability of a method to correctly identify true positives from false negatives (= true positives /
(true positives + false negatives)) where true positives are PC3-GFP cells classified as PC3-GFP cells,
and false negatives are PC3-GFP cells classified as RWPE-1 cells is 0.78; In contrast, the specificity
which is the ability to detect true negatives from false positives (= true negatives / (true negatives +
false positives)) where true negatives are RWPE-1 cells classified as RWPE-1 cells and false positives
are RWPE-1 cells classified as PC3-GFP cells is 0.72. The accuracy, which corresponds to all the
correct assignments in relation to the total (= (true-positives + true-negatives) / (true-positives +
true-negatives + false-positives + false-negatives)) is 0.75. These results should be compared with the
percentages of overlap between the values of the 7 features of the 2 cell lines, which ranged from 82
% to 100 %. At this stage, a sensitivity of 78 % does not provide a marketable diagnostic tool for
cancer detection. The aim of this study is rather to demonstrate the ability of the LAMDA algorithm
to discriminate between cell lines under co-incubation conditions.
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Figure 6|. Performance validation of the LAMDA algorithm on RWPE-1 and PC3-GFP cell lines co-incubated
on the same fibronectin array. (A) Blind measurements. RWPE-1 and PC3-GFP cell lines were co-incubated on
the same fibronectin array. (B) Different FCs measured on the cell array in (A). (C) Table showing the mean
values over the 16 FCs/cell of the seven features used (approach rigidity, Young's modulus, RMS, retract
rigidity, adhesion, minimum position and area under the curve) for the different indented cells in (A). (D)
Validation using GFP fluorescence of PC3 cells on the same cell array as in (A). Green cells correspond to PC3-
GFP while cells in bright field correspond to RWPE-1. (E) Table showing the class assigned by the algorithm for
each cell measured in (A) and its validation by fluorescence microscopy. The correct classification corresponds
to the matches between the classification by algorithm and the verification by fluorescence.

Discussion
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Atomic force microscopy is a popular technology for obtaining mechanobiology data on living cells.
Among the other available methods used to address the measurement of mechanical features on
cells, one can cite micropipette aspiration (MPA), laser particle tracking micro-rheology (PTM),
optical stretching (0OS), parallel plate rheometry (PPR), and real-time deformability/magnetic twisting
cytometry (MTC) 2?8, Unlike AFM, which probes the cells locally, these techniques (except MTC)
probe the cells globally. Therefore, they cannot be used to obtain information about specific regions
of the cell such as the cytoplasm and nucleus. In addition, OS and PTM probe non-adherent cells
which is therefore suitable for studying blood cells or circulating tumour cells but is not relevant for
exploring adherent epithelial cells. One advantage of AFM over other techniques is that it allows
multiparametric measurements®. Smolyakov et al. demonstrated a few years ago that adhesion,
elasticity and tethers extrusion were interesting features that can be interpreted from FCs. Very
recently Wang et al.® called the combination of several mechanical features mechanome and
demonstrated its interest in deciphering between non-malignant and malignant cells. In the present
work, we developed this concept a step further, by extracting and combining seven features from
approach and retract couple of force-distance curves (FCs). Another advantage of AFM compared to
some other techniques lies in the possibility of combining it with other techniques, especially optical
ones, which makes it a multimethodological approach®. Combining AFM with optical and/or
fluorescence microscopy allowing, on the one hand, to visualize the cell morphology globally, and on
the other hand to target, with the indenter, specific elements related to cell mechanics (vinculin,
actin, myosin, etc.), labelled with fluorescence®>2,

Although AFM is a technique of choice compared to other methods used to obtain mechanobiology
data, it presents a limitation in its development, related to the great dispersity of the experimental
procedures (cell immobilization, indenter velocity, indenter geometry), as well as the data processing
methods (model used to fit the indentation curves, determination of the contact point, indentation
depth fitted, Poisson ratio choice, etc.). This is concretized by the fact that, concerning Young's
modulus, the literature is full of contradictory results, most probably because they were not obtained
under comparable conditions®. For example, on non-cancerous cell lines, such as HCV29 from the
bladder, the results can vary between 7.5 and 33.0 kPa**%¢ and this is also the case for the prostate
cell line RWPE-1 with results ranging from 6.1 to 87.0 kPa>*~ and in our case, a Young’s modulus of
0.5 £ 0.2 kPa. But the same is true for cancerous cell lines, such as the PC3 cell line from the prostate,
with results ranging from 1.4 to 2.5 kPa*®** and even less in our work: 0.3 + 0.1 kPa or the MCF-7 cell
line from the breast, with results ranging between 0.4 and 87.0 kPa*****. It should be noted that in
the present work we use a feature measuring the quality of the fit to the model used to calculate the
cell Young’s modulus making the fit quality one of the discriminating features used in the
multiparametric clustering algorithm.

