CHAPTER

RESULTS

The sensitivity of the Fabry-Perot resonator can be used to detect changes in the shape, size and,
refractive index of cells flowing through the microfluidic channel. When a cell, or any other micro-
sized body crosses the resonator it perturbs the fringe pattern. This chapter shows how to detect, acquire,

and process the perturbation to extract meaningful information about cells’ optomechanical properties.

3.1 Fabry-Perot resonator fringe pattern analysis for cytometry

The analysis of the cell-induced fringe pattern perturbation allows us to retrieve the cell’s optomechanical
properties. First, we present a detailed description of the observed perturbation types, together with
the relevant parameters. Next, we show the related information about the Cell-Induced Fringe Pattern
Perturbation (CFPP) and its extraction from the experimental data, followed by computational and
statistical analysis. Finally, we discuss the computed values for CFL and Finesse for the following samples:
Saccharomyces cerevisiae (yeast), tetraselmis (algae), 3 um diameter polystyrene beads, and 15 ym

diameter microgel beads (which mimic cell mechanical properties [36]).

3.1.1 Acoustofluidic channel Fabry-Perot fringe pattern

As shown in Section 2.1, an interferometric cavity surrounds the microfluidic channel. The laser beam
coupled into the empty cavity (i.e. devoid of cells) produces the Resonator Fringe Pattern (RFP), shown
in Fig. (3.1) and mathematically described by the Airy function (eq. (1.15)). The Gaussian beam’s waist
diameter, focussed by the microscope objective, is marked by the yellow bar in the center of the concentric

circles (Fig. (3.1)), highlighting the interaction region around the interferometer’s axis.

3.1.1.1 Interferometer’s Fringe Pattern stability

Since Fabry-Perot’s resonator reflective surfaces are the planar glass plates that define the microfluidic

channel, the interferometer is highly sensitive to temperature gradients and hydrostatic pressure from
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FIGURE 3.1. Fabry-Perot’s resonator fringe pattern Resonator Fringe Pattern (RFP). The
focussed laser’s beam waist is wg =~ 4um.

the induced flow. The latter is controlled by two syringes (as reservoirs): in the measurement, the liquid
level in the syringes changes and, with it, the particle speed and the pressure inside the channel. The
resonator’s fringe pattern can be affected by the acoustic wave amplitude change which manipulates the
cells inside the channel. All these effects contribute to change the order of interference m, inducing a shift
in the concentric circles observed in the RFP, which remains constant only for short periods (from seconds
to minutes, depending on condition). This slow drift must be taken into account to avoid biasing the data

analysis.

3.1.2 Weak and strong perturbations of the cell-induced fringe pattern

The intensity of the observed perturbation strongly depends on the cell’s position (x, y, z) inside the Fabry-
Perot cavity. A strong perturbation occurs when the cell crosses the Fabry-Perot resonator axis (0,0, z). In
this position, light impinges on the cell at normal incidence, equivalent to a maximum phase shift, «a =0
(cf. Section (2.3.1)): examples are shown in Fig. (3.2) (b), (d). In contrast, when cells do not cross the axis
(x,y # 0) the angle of incidence is oblique, reducing the interference pattern perturbation to a weak RFP
local modification, more difficult to identify (Fig. (3.2) (a), (c)).
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(a)

(c) (d

FIGURE 3.2. Panel (a): non-perturbed resonator fringe pattern with an algae cell in the lower-
left corner (oval shape) and yeast cells in the upper left corner (small spheres). Panel (b):
RFP perturbation caused by the algae cell previously shown in panel (a) but is now placed in
the center of the fringe pattern’s concentric circles. Panel (c): yeast cells weakly interacting
with the background fringe pattern. Panel (d): yeast-induced strong perturbation of the
fringe pattern (as in panel (c)), placed in the center of the resonator’s fringe pattern
concentric circles. The yellow arrows mark the objects of interest in panels (a: algae) and
(c: yeast). The fringe pattern of the low finesse Fabry-Perot resonator is recognizable in the
background of all panels.

On the other hand, the observation coordinate z influences the magnification of the imaged interference
pattern. Setting the focal plane defined by the microscope objective at (x,y,0) — i.e., on the plane of
maximum acoustic power — a focussed but minimally magnified virtual image of the perturbation will
be observed, while at (x,y,+z,,) (with z,, = 35 um for our experimental setup (cf. section (2.1)) an ideal
magnification of the perturbation will be appreciated. In other words, the fringe pattern is best visualized
(Fig. (3.3)) when the cell is not in the objective’s focal plane [81].

3.1.2.1 Cell acoustic impedance

Cells have different acoustic impedance due to their different sizes and densities, together with the
gravitational effect, causes that different cell type to lie at different planes for the same acoustic force
amplitude [25, 110] (cf. Fig. (1.11)). The different responses, if significant, will be detected by the device.
Thus, applying different acoustic focussing forces to different samples will result in possibly wrong

classifications.
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FIGURE 3.3. Polystyrene 3 um diameter at different focal planes. The fringe pattern’s different
sizes imply that images are acquired different optical planes; in focus, z = 35um and
z =40 um, from left to right, respectively.

3.1.2.2 In-flow cells’ population density

Ideally, only one cell should be present in the strong interaction area at any time (resonator’s beam
waist region around the optical axis), to best detect its induced perturbation on the fringe pattern. This
determines the cell flow and the resulting density of cells in the camera’s FOV for any given camera frame
rate. With the current parameters of our experimental setup, a good compromise to maximize throughput
while fulfilling the previous condition amounts to 3—4 x10% cells/ml, i.e., = 20 cells simultaneously present
in the camera FOV. Future versions of the AID will include lateral acoustic focusing, enabling one single

line of motion instead of one motion plane, allowing for working with much lower cell counts.

3.1.3 Measuring the FP perturbation

All of our following results are based on strong CFPP observations. As we can observe from the previous
section the RFP and the CFPP are composed of concentric circles, thus possess polar symmetry. A plot of
the intensity profile over any of the radial lines of a CFPP image will be useful to measure the FSR and
the FWHM (cf. Fig. (3.4)), which can be used to compute the Finesse (cf. Fig. (1.2)). A detailed analysis of
the statistical significance of the CFPP’s 2D information is performed with the acquired images. Temporal
traces also allow for a 1D quasi-real-time analysis of the CFPP. Details about this operation mode of the

AID (based on the photodiodes detectors) will be discussed in the next chapter.

3.1.3.1 Different cells induce different CFPP

A comparison of the resonator fringe pattern and the resonance induced by yeast, algae, and polystyrene
beads is shown in Fig. (3.5). The polar symmetry of the CFPP permits the extraction of the intensity profile
by plotting the intensity over a straight line that passes through the center of the image (resonator’s axis).
A reduction in background intensity is observed in the presence of the cell, clearly visible by comparing
the RFP and CFPP intensity profiles (Fig. (3.5)) in the pixel range 0-500 and 1500-2000.
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FIGURE 3.4. The CFPP intensity profile is created by plotting the intensity in the images over
a virtual horizontal (blue) line passing through the center of the image. The relevant
measurement parameters are also presented: the separation between adjacent maxima, or
FSR, and the FWHM of the peaks.

Cell Induced Fringe
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FIGURE 3.5. In the upper, middle and lower rows, panels present the RFP and the CFPP for
yeast, algae, and polystyrene, respectively. The left column shows the resonator fringe
pattern just before a cell enters the optical cavity. The yellow line is a cut through the
pattern over which the RFP intensity profile is plotted. The second column shows the
intensity profile of the RFP along the yellow line. The third column shows the cell-induced
fringe pattern perturbation, with the corresponding yellow line for the intensity cut shown
in the fourth column.

Visual inspection shows that the perturbation introduced by polystyrene is more easily identified than

the one due to yeast or algae, thanks to its higher refractive index contrast (n .7, = 1.55, nyqzer = 1.33).
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Cells, instead, have a refractive index that can hardly be higher than 1.4 because they are mainly
composed by water. Comparing the profiles to the matching RFP (due to the resonator’s sensitivity to
external conditions) one notices the presence of a set of fine peaks which appear in the center of the algae
plot, surrounded by two large, broad peaks; instead, the yeast’s CFPP intensity profile is more uniform,
devoid of fine peaks. The appearance of fine peaks is attributed to the comparatively larger size or inner
structure of algae cells that contribute high-frequency spatial components to the spectrum. Instead, the
much smaller yeast cells contribute lower frequency components that are not necessarily resolved on top

of the interference pattern.

These considerations are heuristic and are presented for illustration purposes. Quantitative information
is needed and is extracted from the CFPP analysis presented in the next section to extract the cell’s
optomechanical properties through CFL and Finesse. The computational automation for CFPP analysis

shown in the next section.
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3.2 Cell induced fringe pattern perturbation images: statistical analysis

360 intensity profiles are possible to obtain from each of the images of the CFPP, enabling robust analysis of
the acquired data. In this section, the method used to complete this task is presented. First, the images are
converted to polar coordinates to obtain the 360 intensity profiles. Then, the profiles are computationally
analyzed to obtain the relevant parameters: p, FWHM and FSR and to execute an outlier elimination, thus
improving the normality of our dataset. Finally, a weighted average of the aforementioned parameters is

performed therefore to obtain the final result.

3.2.1 Polar representation of the CFPP images

As shown in section (3.1.3) the intensity profiles can be plotted over any of the radial lines a = ¢ correspond-
ing to the diameter of the concentric circles of the RFP. An angle increment of 1° enables the analysis of
180 diameter intensity profiles (or 360 radius profiles) present in the polar symmetric CFPP. For instance,
the reference intensity profile in Fig. 3.6 (a) — blue line — has been plotted over the radial line a = 0° (Fig.
(3.6) (b)), while the reference intensity profile has been plotted over the radial line a = 45° (Fig. 3.6 (¢)). To
exploit the polar symmetry of the CFPP, acquired images are transformed into polar coordinates utilizing

the scikit-image warp_polar function [106] (cf. Fig. (3.7) (a)).

(b)

(a)

Intensity

0 375 750 1125 1500
Pixel number

Intensity

0 375 750 1125 1500
Pixel number

FIGURE 3.6.(a) Vectors p,+1 and p,+2 identify the distance between the resonator’s axis
and consecutive constructive interference fringes in yeast’s CFPP. (b) and (c) display the
intensity plots obtained from the image cut through the blue and orange lines, respectively.

The intensity profiles over the radial lines for 0 < @ < 180° are represented in 360 horizontal lines in
Fig. (3.7) (a). Since the polar representation permits the split of the diameter intensity profiles into radial
ones; for instance, the interval from 0 to 750 in the x-axis of Fig. (3.7) (b) will be represented in line 0 of
the polar transformation. In contrast, the interval 751 to 1500 will be represented in line 180. The 360
profiles are retrieved and automatically analyzed as presented in the next section. e increment from 1 to
360 CFPP intensity profiles allows for statistical processing of the interesting parameters: FWHM, FSR
and p.
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3.2.2 Automation of the fringe pattern analysis

We have implemented an automatic analysis of the CFPP image intensity profiles. A Python script
allows for the profile’s peaks identification and the measurement of the peak’s position and FWHM.
The computational algorithm is based on the Savitzky—Golay Filter (SGF) data filtering followed by the

implementation of the find_peaks function.

3.2.2.1 Savitzky-Golay filter

The intensity profiles are filtered with the help of the SGF from the Scipy library. This digital filter is
applied to a set of digitized points to smooth the noise superposed on the data. Its function is to remove
unnecessary details without altering the original functional shape. This is achieved by fitting successive
subsets of adjacent data points with a low-degree polynomial using a linear least-squares method. When

the data points are equally spaced, an analytical solution to the least-squares equations can be found [90].

3.2.2.2 Scipy find_peaks function

The find_peaks function allows for peak identification using several parameters [107]; Prominence and
Height are used in this work. The prominence value P, establishes a minimum height value — measured
from the surrounding data [107] — required for a protuberance to be counted as a peak. The height values
H,, is the y-axis threshold that the data have to overcome to be considered as a peak. This function returns

the position, height, and width of all the peaks that match the criteria of Prominence and Height.
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3.2.3 Polar representation alignment
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FIGURE 3.7. Yeast-Cell-Induced Fringe Pattern Perturbation image transformed to polar co-
ordinates (a). Alignment of the polar profile (b) to accurately measure the p value of the
largest four bright fringes.

The wavy structure in Fig. (3.7) (a) comes from the (slight) misalignment between the resonator’s axis and
the cell CFPP, leading to a misalignment between the identification of the resonator’s axis and the true
one around which the CFPP emerges. To eliminate this effect, the find_peaks function is used to find the
peaks in the intensity profiles of Fig. (3.7) (a). The parameters of the find_peaks function are: Hy, = y,y
where y,y is the average of the maximum and minimum value in the intensity profile, while the software
automatically sets P, until the four largest peaks are found. We noticed that at least four well-defined

peaks can be found in all the CFPP of our samples.

The find_peaks function reads the data from left to right and saves the found peaks in an ordered
array where the leftmost value is the first peak and the rightmost the last one. The position of the first
peak of the 360 intensity profiles is determined, and then the minimum value pp;, is computed. Next, all
the intensity profiles in the polar transformed image are shifted horizontally align with the first peak.
This way, the CFPP structure can be aligned (cf. Fig. (3.7) (b)).

Once again, the find_peaks function is used to find the largest four peaks and to retrieve their position,
height, and width in the aligned image. The measured p, values are now used to compute the CFL (cf.
section (2.4.1.1)). It is important to notice that the shift applied to the polar transform indeed affects the
actual p, values. Nevertheless, since the parameter needed to compute the CFL is the Ap = p,+1 — p, the

shift does not influence the remainder of the calculation, the aliment is of relevance when an average over
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the angle a of the fringe pattern is computed. Similarly, the FSR and the FWHM, calculated from the

relative peak position and width, are invariant under the shift, leaving the Finesse unaffected.

3.2.4 Fringe pattern statistical distribution

Twenty images with cells are acquired for each sample (yeast, algae, polystyrene, and microgel). Next,
the images are converted to polar coordinates and computationally analyzed as described in the previous
section. The values p, FSR and FWHM of the two largest peaks are used for the computation and for the
statistical analysis of the cell’s Finesse and CFL. The choice of using just the two first peaks is justified by
the fact that they are the best-defined (cf., e.g., the bright fringes at p; = 250 [px] and p2 = 330 [px] in Fig.
3.7 (b)).

The dataset of the fringe pattern’s radial position of the first two fringes p; and pg are saved in a .csv
file, useful to plot a density histogram of p; values (blue histogram in Fig. 3.8) where a Gaussian curve
(shown in blue) has been fitted directly to the data (not to the histogram) to obtain the data’s mean value

and standard deviation, thus revealing the presence of an outlier-induced heavy-tailed distribution.

3.2.5 Outlier elimination

Artifacts — incorrect peak identification, background noise, and poor CFPP contrast — may lead to outliers
in the p data set distribution. In Fig. (3.8), the distances that lay in the range [0, 20] are obvious outliers
and should not be considered. For instance, the horizontal blurred lines in Fig. (3.7) (b) (present in the
angle values of 100° and 250°) are due to the first peak’s wrong identification. This is one of the artifacts

that contribute to outliers.
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FIGURE 3.8. Density histogram (blue bars) of the p; values in the original data (first peak
from the CFPP reconstructed center). The blue line is the Gaussian fit to the original
data (applied directly, rather than on the histogram). Gray bars correspond to the density
histogram of the filtered data. The black line corresponds to the Gaussian fit of the filtered
data. Parameters: pug = 91.20, 09 = 16.66, ks o = 14.65 (excess kurtosis) and G1,0 = 294.04
(skewness) for the original data; yu =93.46, 0 = 2.86, ks = —0.14 and G = 8.18 for the
filtered data.
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To remove the outliers, the data were filtered as follows:

VfZ{x€V|[lQ—UQ/2 <x < uo+0’0/2}

where V is the original p; data set (with yg and o the corresponding mean value and standard
deviation) and V¢ the filtered dataset.

The normality of the p dataset was tested before and after filtering through the computation of
Kurtosis and Skewness. Skewness measures the left-right symmetry around the center point, while
kurtosis quantifies the distribution’s tails weight compared to the normal distribution. Large values of
kurtosis correspond to the presence of heavy tails (outliers) while — as detailed below — low kurtosis

indicates excessively peaked distributions.