To further minimize these problems, we questioned the experimental parameters used in our study.
This step is important to standardize and produce comparable results. We evaluated the impact of 4
parameters (cell patterning, indenter geometry, indenter velocity, number of measurements per cell)
and propose a set of parameters that minimizes the data acquisition time while limiting the data
dispersion due to measurement. This step (Fig. 1) allowed us to choose the parameters to indent the
different cell lines for this study. It was thus concluded that the cells would be localized on 40 um x
40 pum square fibronectin patterns on which they adhere and that 16 indentations per cell with a
spherical indenter at an indentation velocity of 50 um/s would be performed.

Another limitation of mechanobiological measurements by AFM comes from its low throughput. To
our knowledge, there are no bio-AFM publications based on the measurement of many cells, the
average number being around 30 cells. One way to overcome this limitation is to automate the
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measurements to increase the data throughput and obtain measurements on a statistically
significant number of cells. Different automation approaches have been tried. For example, Favre et
al.* multiplexed the number of cantilevers using two-dimensional probe arrays to run up to 35 AFM
measurements in parallel. Sadeghian et al.*® designed 4 miniaturized AFMs in parallel, making
possible 4 measurements at the same time and at different locations over a large surface sample.
Dujardin et al.*’ developed a script allowing the AFM to automatically switch from one sample to
another; thus, they were able to analyse without user intervention 485 bacteria in about 8 h. These
works are dedicated to imaging***’ or performed on non-living materials*®. On the contrary, even if
the precision of the sample displacement stage poses a limit (Fig. 2, Supplementary Information 2-3),
we were able to measure a record number of living mammalian cells (956 cells) and to produce a
large number of data (107 072 features in total) compatible with artificial intelligence analysis. In
fact, we were able to test and use training bases containing up to 240 cells (120 non-cancerous and
120 cancerous cells: Supplementary Information 9A) and decided to work with a training dataset
consisting of 100 cells. For the RWPE-1/PC3-GFP cell line pair, it appears that for a training base
containing less than 50 cells, only one category of cells (e.g. cancerous) is well classified while the
second category (non-cancerous) has a much lower rate of correct classification. This may be due to
an underfitting linked to the low amount of data in the training database. Conversely, for the cell
lines pair Hs 895.Sk/Hs 895.T, it appears that for a training database containing more than 100 cells,
only one category of cells (e.g. cancerous) is well classified whereas the second category (non-
cancerous) has a much lower rate of correct classification (Supplementary Information 9B). This may
be due to an overfitting linked to a too large number of data in the training database. Finally, thanks
to cell patterning and the automation of AFM, this work opens the door to data analysis by machine
learning algorithms.

The majority of the few studies combining AFM and artificial intelligence are concerning AFM image
analysis®*™°. However, machine learning approaches to sort force-distance curves are emerging, for
example Miiller et al.>* trained an algorithm, called nanite, to estimate the quality of such force
curves, based on subjective ratings extracted from predefined features. The idea of classifying cell
lines, using a machine learning algorithm trained on biomechanical features derived from AFM
measurements was introduced by Wang et al.” In their work, the team combined two
mechanobiological features extracted from each approach FC (prestress and elastic modulus) which
they named mechanome. From this mechanome, they were able to create a cell malignancy classifier
based on SVM (support vector machine®). This can be considered as a breakthrough in AFM
mechanobiology, however, only two features extracted from a fit of the approach force curves were
considered and hundreds of FCs per cell were recorded. During the optimization of the AFM
measurements, we were able to show that making 256 or 16 measurements per cell had no impact
on the value of the rigidity nor on the dispersion of the results (Fig. 1R-Y), which implied that the
comparable values were measured several times in both cases. Therefore, by performing hundreds
of FCs per cell, the authors only measured between 30 and 57 cells per cell line on 4 pairs of
cancerous/non-cancerous cell lines (Hela/Cervical, MCF7/MCF10A, A549/Airway and PL16T/PL16B).
As a consequence, their training data set contained 49 cells which, in our case has been
demonstrated to be too small to get correct classification rates (Supplementary Information 9). In
addition, this 49-cell training base contained only the Hela/Cervical cell lines pair and was used to
classify all 4 cell lines pairs. By doing so, the authors surprisingly obtained correct classification rates
between 71 and 100 %. However, it is questionable whether this classifier will still be effective for
other cell lines.