3.2.5.1 Skewness

For univariate data x1,x9,...,x5 the formula for skewness is [39]:

XN i - wPIN

S 3.1

81

where p is the mean, o the standard deviation, and N is the number of data points. The above formula
for skewness is referred to as the Fisher-Pearson coefficient of skewness. However, we prefer computing
the adjusted Fisher-Pearson coefficient of skewness [39]:
VNN -D XX, &~ w?/N

= 2
G N-2 o3 3.2)

The adjustment approaches 1 as N grows large. For reference, the adjustment factor is 1.49 for N = 5,
1.19 for N = 10, 1.08 for N = 20, 1.05 for N = 30, and 1.02 for N = 100. In our case, data points are 360 and

at least 180 for the filtered data set, so the adjusted and normal Fisher-Pearson coefficients match.

The skewness for a normal distribution is zero, and in practice, any symmetric experimental data
should have a skewness near zero. Negative values for the skewness indicate data that are skewed left,

and positive values for the skewness indicate data that are skewed right of the maximum.

3.2.5.2 Excess kurtosis

For univariate data x1,x9,...,xn the formula for kurtosis is [39]:

N (- w*/N

ke =
S 0_4

(3.3)

The kurtosis for a standard normal distribution is three. For this reason, we use the following definition

of kurtosis (often referred to as "excess kurtosis"):

_LiLei-ptN

kg 1

(3.4)
o

This definition is used so that the standard normal distribution has k5 = 0. This way, positive excess

kurtosis indicates a "heavy-tailed" distribution, and a negative one identifies a "light-tailed" distribution.
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In Fig. (3.8) the skewness of the data set is reduced from 294 to 8, going from a heavily asymmetric
distribution to a (nearly) symmetric one. The excess kurtosis goes from 14.65 (heavily tailed) to -0.14,
resulting in a slightly light-tailed distribution, thanks to the outlier elimination. Filtering produces a
(nearly) normal dataset distribution, reducing the standard deviation 09 — ¢ and preserving the mean
value p. This process enables more accurate measurement of the p parameter, with a smaller error. The
outlier elimination procedure was applied for p; and pg to all the CFPP images for yeast, alga, microgel,
and polystyrene. The retrieved data was then used to compute the CFL and the Finesse, which is useful

for discriminating cells samples types and studying acoustically-induced deformability.
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3.3 Cells’ acoustic pressure response

Acoustic focusing is achieved thanks to the piezoelectric transducer, whose frequency is set at the resonance
frequency v and voltage at the focusing voltage amplitude V; (cf. section (2.1.2)). Once a cell was aligned
with the resonator’s axis, the flow inside the microfluidic channel was stopped. With the cell acoustically
focused in the resonator’s axis region, an image of the CFPP was acquired. Then, in order to induce a
significant acoustic pressure, the voltage was increased to reach the deformation voltage V3 and a second
image of the perturbation of the same cell was acquired. Next, the acoustic pressure was reduced again to
Vr and the flow was reintroduced to repeat the process for another cell. This process was repeated 20 times
to obtain 20 images of the CFPP at Vy and 20 images of CFPP at V4 of the same sample. This procedure

was carried out for each of the available samples: yeast, algae, microgel (ugel) beads, and polystyrene.

Algae Yeast Microgel 15 ym  Polystyrene 3 um

p-gel beads

FIGURE 3.9. Images of the samples. The scale changes from one image to the next for clarity.

The outlier elimination was implemented as described in subsection 3.2.5. With the filtered data, an
ANOVA test [1] was applied to the measured p;, p2, FWHM;, and FWHMs acquired at V; and V4 to

determine the existence of a statistically significant difference. The results are shown in table (3.1).

Cell ANOVA P-value
P1 P2 FWHM1 FWHM2
Algae .027 .016 .085 111
Yeast 449 290 192 139
Microgel 734 987 .264 .236
Polystyrene .372 .888 210 .895

TABLE 3.1. ANOVA analysis of the p1, p2, FWHM; and FWHM, for CFPP of the samples with
two different acoustic pressures Vr and Vg , matching the indices 1 and 2, respectively.

The results of Table (3.1) allow for a comparison of the acoustically induced changes on the measured
parameters: p and FWHM, for each of the samples (after outlier elimination). For the biological samples,
p2 changes more than p; while for microgel and polystyrene, the opposite is true. For the FWHM, it is not
possible to establish a general behavior. The position (p2) and width (FWHMy) of the polystyrene’s second
bright fringe do not undergo a statistically significant change. Among all the samples, algae measured
parameters are significantly different in a statistical sense, cf. Table (3.1). Thus, an evident change in the
alga’s CFL and Finesse is expected, while the change of the polystyrene’s parameters is expected to be

non-existent.
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After computing the ANOVA test of the measured parameters dataset, a weighted average of the pq,
p2, FWHM;, and FWHM; values (after outlier elimination) is carried out. The results are used to compute
the Finesse (eq. (1.23)), the CFL (eq. (2.81)) and the error propagation (cf. section (2.4.2)); such results are
shown in Figs. (3.10) and (3.11). The statistically significant difference of the results is also analyzed, but
this time using the Student’s Tests (T-test) [8].
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FI1GURE 3.10. Finesse values for Saccharomyces cerevisiae (yeast), tetraselmis (algae), microgel
beads 15 ym diameter, and polystyrene beads 3 um diameter. Gray bars represents acoustic
focusing (V¢ = 15 V}p), while blue bars display the results for acoustic deformation (Vg = 25
Vpp). The asterisks in the plot indicate: *** P<.001, ** P<.05 and * P> .1. The P-scores
were computed from the samples T-test results with the following scores: ugel = -6.59,
Algae = 3.95, Yeast = 2.33, and Polystyrene = 1.51.

When computing the CFL two possible solutions can be obtained from the roots of the second-degree
equation found in section (2.4.1.2). The positive root of the eq. (2.77) was chosen as the computed CFL since
this value is more sensitive to the change induced by the cell presence and is less prompt to the errors
introduced by the experimental setup (cf. sect (2.4.2.2)). It is also important to notice that the negative
value of the CFL originates from the negative curvature solution of the wavefront exiting the resonator

(i.e., a concave shape in the direction of propagation of the wave exiting the resonator).
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FI1GURE 3.11. Cell Focal Length values for Saccharomyces cerevisiae (yeast), tetraselmis (algae),
microgel beads 15 ym diameter, and polystyrene beads 3 um diameter. Gray bars represents
acoustic focusing (V¢ = 15 V},p), while blue bars display the results for acoustic deformation
(Vq = 25 Vpp). The asterisks in the plot indicate: **** P<.0001, and * P>.1. The P-scores
were computed from the samples T-test results with the following scores: ugel = 22.88,
Algae = -15.98, Yeast = -7.56, and Polystyrene = 0.79.

The Finesse, bar plot Fig. (3.10), and the CFL, bar plot Fig. (3.11), show an acoustically-induced cell
deformation for yeast and algae. A drop in the Finesse and CFL values is also observed. For the microgel
beads an acoustic effect is observed, but, contrary to the biological cells, it increases both Finesse and CFL.
The polystyrene beads, instead, do not present a significant deformation. This is consistent with their
large Young modulus 3.25 GPa. For comparison, the Young modulus of the microgel beads amounts to 1.7
kPa [36], while the maximum expected applied pressure in a similar configuration of our device is =~ 15kPa
[75]. The expected cell wall’s Young modulus for yeast is (112 + 6) MPa [94]. The algae don’t have a special
cell membrane or special cytoskeleton structure, they are expected to be elastically rather compliant. The
order of our samples is expected to be (from the most to the least elastically compliant): microgel beads,

algae, yeast, and polystyrene beads. This order matches our results.

3.4 Chapter summary

When an acoustically focused cell crosses the Fabry-Perot cavity of the AID it will perturb the resonator
fringe pattern, governed by the Airy transmission function (cf. section (1.1.1)). We have identified two
types of cell-induced perturbations: strong and weak. The strong perturbation occurs when the cell crosses
the resonator’s axis, while the weak perturbation will occur when the cell crosses any other section of
the resonator (cf. section (3.1.2)). The strong perturbations are better defined and are easier to observe.
The results presented in this chapter are based on the strong cell-induced fringe pattern perturbations
referred to as CFPP.
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As stated in the previous chapter, the parameter used to quantify the CFPP are the CFL and the
Finesse, computed from the p, FWHM, and the FSR. Images of the CFPP are acquired with the AID;
intensity profiles are obtained from the images to measure the p, FWHM, and the FSR parameters (cf.
section (3.1.3)).

360 intensity profiles can be obtained from each of the images of the CFPP, enabling statistical analysis
of the acquired data. First, the images are converted to polar coordinates to obtain the 180 independent
intensity cuts through the image. Then, the profiles are computationally analyzed to obtain the parameters:
o, FWHM, and FSR. An outlier elimination procedure is implemented to improve the normality of our
dataset. Finally, a weighted average of the aforementioned parameters is performed to obtain the final
result (cf. section (3.2)).

The experimental procedure used to obtain the interference patterns produced by the cells in the
absence and the presence of mechanical deformation is the following. The flow inside the microfluidic
channel is stopped when a cell is aligned with the resonator’s axis (while acoustically focussed). The
immobile and levitated cell’s interference pattern is acquired, obtaining the information in the absence
of deformation. Then, the acoustic wave’s amplitude is increased to induce a cell deformation and a new
image of the interference pattern is acquired. The cycle is repeated to obtain 20 pairs of patterns in the

absence and in the presence of cell deformation.

With the filtered data, an ANOVA test was applied to the measured p1, p2, FWHM; and FWHM,
acquired with and without deformation to determine the existence of a statistically significant difference.

A weighted average of the p1, p2, FWHM; and FWHM]; values (after outlier elimination) is carried out.

Next, a weighted average of the p1, po, FWHM; and FWHM; values is performed. The results are
used to compute the Finesse (eq. (1.23)), the CFL (eq. (2.81)) and the error propagation (cf. section 2.4.2);
the corresponding results are shown in Figs. (3.10) and (3.11). The statistical significance of the resulting
estimates is analyzed with Student’s T-test. Results show an acoustically-induced cell deformation for
yeast and algae. A matching diminishing in the Finesse and CFL values is also observed. The polystyrene
beads, instead, do not present a significant deformation. The absence of measured deformation proves that

the system works correctly. Thus, offering a corroboration of the working principle behind the AID.
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DISCUSSION AND CONCLUSION

ith the AID, we introduce an Acoustofluidic Interferometric Technique (AIT) capable of detecting
Wsubtle deformations in the cell when acoustic pressure is applied. The relatively low magnitude of
the used acoustic pressure in this work doesn’t allow to observe cells’ deformation with standard microscopy
instruments. Still, it is possible to observe and measure cells’ acoustically-induced deformations thanks to
the AID through the Finesse and the Cell Focal Length. Based on the results presented in chapter 3 it is
possible to remark that the AIT can perform label-free cytometry using the optomechanical properties of
the cells as biomarkers in a novel way. In this last chapter, we discuss optimizing the device’s geometry, and

the quasi-real-time implementation of the AIT. Finally, we identify the technology’s potential applications.

4.1 Device analysis

An analysis of the AID chip geometry is presented in this section. This analysis is useful to design new
versions of the AID with geometric parameters that improve its performance. Also, we critically analyze the
thin lens approximation to model the cell’s influence on the interference pattern. This analysis concludes
that the approximation holds for all the expected cell kinds. Its validity was expected from the general
considerations offered in Section 2.4.1. Still, it was also imposed by the complexity of modeling a thick lens
inside the cavity with the ray matrix formalism. While the thin lens representation gave rise to quadratic
expressions for the equivalent focal length, the thick lens one produced an equation of eighth-order, with
all the difficulties it entails. One would be obliged to solve it numerically, without a way of computing the
errors — contrary to what we have done in section (2.4.2.2). In addition, the number of physically relevant
solutions would be in principle unknown and their pertinence to the problem. Moreover, in the next section,
we will show that the thin lens approximation is adequate to assess the optomechanical properties of the

cells, and the thick lens approximation is not required.
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4.1.1 Back mirror thickness effect on the CFL

By plotting the CFL eq. (2.81) vs. the back reflecting mirror thickness, eq. (2.53), it is possible to remark

that its variation with respect to t,, is nonlinear (Fig. (4.1)).
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FIGURE 4.1. A plot of the CFL eq. (2.81) vs. mirror thickness ¢, eq. (2.53). A hyperbolic
dependence of . on back mirror thickness ¢,, is observed. The remaining parameters
are held constant: R;,, = —9mm — incoming beam’s — and R,,; = 11mm — outgoing beam’s
radii of curvature, respectively —, L = 106mm — microfluidic channel width —, #,,, = 170um —
coverslip thickness (wall 1 of the device).

It is interesting to notice that the CFL depends on the back mirror thickness. Smaller values for the
mirror thickness would facilitate the observation of changes in the CFL. Thus, using a front surface, rather
than a back surface, mirror would provide ideal working conditions for our device. Instead, a back-mirror
thickness larger than 5 mm would significantly reduce the CLF measured, considerably decreasing the
instrumental sensitivity and potentially leading to incorrect cell assignments. The 4 mm back mirror

thickness used in the device does not reduce significantly the sensitivity of the AID.

4.1.2 Channel width effect on the CFL

Standard channel widths (L) for microfluidic channels with acoustic cell’s manipulation vary from 100
um (like ours) to 300 um (like the one in [118]). In Fig. (4.2) we observe a linear dependence of CFL on
microfluidic channel thickness L. The linear function has very small slope (m=4 x 1073 cf. Fig. (4.2)). Thus,
the channel thickness does not substantially influence the CFL, while wider channels permit the use of
lower resonance frequencies for cell acoustic manipulation. Lower frequencies are easier to generate with

commercial generators, useful when simplifying the implementation of the acoustic manipulation.
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FIGURE 4.2. A plot of the CFL, eq. (2.81), vs. the microfluidic channel width L, eq. (2.52). All
other parameters were kept constant: R;, = —9 mm — incoming beam’s — and R,,; = 11 mm
— outgoing beam’s radii of curvature, respectively —, L = 106 mm — microfluidic channel
width —, £, = 170 um — coverslip thickness (wall 1 of device), — £,, =4 mm the back reflecting
mirror thickness.

4.1.3 Change in the CFL vs. cell size change

The calculations in section (2.4.1) were based on a thin lens formulation of the problem, especially suited to
cells whose thickness is smaller than their cross-section. Tetraselmis algae are a good example (cf. algae’s
image in Fig. (3.9)), but we found the approximation to hold even for more spherical cells. The rate of CFL

change for a thin lens, eq. (2.56), as a function of the cell’s radius of curvature reads:

df. 1

dre 20ne-ny)’ @y

showing that the change in the cell’s focal length (i.e., its derivative) is a constant which only depends

on the two refractive indices of water and cell.

Let us examine the situation where the lens thickness has to be taken into account, expressed by:

1 2 - l
_:(nc_nw)__M._2 , 4.2)
fc re ne re

where ¢ is the cell’s diameter, and all other quantities are the same as before. The positions of real and
virtual images are measured from the two principal planes H; and Hg, in the thick lens expression. Since
we consider the cell as a symmetric thick lens, the planes are defined by H; =V; —H, and Hy = Vo + H, (cf.
Fig. (4.3)) where H. is defined by:
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ch_fc—, (4.3)

FIGURE 4.3. Schematics of a thick lens: r. represents the cell’s radius of curvature (blue circle),
the focal length f, (red) is measured from the principal plane Hg is shown in red. V7 and
Vy are the intersections of the lens with the optical axis, while the green rays are the rays
used to create the real image I from the object O, S and Sy is the distance between the
object and the principal planes while S’, and S 6 are the distances between the real image
and the principal planes.

The derivative of the CFL f, respect the cell radius of curvature r. that indicates the change of the cell

focal length with the radius of curvature in a thick lens representation is:

dfe ne 2r. el

4.4)

= . 1- .
dr., n.—ny 2rene—Iln.—ny) 2rene —Il(ne —ny)

4= vs. r, is plotted in Fig. (4.4).

The parameters n,, = 1.33, n. = 1.38 and [ = 30 um were held constant, while the cell’s radius of
curvature was varied from 1 to 30 um. The situation r. << [ is an extreme case of a thick lens, a cylinder
would represent this with polar caps at its endpoints. On the other hand, r, >> [ is the ideal thin lens
situation. And between the two extrema, we find the spherical cell, with r, =1/2 (r, = 15 um in the Fig.
(4.4)). Only cells with shape varying between spheres and flattened oval shapes (cf. Fig. (3.9)) can be found
in the experiment, since the extreme shape of the cylinder with polar caps — up to r. = 6um in Fig. (4.4) —
would be rotated by the acoustic device and no longer have their curved ends aligned with the resonator
axis. This would be the case of elongated cells, like bacteria, which would be aligned with the flow. The

"cylindrical” geometry is included in the figure to show the evolution of the focal length.
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FIGURE 4.4. Comparison of the focal length’s, f., derivative, relative to the radius of curvature
r¢, between thin (blue line) and thick lens (black line). Parameters: cell, n. = 1.38, and
water, n,, = 1.33, refractive indices, respectively, and cell diameter [ = 30um.