In our study, we extended the mechanome concept by combining 7 features in a machine learning
algorithm capable of distinguishing between a cancerous cell line (PC3-GFP) and its nhon-cancerous
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counterpart (RWPE-1). We tested it under co-incubation conditions and demonstrated its ability to
discriminate between cell lines. In addition, we extended our study with a pair of other cell lines
(pairs of cancerous and non-cancerous cells, Hs 895.T/Hs 895.Sk from the same organ). It is also
possible to include this classification in clinical studies based on cancerous or non-cancerous biopsies
for diagnostic purposes. In the study by Sokolov et al.”, the authors collect samples from more than
60 patients with or without bladder cancer. This constitutes their database, which they then divide
between a training database and a test database. They then analyse five urine cells per patient. Each
cell is classified as cancerous or non-cancerous. The authors then decide to set a threshold of two out
of five cells classified as cancerous to assign a cancerous diagnosis to the patient. This is the first
application of machine learning classification in clinical practice. However, unlike our study, the
authors based their analysis on AFM images from which they extracted parameters, but did not look
directly at the mechanical properties of their samples. In addition, given that cancer cells tend to
aggregate to form a spherical structure, it could also be interesting to classify spheroids. Recent
studies®> have focused on the mechanical properties of spheroids as measured by AFM. The
mechanical properties of individual cells within the spheroid change according to the position of the
cell within the structure, with stiffer cells at the periphery and softer cells in the centre. So far, these
studies have measured up to a hundred spheroids. We certainly need to start thinking about how to
incorporate these new findings into machine learning classification.

In future works, still with the aim of better discriminating different cell types, it could be possible to
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complete the mechanome with additional features such as visco-elasticity

promising feature, specific adhesion (indenter functionalized with an antibody™"), membrane
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tethers (force, number, distance ), optical images of the cells, etc.

Conclusion

To conclude, our work tackles head-on several issues in the field of AFM mechanobiology. We
propose a set of optimized and justified AFM data acquisition parameters. We also present a method
for automatic AFM data acquisition. Once the script is set, the cells organized according to a defined
pattern are automatically moved under the AFM indenter to be measured. Thanks to this process, we
were able to perform measurements on hundreds of cells. The large amount of data generated was
then used to train a machine learning algorithm to discriminate non-malignant and cancerous cells
based on their nanomechanical properties. This is a major advance when compared to conventional
analysis (Fig. 4), which shows that 82-100 % of the features extracted from the FCs of the two cell
lines fall in the same range. This means that if we seek to classify a measurement, or a small number
of measurements performed on a cell, we cannot conventionally conclude to belong to one category
or the other, whereas this is made possible with machine learning. This quite versatile method is
undoubtedly generalizable to other cell types and to other problems of cell classification based on
their mechanome under the conditions that learning data sets are conveniently defined with respect
to the classification objective and clinical context of the related application.