The comparison between the focal length’s derivative with respect to r. shows that starting from the
spherical cell, the thin lens approximation is excellent (near coincidence between blue and black lines).
This is due to the small change in refractive index between water and cell, which produces an equivalent
focal length much larger than the sphere diameter, thus providing a good thin lens representation even
for a physically thick cell. Also, as mentioned above, acoustic focussing ensures that non-spherical cells
will be aligned with their larger surface parallel to the channel wall. As an example, we see (Fig. (2.1))
that RBCs are rotated to travel along the channel with their flatter surface facing the walls, thus the
incident laser beam (and the resonator axis). This analysis confirms, therefore, the validity of the thin lens

approximation for our device.

4.1.4 Defocussing effect

As presented in section 3.1.2, the CFPP measurements were made with a distance of 35 um between the
focal plane and cells’ displacement plane or defocussing. This defocusing implies a magnification m of the

observed fringe pattern. Finesse is invariant under this magnification:

m-FSR FSR
7= m-FWHM =~ FWHM (4.5)

However, the CFL is not invariant under this magnification effect. The equation for the R,,; (cf. section

2.4.2.1) with the magnification m now reads:
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1 9 ‘
Rout = i\/m [meg —mzp% —k2] —me% , (4.6)
k= A+\/R% +m2p} —\/R% +m2p?, 4.7

where the magnification m is determined by [44]:

_f
m__d—f 4.8)

f is the objective’s focal length, and d is the distance to the object; in this case, the cell. Substituting
equation (4.6) in the formulae presented in section (2.4.1.2) to compute the CFL allows for the computation
of the magnification effect m on the f¢ ;. The results are plotted in Fig. (4.5). From the plot, we can observe
that the magnification effect on the CFL is negligible since the significant digits (the integers) remain
unchanged. This result matches the calculations shown in section (2.4.2.2) (cf. Fig. (2.20)) from which we
concluded that in order to have a significant change in the f. , the input radius of curvature has to vary a

few mm.
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FIGURE 4.5. The figure shows the effect of the magnification on the CFL originated by 35
pm defocussing. The f, . in the upper corner is -859.2 [um] from which the y-axis values
are added. Mentioned value corresponds to p; = 21.7 um, p2 =46.2um, R;,, = —-9mm and
Ry =1.14 mm.

Thus, the magnification m of the interference fringes allows for better resolution, thus more accu-
rate measurements and reliable results. However, the influence of defocussing on the evaluation of the

equivalent focal length is negligibly small and non-existent on the evaluation of the Finesse.
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4.1.5 Chemical calibration

External control on cell mechanics is of great help in the development and calibration of mechanical cy-
tometry devices, such as AID. Cellular mechanical properties can be dramatically altered using exogenous
chemicals that affect components of the cytoskeleton or nucleus. Traditionally, researchers have used these
chemicals to modify the architecture of the cytoskeleton, resulting in a modified mechanical phenotype
[21]. Approximately half of the approved drugs target human membrane proteins on the cell surface, such
as G-protein coupled receptors (GPCRs) [67]. Drugs like dexamethasone and daunorubicin, produce an
overall stiffening of whole-cell properties in leukemic cells. Studies of cell mechanics often use exogenous
chemicals, such as cytochalasin B and D, latrunculin A, or jasplakinolide, to disrupt the organization of
actin filaments, resulting in decreased elasticity. Blebbistatin has been used to inhibit nonmuscle myosin
II, preventing active contraction of the cytoskeleton and causing a concurrent softening of the whole-cell
[70, 86].

Drugs such as estramustine, colchicine, paclitaxel, eribulin, and discodermolide act by modifying
cytoskeletal function, specifically microtubule dynamics, in cells that are actively dividing [59]. Using cell
mechanics as a proxy for cytoskeletal changes may also enable screening libraries of drugs to identify
those affecting cytoskeleton or nuclear architecture. This screening process would be label-free, requiring

no immunolabeling or complex interrogation of cell behavior [21].
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4.2 Quasi-real-time implementation

Real-time cytometry based on label-free markers, such as cell mechanics, is a relatively new technique.
For instance, the reference technique in the field, the Real-Time Deformability Cytometry (RT-DC), was
reported for the first time in 2015 [78] (cf. section (1.6.1)). It enabled the real-time analysis of mechanical
properties with more than 100 cells/s.

The AID is potentially capable of operating in real-time when working on its detector-based operation
mode. It provides, potentially, much higher resolution and offers the possibility to tune the mechanical
stimulus. In fact, the reliance of our technique on a 1D analysis strongly reduces the computational
complexity. We have implemented a real-time automatic cell analysis of the time traces acquired with
the photodiodes detectors (cf. section (2.1)) to measure the Finesse and FSR of the CFPP. In Fig. (4.6),
a time trace containing the CFPP of two different polystyrene beads is shown. The time traces sections
corresponding to 0.30 to 0.55 s and 1.30 to 1.50 s in figure Fig. (4.6) are referred to as valleys. Each valley
corresponds to the intensity profile of one single fringe pattern perturbation. Below is detailed how the

valleys are identified and how the contained CFPP is quantified using a Python script.
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FIGURE 4.6. Two polystyrene 3um diameter bead time trace. The CFPP computational analysis
is done in real-time. The time trace (blue-grey) is smoothed using the Savitzky-Golay filter,
the borders of the perturbation (named valley) are identified (yellow arrows) useful to
determine the structure’s FWHM related to the cell size. Finally, maxima and minima (red
and green "x" marks, respectively) inside the valley are identified and measured.

The DSOXJ.py file Python script is written starting from Dr.Sthépahe Barland code’s DSOX.py (based
on vxillDevice Python library to interface the oscilloscope Keysight DSOX3014A) to acquire the time
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traces. In the code, the SGF and the find_peaks function (cf. section (3.2.2)) have been implemented to
determine the number of valleys present in a time sequence array. Next, the identification of maxima and
minima in the fringe pattern profile is carried out. A detailed description of this process is presented in
the subsections below, while the Python script and observations on its performance can be found in the

appendix.

4.2.1 Finding Valleys

First, the SGF and the find_peaks function are used to identify the valleys. This is achieved by identifying
the minimum, y,,;,, maximum, y,,q., and average, y,,, values in the y-axis of the time trace. These

parameters are used to set the Prominence P, and the Height value H, as follows:

PU — ymaxlymin (49)
H, = Yav (4.10)

In this way, just the two bumps belonging to the two valleys in Fig. (4.6), will be identified and measured
by the find_peaks function. It is important to notice that the retrieved FWHM of the valley (blue line in
Fig. (4.6)) is directly proportional to the cell’s size.

4.2.2 Finding Valleys Borders

Once the valley has been found, it becomes necessary to identify its borders. Borders will mark off the
time trace region, which contains information about the CFPP. By taking the second derivative of the
time trace by means of the SGF and then inverting it (1 — f(¢)), the inflection points become peaks while
the rest of the data flattens, the red line in Fig. (4.7). The find_peaks function is used to identify these
inflection points, which are then used as valley borders (yellow triangles the Figs. (4.6) and (4.7)).
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FIGURE 4.7. Valleys borders identification based on the detection of the inflection points of the
SG filtered time trace (black line). The Savitzky-Golay filter is used to compute the second
derivative of the signal, then the result is inverted (1 — f(¢)), and the find_peaks function
is used to identify the peak associated with the inflection points, i.e., the valley borders
(yellow triangles).
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4.2.3 Measuring the CFPP inside the valleys

Since valley borders allow for the CFPP measurement inside each valley, the time interval they delimit
can be separated from the rest for individual analysis. The find_peaks function is again used to identify
and measure the peaks. Moreover, the vertical scale of the data is different inside the valley. Thus new
parameter values need to be computed. The new criteria for the prominence value P, and the height value

H, are:

_ YVYmax~YVmin

p, =-—mamn, (4.11)
— YUmax~YUmin

H, = owton (4.12)

where yvmax and yvpmin are the maximum and minimum y-axis value of the time traces inside the
borders of the valley for each valley. The new P, and H, criteria have been optimized to accurately detect
the maxima and minima with respect to the new intervals in the time trace. The peak-baseline ratio is
different from the one used to find the valley bottom. The returned values of the find_peaks function
allow for the CFPP’s maxima and minima retrieval (red and green x marks in Fig. (4.6)) and thus for the

computation of the corresponding FWHM and FSR for each cell.

4.2.4 Two detectors

The AID is provided with two photodiode detectors (cf. section (2.1.3)). In principle, the time trace analysis
presented above can be carried out with a single detector measuring the light intensity changes occurring
on the resonator axis, D1 in Fig. (4.8). However, a second detector D3 has been introduced to have an

accurate measurement of cell speed, which is necessary for determining its size in the y-direction.
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FIGURE 4.8. The resonator fringe pattern devoid of cells is shown. The detection points of the
photodiode detectors D1 and D9 are marked in yellow, where their separation defines the
distance d.
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As mentioned above (in section (4.2.1)), the valleys’ full width at half maximum FWHM; (here measured
in time) is directly proportional to the cell’s size. The cell diameter ¢ and the speed v, are related as

follows:

¢ x v.-FWHM; (4.13)

The cells’ velocity can be determined by placing the detection point of detector D1 on the resonators axis
and the detection point of the detector Dy in a different position along the cells’ trajectories. In Fig. (4.8)
the second detector D2 has been placed on the next bright fringe of the RFP aligned with flow direction,
thus defining the distance d between the detection points. Next, the time gap ¢, between the detectors
signal (cf. Fig. (4.9)) can be used to measure the travel time of the cells (cf. Fig. (4.9)) and thus calculate

their velocity.

Thus, the introduction of the two diode detectors allows for the implementation of real-time analysis of
the CFPP isolated from the time traces valleys and for the real-time measurement of the cell’s diameter
based on the two detector system. The real-time analysis is made possible by the fact that the detectors’

and electronic response time is extremely short compared to the timescales of particle motion.
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FIGURE 4.9. The time traces acquired with the detectors —in the points marked in Fig. (4.8)—
for the same yeast cell. The time gap between the time traces is measured from the center
of the valleys (marked in red).

The time traces shown in Fig. (4.9) belong to the same yeast cell flowing inside the microfluidic channel
and crossing the detection point as established in Fig. (4.8). Even though the time traces belong to the
same cell, they present a different FWHM; mainly for two reasons: 1) The oblique illumination that the
cell receives since the top detector is placed off-axis (i.e., the first signal is taken before the cell reaches
the resonator axis); and 2) the different sizes of first fringe and central spot (governed by the angle 0 in
the phase — argument of the Airy function, see eq. (1.16)) even when the cell is placed on-axis . Thus, the
FWHM; value that should be used to measure the cell diameter ¢ is measured on the time trace coming

from the D detector.
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4.3 Potential applications

One of the primary applications of cell mechanical phenotyping is the characterization cell modifications.
Whether as a means for better understanding a disease or simply as a diagnostic approach, testing
the mechanical properties of single cells can provide clear indications of dysfunction. The biophysical
properties of cells, such as their compressibility, are closely related to disease progression, for instance in
cancer development and metastasis [110]. Besides, cell mechanics plays a fundamental role in the human
immune system, which is well-illustrated by leukocyte extravasation [29]. Thus, we envisage medical
diagnostic applications for AIT, together with cell sorting and drug screening. Its potentially very low cost

renders it suitable for economically vulnerable populations.

4.3.1 Cancer

Cancer is a prominent target of investigation for which AIC can serve as a powerful tool. Researchers
have repeatedly observed that malignant cells exhibit a more compliant phenotype than their healthy
counterparts, presumably because compliance provides an advantage for invading surrounding tissues.
More specifically, as cells become malignant, mechanical changes have been attributed to an increasingly
disorganized cytoskeleton and less pronounced cortical actin [98, 73]. In most cases oncogenic transfor-
mation leads to larger deformability of single cells, as it has been reported for various cancers, such as

bladder, prostate, thyroid and ovarian ones [65].

One of the most highly metastatic types of cancer is melanoma, which has a very unusual property: it
can synthesize the pigment melanin in large amounts, becoming heavily pigmented. Melanin in pigmented
cells, including melanoma cells, is in the form of granule-like organelles called melanosomes. These
organelles were recently found to have unusual mechanical properties, being very stiff and hard to deform.
Cells with a high concentration of melanin can be up to 10 times stiffer than non-pigmented cells [89].
Noticeably, the incidence rate of melanoma in the white race is 20 times higher than in the black race. The
risk of suffering melanoma during lifetime is 2.6 % for White people, 0.1 % for Black people and 0.6 % for
Hispanic people [87].

On the other hand, increased tissue stiffness is a classic characteristic of solid tumors [80]. One of
the major contributing factors is the increased density of collagen fibers in the Extracellular Matrix
(ECM). Studies of how cancer cells biomechanically interact with and respond to the stiffness of the
ECM [113] have shown that only malignant cancer cells have the ability to adjust to collagen matrices
of different densities. Employing microrheology on the biologically relevant spheroid invasion assay, it
was shown that, even within a cluster of cells of similar origin there are differences in the intracellular
biomechanical properties depending on the cells’ invasive behavior. For instance, an increase in viscosity
is observed in cancer cells that facilitate their invasion into the collagen matrices. The hypothesis is that
differential viscoelasticity might facilitate spheroid tip invasion through a dense matrix. These findings
highlight the importance of the biomechanical interplay between cells and their microenvironment for

tumor progression.

Architectural features of cells have long been recognized as useful for identifying and staging malig-
nancy. Analyzing these features in cells from body fluids and biopsies has become a routine test in cytology

and pathology labs. Some cancer cells can be up to 32 times more elastically compliant than their healthy
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counterparts [65]. Features of the cytoplasm and, in particular, nuclear architecture such as chromatin
condensation, nuclear envelope shape, metaphase nuclei, and the nuclear-cytoplasmic ratio are used to
arrive at a diagnosis of potential malignancy, which is important to direct subsequent clinical care for the
patient [71].

A quantitative example can be found in the investigation of Guck et al. [41] investigated BALB/3T3
and SV-T2 fibroblasts with the microfluidic optical stretcher. BALB/3T3 is a fibroblast cell line established
in 1968 from disaggregated BALB/c mouse embryos. SV-T2 cells are derived from BALB/3T3 cells by
transformation with the oncogenic DNA virus SV40. Measuring large numbers of cells reveals that the
optical deformability of malignantly transformed SV-T2 fibroblasts is significantly shifted to higher values
compared to normal BALB/3T3 fibroblasts: ODgarp/sT3 = 8.4+ 1.0, ODgy_79 = 11.7 + 1.1 — cf. Fig. (4.10).
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FIGURE 4.10. Malignant fibroblast cells SV-T2 are more elastically compliant than the healthy
fibroblast BALB/3T3. Taken from [41].

High-throughput approaches to mechanical phenotyping such as ours — also sensitive to cellular
architecture — are ideal for making an impact in the cytopathology lab through the quantitative and
automated diagnosis of these samples. Thus, the AID contributes to satisfying the need, established in [21],
to apply new technologies to improve sensitivity, reduce processing time and cost, and provide quantitative

and comparable test results.

4.3.2 Parasites and liquid tumors

The blood cell deformability is a critical aspect, and assessing the cell deformation characteristics is
essential for better diagnostics of healthy and deteriorating blood cells, like in the case of sickle or malaria
for (RBC) or leishmaniasis in the case of white blood cell (WBC) [35]. By using AFM in a 2 x 2 mm area in
the central region of the RBC. Young’s moduli were extracted using a Hertz fit, see Fig. (4.11). That area
was chosen since is where the height reaches maximum values (>2-3 ym). hRBCs have a mean Young’s
modulus value of (29 + 6) kPa, while spherocytotic RBCs are stiffer at (101 + 9) kPa [29]. These values, in

combination with the AIT, would serve as a powerful diagnostic tool.