Methods

Cell culture. The RWPE-1 cell line (ATCC CRL-11609) was cultured in K-SFM medium with 0.05 mg/mL
Bovine Pituitary Extract (BPE), 5 ng/mL Epidermal Growth Factor (EGF) and 1 % penicillin-
streptomycin (Gibco™, Thermo Fisher Scientific Inc.). The PC3-GFP cell line (kindly provided by the
Cuvillier laboratory at IPBS, Toulouse, France) is a cell line transformed to constitutively express the
green fluorescent protein (GFP) from the PC3 cell line. The PC3-GFP cell line was cultured in RPMI
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medium, containing L-glutamine, HEPES buffer and phenol red (Gibco™, Thermo Fisher Scientific Inc.)
with 10 % foetal bovine serum (FBS, Gibco™, Thermo Fisher Scientific Inc.), 1 % penicillin-
streptomycin (Gibco™, Thermo Fisher Scientific Inc.) and 1 % geneticin (G418, Gibco™, Thermo Fisher
Scientific Inc.). The Hs 895.5k cell line (ATCC CRL-7636) was cultured in DMEM medium containing
sodium bicarbonate, glucose and phenol red (Gibco™, Thermo Fisher Scientific Inc.) with 4 mM L-
glutamine (Gibco™, Thermo Fisher Scientific Inc.), 10 % foetal bovine serum (FBS, Gibco™, Thermo
Fisher Scientific Inc.). and 1 % penicillin-streptomycin (Gibco™, Thermo Fisher Scientific Inc.). The Hs
895.T cell line (ATCC CRL-7637) was cultured in DMEM medium containing sodium bicarbonate,
glucose and phenol red (Gibco™, Thermo Fisher Scientific Inc.) with 10 % foetal bovine serum (FBS,
Gibco™, Thermo Fisher Scientific Inc.). and 1 % penicillin-streptomycin (Gibco™, Thermo Fisher
Scientific Inc.). The 4 cell lines were grown in an incubator at 37 °C and 5 % CO,. The cells were then
seeded on 20 mm side glass coverslips at a concentration of 30 000 or 50 000 cells per cm? and
placed in 40 mm diameter Petri dishes overnight.

Production of cell arrays. The cell arrays production follows a two steps process. i) microcontact-
printing (LCP) of fibronectin patterns using the InnoStamp 40™ device®. ii) cell seeding.

Microcontact-printing. Flat or micro-structured (40 x 40 pm’ squares) PDMS stamps,
manufactured according to Fredonnet et al.®’, were deposited at the loading point of the InnoStamp
40™. 101 pL (for flat stamps) or 71 uL (for stamps with square patterns) of bovine plasma fibronectin
(Sigma Aldrich, Merck KGaA.) at a concentration of 100 pug/mL (in 1X PBS, pH 7.4: NaCl: 137 mM; KCl:
2.7 mM; Na,HPO,: 10 mM; KH,PO,: 1.8 mM) were deposited on a glass slide at the inking location of
the Innostamp 40™. The glass slide serving as the substrate was cleaned for 10 s with acetone, 10 s
with deionized water and 10 s with isopropanol before undergoing an oxygen plasma treatment
(Diener Pico, 50 W, 0.3 mbar, 1 min 30) (plasma activation). It was then placed on the InnoStamp
40™ drop zone. The automated PCP protocol was then initiated and consisted of inking the surface
of the PDMS stamps with fibronectin, followed by drying and finally uCP of the fibronectin onto a
glass coverslip. The functionalized glass slide was removed from the InnoStamp 40™ and placed in a
40 mm diameter Petri dish. 200 pL of PLL-g-PEG (PLL (20)-g [3.5]-PEG (2), SuSoS AG.) at a
concentration of 100 pug/mL (in 1X PBS, pH 7.4) were poured on the glass slides and after a 30 min
incubation, the coverslips were rinsed 3 times with 1X PBS, pH 7.4.

Cell seeding. RWPE-1, PC3-GFP, Hs 895.Sk and Hs 895.T cells were concentrated to 30,000 or
50,000 cells/cm? in K-SFM medium with 0.05 mg/mL Bovine Pituitary Extract (BPE), 5 ng/mL
Epidermal Growth Factor (EGF) and 1 % penicillin-streptomycin (Gibco™, Thermo Fisher Scientific
Inc.), in RPMI medium, containing L-glutamine, HEPES buffer and phenol red (Gibco™, Thermo Fisher
Scientific Inc. ) with 10 % foetal bovine serum (FBS, Gibco™, Thermo Fisher Scientific Inc.), 1 %
penicillin-streptomycin (Gibco™, Thermo Fisher Scientific Inc.) and 1 % geneticin (G418, Gibco™,
Thermo Fisher Scientific Inc.), in DMEM medium containing sodium bicarbonate, glucose and phenol
red (Gibco™, Thermo Fisher Scientific Inc. ) with 4 mM L-glutamine (Gibco™, Thermo Fisher Scientific
Inc.), 10 % foetal bovine serum (FBS, Gibco™, Thermo Fisher Scientific Inc.) and 1 % penicillin-
streptomycin (Gibco™, Thermo Fisher Scientific Inc.) and in DMEM medium containing sodium
bicarbonate, glucose and phenol red (Gibco™, Thermo Fisher Scientific Inc. ) with 10 % foetal bovine
serum (FBS, Gibco™, Thermo Fisher Scientific Inc.). and 1 % penicillin-streptomycin (Gibco™, Thermo
Fisher Scientific Inc.) respectively, then seeded onto glass coverslips placed in 40 mm diameter Petri
dishes supplemented with 2 mL of culture medium in an incubator at 37 °C and 5 % CO,. 1.5 h after
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seeding, the culture medium was changed to eliminate non-adherent cells. Then, cells were
incubated overnight before AFM measurements.

Making spherical probes. To prepare the spherical probe cantilevers, NP-O10 tipless AFM probes
were used. The cantilevers were cleaned with oxygen plasma (Diener Pico, 50 W, 3 min, 0.5 mbar,
100 %). Thanks to the AFM Nanowizard® Ill device (JPK Instruments, Bruker Nano GmbH.), the AFM
probes were approached to glue (Norland optical adhesive 63) deposited on a glass slide with a
setpoint of 2 V, then on silica beads of 5.04 um in diameter (Microsil Microspheres) for 30s with a
setpoint of 10 V. Finally, the cantilevers were placed under a UV lamp for 10 min.

Calibration of the cantilevers: sensitivity and spring constant. All AFM experiments were performed
on a NanoWizard® Il AFM device (JPK Instruments, Bruker Nano GmbH.) in contact mode, force
mapping. Before any experiment, the sensitivity of the AFM photodiode was calibrated. In this study,
MLCT-BIO-DC cantilevers of triangular geometry (radius 20 nm; semi-open angle 35 °) with a
sensitivity of 38.22 nm/V to 52.52 nm/V were used as well as spherical-shaped cantilevers with a
sensitivity of 33.49 nm/V to 46.64 nm/V. The spring constant was then calibrated by studying the
thermal fluctuation of the cantilever at 37 °C. The peak of the thermal spectrum was fitted to extract
the resonant frequency. In this study, the MLCT-BIO-DC cantilevers had spring constants ranging
from 0.007 N/m to 0.011 N/m and the spherical cantilevers between 0.016 N/m and 0.031 N/m.
Force mapping measurements were performed in culture medium buffered with 5 % CO, and
maintained at 37 °C using a PetriDishHeater (Bruker). Mapping was done with a relative setpoint of 3
nN, Z length of 5 um, extension velocity of 5, 10, 25, or 50 pm/s, and in 32 x 32; 16 x 16; or 4 x 4
pixels over 10 x 10 um? areas.

Force spectroscopy: measurement of the seven features. seven features were extracted from the
different FCs. These are the approach rigidity, the retract rigidity, the value of the adhesion force
relative to the baseline, the minimum position of the adhesion force relative to the contact point, the
adhesion work, the Young's modulus and the RMS.

- The approach and retract rigidities are calculated from the indentation slopes of the
approach and retract curves, respectively. These slopes fit 300 nm of indentation before and after
the setpoint, respectively.

- The adhesion force corresponds to the minimum value of the force of the retract curve and
to this position of indentation, the minimum position is assigned.

- The adhesion work is the area between the retract curve and the 1, describing the work
required to detach the AFM indenter from the sample surface.

- The Young's modulus (or elastic modulus) was calculated with the Hertz model for a sphere
and according to the formula:

F=2% Jrs32 ()

T 31-9p2

where F is the force applied to the sample, E the Young's modulus, v is the Poisson's ratio, which is
considered equal to 0.5 for soft biological samples, § the indentation and R the radius of the sphere,
i.e. 2.52 um for Microspheres beads.
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- The RMS is the square root in piconewton of the sum of square errors between the model
and the indentation curve and describes the quality of the fit.

All data analyses were performed with JPK Data Processing software (version 6.1.186).

For spider chart representation, the median values (median over the 16 FCs) of all cells in the training
base (100 PC3-GFP + 100 RWPE-1) were normalized between 0 and 1 for each feature. This gave 200
values for each feature, with a single minimum corresponding to a normalized value of 0 and a single
maximum corresponding to a normalized value of 1. We used the following formula:

feature value — minimum of this feature

normalized feature = - - — -
f maximumof this feature — minimum of this feature

Finally, the median of 100 normalized values per feature and per cell line was calculated, and it is
these normalized values that are represented on the spider charts (figure 4B and C).