97



CHAPTER 4. DISCUSSION AND CONCLUSION

Il hRBC

R w

Frequency (%)

-
1

T

I 0 30 60 e0 120 150
Young's modulus (kPa)

FIGURE 4.11. Histograms showing the mechanical properties of healthy RBCs (hRBCs) and
sRBCs as measured by FD-based AFM. A 3-fold increase in Young’s modulus is observed
on hereditary spherocytosis RBC (sRBCs) as compared to hRBCs. The data were acquired
at an oscillation frequency of 0.25 kHz and are representative of 3 healthy donors and 3
patients with HS. A total of 27 cells for each condition were analyzed during 6 independent
experiments. Taken from [29].

Malaria is one disease that has been extensively studied for its effects on the mechanical properties of
cells. When RBCs are infected with the parasite Plasmodium falciparum (Pf), they lose their deformability.
The intraerythrocytic development of Pf parasites includes three major stages, called ring (0-24 h),
trophozoite (24-36 h), and schizont (40-48 h). During this development, the RBC membrane can stiffen by
up to a factor of ten in comparison with healthy RBCs [23]. This mechanical change increases the risk of
occlusions in the spleen and peripheral capillaries, lowering oxygen concentrations in downstream tissues
and eventually leading to necrosis [33]. RBC deformability is also affected in diseases such as sickle cell,

sepsis, and diabetes [61]. A fast test for these diseases would be possible by application the AID.

A change in the mechanical properties of elasticity and viscosity also occurs in leukemia. A decreased
cell stiffness enhances leukemia development and progression [49]. It has been reported that HL60, Jurkat
(human lymphoblast peripheral blood), and neutrophil cells have an apparent stiffness of (855 + 667)
Pa, (48 + 35) Pa, and (156 + 87) Pa, see Fig. (4.12). Effect of cell type on stiffness is significant(a =
0.05, p<0.001) when using a one-way ANOVA analysis [84]. For leukemia, a medical diagnosis and drug
screening use of the AIT can be expected.

4.3.3 Aging

The aging process, although not a disease, also induces changes in the mechanical properties of individual
cells, which may contribute, in part, to the degradation of cellular function. For most cell types, age causes
an increase in cell stiffness along with an inability to fully recover large deformations [96] thus aging

process could be analyzed with the AIT.

Osteoarthritis is another representative disease that changes the mechanical phenotype of affected cells

and typical of aging. Chondrocytes in articular cartilage exhibit a less compliant mechanical phenotype in

98



4.3. POTENTIAL APPLICATIONS

1500 —

Apparent Stiffness (Pa)

HL60 Jurkat Neutrophil
Cell Type

FIGURE 4.12. Comparison of myeloid and lymphoid cell line and neutrophilstiffness at low
piezo extension rates. With a piezo rate of 415 nm/s, HL60 cells have an average apparent
stiffness of 855 Pa with a standard deviation of 670 Pa (n=60). In contrast, Jurkat cells are
significantly softer (p < 0.001), with an average apparent stiffness of 48 Pa and a standard
deviation of 35 Pa (n=37). Neutrophils have an average apparent stiffness of (156+87) Pa
(n=26, mean+SD), significantly softer than HL60 cells and significantly stiffer than Jurkat
cells (p<0.001 for both). Taken from [84]

diseased tissue compared with healthy tissue, which is likely induced as a compensatory mechanism for
the higher strains existing in the degraded cartilage [101]. The AID can be used to measure and quantify
the aging effect on cells.

4.3.4 Mechanotransduction

Mechanotransduction is the process through which cells sense and respond to their mechanical environ-
ment. During mechanotransduction, mechanical signals are sensed and activate intracellular biochemical
signaling pathways. Cells sense the mechanical properties of their environment and use the information
that they acquire to inform gene expression and cell fate decisions [53]. The AID cell optomechanical

properties assessment can be used to research cell mechanotransduction processes such the following.

Cells exert forces against their environment through dynamic cytoskeletal remodeling. Mechanical
forces are critical to modulate cell spreading, contractility, gene expression, and even stem cell differ-
entiation [30]. In most cases, it is the filamentous actin (F-actin) cytoskeleton that bears most of the
mechanical load. The force exertion is the contraction of antiparallel actin filaments by the myosin II
motor. Myosin II based pulling was initially characterized as the mediator of muscle contraction; it is
now clear that it drives shape change in most eukaryotic cells. Protrusive F-actin based structures can
deform underlying substrates as well as the surfaces of other cells, and this implies that they are capable
of transmitting forces [53]. The nucleus is critical in mechanosensing, as it transmits external forces from
the cellular microenvironment to the nuclear envelope housing chromatin, leading to genetic changes in
the cell [17, 24, 53, 64].
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HEK293
bleb

FIGURE 4.13. PIEZO1-GFP expression in HEK293 blebs. The diameters of the blebs reach 15
mm. Mechanical activation of PIEZO1-GFP in bleb-attached patches with a pressure pulse
of 55 mmHg. Pipette potential was held at 75 mV. Taken from [17].

Mechanosensitive ion channels are force-transducing molecules that couple mechanical stimuli to
ion flux. Understanding the gating mechanism of mechanosensitive channels is challenging because the
stimulus seen by the channel reflects forces shared between the membrane, cytoskeleton and extracellular
matrix. By generating HEK293 cell membrane blebs largely free of the cytoskeleton and using the bacterial
channel Large Conductance Mechanosensitive Ion Channel (MscL), a calibration of the bilayer tension
was performed, demonstrating that activation of MscL in blebs is identical to that in reconstituted bilayers.
Utilizing a PIEZO1-GFP fusion is shown that PIEZOL1 is activated by bilayer tension in bleb membranes,
based on the fluoresce observation taking place after the bleb is mechanically stimulate, see Fig. (4.13)
[16].

4.3.5 Analysis of Immune Status

When lymphocytes are activated, e.g., as a result of infection with the Epstein-Barr virus, gross changes
occur in nuclear condensation, and cell size, the high sensitivity of the AID is potentially applicable to
detect such changes (hence the infections) in early stages. Measurements of deformability, using the AID,
may be used diagnostically to quickly identify or rule out viral infections that lead to large quantities of

circulating reactive or activated lymphocytes [21].

4.3.6 Drug screening

Nowadays, it is becoming more common to find antibiotic-resistant infections. Thus the need to finding new
drugs with higher specificity and to speeding up the screening process to shorten as much as possible the
drug discovery phase of these new drugs is highly desirable. Our AIT may be suited to this task, especially
when the biomarker is bacteria elasticity, as in the following examples.

Research has shown that bacterial resistance to antibiotics is encoded in genetic mechanisms, impacting
their mechanical properties. For instance, the elasticity of cells exposed to ampicillin for 3 h were slightly

more heterogeneous than cells exposed to ampicillin for 8 h or than cells of the control. Such change in
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elasticity is related to the production of hydrolyzing enzymes involved in the hydrolysis of the -lactam ring,
modification of the target sites to antibiotics such as changes in the penicillin-binding protein resulting
in decreased affinity to S-lactams, production of efflux pumps on the cell membrane to expel antibiotics
outside the cell, and production of key extracellular polymeric substances that affect the formation of

biofilms capable of impeding the diffusion of antibiotics into biofilms [104].

The cell envelope’s mechanical properties in Escherichia coli, the lipoprotein Lpp provides the only
covalent crosslink between the outer membrane and the peptidoglycan. Mathelié-Guinlet et al. [72]
use single-cell atomic force microscopy and genetically engineered strains to study the contribution
of Lpp to cell envelope mechanics. They show that Lpp contributes to cell envelope stiffness in two
ways: by covalently connecting the outer membrane to the peptidoglycan and by controlling the width of
the periplasmic space. Furthermore, mutations affecting Lpp function substantially increase bacterial
susceptibility to the antibiotic vancomycin, indicating that Lpp-dependent effects can affect antibacterial

drug efficacy.

4.3.7 Device bulk construction and miniaturization

The AIT diagnosis potential will be leveraged if possible to apply this technology with a low operative and
low production cost. Thus, it is our intention to turn it into an inexpensive and portable diagnosis device
to target the diseases mentioned above. A device like this would have a favorable impact on the health

care quality of low-income or hard-to access-regions in the world.

The integration of the microfluidic channel, together with the piezoelectric transducer and the optical
cavity shown in Fig. (2.1) the focus lens and diode laser can be built into one single unit made out, for
instance, with a polymeric plastic (like Polydimethylsiloxane (PDMS)). This experimental configuration

will provide an inexpensive, compact prototype easy to transport and low-cost to build.