Automation of mechanobiological measurements. The measurements by automation could be
carried out on 376 positions in around 1.5 h. AFM automation was performed using a motorized
precision stage MotStage Zeiss AxioObserver (S/N SM-01-0027) mounted on a Zeiss Axiovert 200M
inverted optical microscope. To run the automation script, the Experiment Planner Module, included
in the JPK SPM software control (SPM version 6.1.146) (see Supplementary Information 2), was used.
This module works in Jython programming language and is compatible with Ubuntu 10.04 LTS (Lucid
Lynx). Before running the script, we must first create a folder where the data will be saved. When
running the script, the first step is to indicate the name of this folder as Parent_dir (line 61). Then,
the second step is to indicate the variables of the ForceMaps, namely the size of the scan in ScanSize
and the number of measurements in ScanPixels (lines 132-133). Then, we must also indicate the
coordinates of the centre of the first cell (cell which is at the top left of the cells array) in P1 (line 111)
and those of the centre of the last cell of the line (cell which is at the top right of the cells array) in P2
(line 112) as well as the number of cells on this line (cells P1 and P2 included) in nFP (line 118). With
these three data, the script is able to calculate all other coordinates of the areas to be mapped within
the cells array. Next, the AFM stage is moved in order to position the cantilever in the centre of the
first cell. First, it takes an image of the cell. On that cell, several indentations are performed by
moving the cantilever, ensuring measurements on different regions of the cell. Once the cell has
been measured, the piezo is retracted and the AFM stage moves the cells array to the next cell, and
so on.

Fuzzy feature partition. The fuzzy function is a logic used to describe fuzziness. If the event to be
classified changes continuously, it cannot always be defined in one class rather than another. The
event is then defined in a fuzzy way. In general, the fuzzy function deals with vague information. In
the fuzzy function, the values assigned are between 0 and 1 and the object to be classified can
simultaneously belong to different classes with a certain degree of membership (between 0 and 1).

Class prediction — Fuzzy classification algorithm. The learning algorithm for multivariate data
analysis (LAMDA) is a fuzzy logic-based method for grouping features of an object together into
classes. This method is based on the computation of the adequacy degree, by means of a
membership function (the fuzzy binomial function) considering all the contributions of each input
feature of an object and the previously established classes. Several marginal adequacy degrees
(MAD) are associated to an object. Thus, n MADs are created for each object with each class.
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Subsequently, these n MADs of a single object are aggregated into the global adequacy degree (GAD)
of an object into a class using connectors.

Cell signature classification. The database with all cells was divided into training “Trainbase” (100
RWPE-1 cells and 100 PC3-GFP cells combined into one database) and test databases (144 RWPE-1
cells and 144 PC3-GFP cells, each cell line has its own test database). The seven extracted features
were normalized from 0 to 1. In the end, the “Trainbase” contains the normalized values of the seven
features of the 16 FCs of the 100 RWPE-1 cells and the 100 PC3-GFP cells. Each FC is assigned to a
class (1 or 2 for RWPE-1 or PC3-GFP). And the test databases contain the normalized values of the
seven features of the 16 FCs of the 144 other RWPE-1 cells and 144 other PC3-GFP cells. None of
these FCs are assigned to a class. The population of the “Trainbase” is the context for the algorithm.
LAMDA serves as a classifier for the algorithm and makes each new feature value in the test base
fuzzy. These fuzzy sets represent the degree of membership of the features for one or another of the
classes.”

1.X—Uy\2

Statistical analysis. Histograms have been fitted to a Gaussian distribution (f(x) = ﬁe“ 87,

In a Gaussian law, the centre (x) of the distribution is the mean and the median. The width at (e_%) of
the distribution corresponds to twice the standard deviation. Values are given as means % standard
deviations (SD). Distributions consider the values measured or calculated on each force curve for all
cells of the same cell line. Statistical t-tests were performed on Originlab up to a p-value of p < 0.001.
The values given in the table are the calculated medians of the 16 FCs per cell.

—
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Graphical abstract: Automated bio-AFM generation of large
mechanome data set and their analysis by machine learning to
classify cancerous cell lines.
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