4.3.8 Cell sorting

Finally, we present the AIT potential usefulness in cell sorting. In general, the diagnostic applications of a
mechanical biomarker rely solely on measuring the mechanical properties of a cell; however, potential ther-
apeutic applications or downstream molecular diagnostics could benefit from mechanics-based approaches
to separation. AIT possesses cell sorting potential since it could combine microfluidic cytometry with some
other technique to perform the cells’ sorting task, for instance, using machine learning [68, 108] or acoustic
tweezers [25]. Sorting platform based on real-time fluorescence and deformability cytometry (RT-FDC),
is capable of sorting cells based on their defrormability. A standing surface acoustic wave (SSAW) and
artificial intelligence are use in the Sorting RT-FDC (soRT-FDC) to effectively sort cells (cf. Fig. (4.14)).

Just as fluorescence-activated cell sorting FACS enabled identifying molecular signatures accompany-
ing subsets of leukocytes based on their immunophenotypes sorting based on mechanophenotypes could
provide a unique understanding of the molecular underpinnings of cell mechanics. Such tools could enable
new insights into which genes are responsible for controlling cellular architecture, and in heterogeneous
populations of diseased cells, help isolate genetic mutations or epigenetic changes underlying uniquely
stiff or compliant phenotypes. The cell’s sorting AIT-based can potentially reproduce these results in a

label-free way, thus eliminating the restriction that fluorescent dyes imply.
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FIGURE 4.14. Operation principle of a soRT-FDC device. Flowed-in cells are deformed in a
constriction of the microfluidic channel and analyzed in the region of interest (ROI, outlined
in red) in real-time. The SSAW deflects selected cells to the target outlet. Al indicates
artificial intelligence. Taken from [77].

In blood, the separation of diseased RBCs or pathologically activated white blood cells (WBCs) may
have therapeutic benefits. Using mechanics as a label-free biomarker has intrinsic advantages for such an
application, in which unadulterated, healthy blood cells are reintroduced to a patient. Such a dialysis-
like therapeutic [60] could potentially be applied to remove more deformable, activated immune cells to
reduce organ failure in sepsis patients, malignant bone marrow cells for autologous transplantation of the
remaining nonmalignant cells, stiffer malaria-infected cells, or sickled RBCs during a sickle-cell crisis
[21]. The 1D cell analysis of the AID would be ideal for blood separation-based treatment. It provides a
quasi-real-time analysis of the cells, thus enabling the cells sorting and the reintroduction of the selected

cell to the patient.

4.4 Chapter summary

The AID features are discussed in light their optimization (cf. section (4.1)). The back mirror reduces the
device’s sensitivity, while the resulting ideal configuration is obtained with a planar mirror. The channel
width does not strongly influence the measurement quality. Thus it is preferable to increase its value to

permit operation at lower frequencies since it enables the use of conventional, less expensive electronics.

The analysis of the out-of-focal-plane image collection, implemented in section (3.1.2), is shown to
improve the definition of CFPP. In section (4.1) we analyze its impact on the measurement of CFL and

Finesse, showing that it is practically non-existent for the latter and negligible for the former.

One of the main appealing features of the AID, in addition to the contactless, global deformation
and non-invasive measurement, is its high throughput and real-time assessment of the optomechanical

properties of cells. The first steps towards that end are presented in section (4.2). A python script is
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presented to identify and measure the CFPP contained in the time traces acquired with the AID’s optical

detectors.

Cell mechanical phenotyping can be used to characterize cell modifications. Testing the mechani-
cal properties of single cells can provide clear indications of dysfunction, whether as a tool for better
understanding a disease or simply as a diagnostic approach. The biophysical properties of cells, such
as their compressibility, have been closely related to disease progression, i.e., cancer development and
metastasis. An additional potential biomarker easily detected by the AID is the change in cell refractive
index. Finally, some potential applications in the research and diagnosis of the AID are presented in
section (4.3). Such applications include; research and diagnosis of cancer, parasites and liquid tumors;
mechanotransduction-based treatments; cell aging research; analysis of the immune status; drug screening

and cell sorting.
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APPENDIX: PYTHON SCRIPT FOR TIME TRACES ANALYSIS

Real time analysis resonances time traces Python script. Code working for the oscilloscope DSOX 3062 A

Fringe patterns time traces analysis

#! /usr/bin/env python

#This code combines jetdsox2.py with gneral_traces.py
###11-03-2019

#H—————— Instantiation DSOX.py ————————— it

##—— To get the signal from a Keysight InfiniiVision 3000 ——##

""" SYNOPSIS:

getdso [OPTIONS]... STRING

DESCRIPTION :

Get time traces in STRING from the Agilent DSO-X scopes.
ARGUMENTS:

STRING are channels the you want to get in a coma separated list.
Channels have to be written Cl1 or C2 etc.

For example getdso cl,c2 to get channels 1 and 2 and

print them to stdout

OPTIONS:

—h, ——help

—o file ,

——output=file

-F, —Force

Display this help

Send data to "file". Data will be written

in binary form. By default, an existing file

will NOT be overwritten. ’.chX’ will be

added as extension, where X is channel number.

Force overwrite existing files.

—1i address,

——ip=address

Set the IP address of the device.

-P, —Plot

Plot the data (only 10 000 points, evenly spaced,

will be shown).

EXAMPLES:

Return traces 1 and 2 as columns of 8 bits unsigned integer numbers
and print them to stdout:

$ getdso cl,c2

Get traces from channel 1 and channel 2, plot them and write them
to files datafile.Cl and datafile.C2. Files are overwritten if
they exist:

$ getdso —o datafile —-P -F c¢1,c2
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APPENDIX: PYTHON SCRIPT FOR TIME TRACES ANALYSIS

non

__version__ = "$Revision: 0.1 $"
import sys

import getopt

from DSOX import DSOX

import numpy as np

import os

import re

import instruments_common as ic
import time

import matplotlib.pyplot as plt
from scipy.signal import savgol_filter as sg
from scipy.signal import find_peaks

from scipy.stats import signaltonoise

def find_nearest(array, value):
array = np.asarray(array)
idx = (np.abs(array — value)).argmin()

return idx

def main(module):
"""Uses the DSOX module to drive the scope.

Scope is first set to STOP if needed, then trace(s) are acquired

and printed to stdout

W

error = 0
force = 0
outfile = None
logfile = 1
plot=False
# parse command line options
try:
opts, args = getopt.getopt(sys.argv[1l:],
"Fho:1i:P", ["Force","help",
"output=","logfile","ip=","Plot"])
except getopt.error, msg:
print msg
print "for help use ——help"
sys.exit(2)
# process options
for option, argument in opts:
if option in ("-h", "——help"):
print __doc_

sys.exit(0)

if option in ("-F", "——Force"):
force =1
if option in ("-P", "——Plot"):
plot = True
if option in ("-0", "——output"):
if argument=="":

print "Give a name for the output file"

sys.exit(0)
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outfile = argument
if option in ("—i","——ip"):

if argument=="":

print "Option —i —ip needs an argument"”

sys.exit(0)
host = argument
# process arguments
if len(args) ==
print sys.argv[0], "needs an argument.”
print "for help use ——help"
sys.exit(0)
# put argument list in good shape
channels = args[0].upper ()
channels = re.sub(’C’, CHAN’ ,channels)
# initialize
scope = module(host)
channels = channels.split(’,”)
#for j in range(2):
#get data

#channels = channels.split(’,”)

data, logs = scope.get_traces(channels, get_logs=True)

#H————— Traces Analysis ————————— it
#it ##
time_gap =[]
y_gap=I[]
for d in datal[:]:

i=1

# Reshape the arrays containing the data frome each channel

size = len(d)

x = np.arange(size).reshape((size,b1))
y = d.reshape(size,1).astype( float’)
x1 = x[:,0]

vyl = yl[:,0]

# Reducing the amount of points in the data array no more than 6000

while len(yl) > 6000:
yl = y1[0::2]
x1 = x1[0::2]
#Ploting the raw signal
plt.subplot(311)
plt.plot(x1l,yl, ’ko’)

# Setting the window size for the Savizky—Golay filter

# as fraction of the total of points in the array yl

# wl = 801 A value that fits ok the data from
wl = int(len(yl)//4.5)

#Ensuring wl is an odd number

if (wl % 2) ==

wl=wl+1

# Calculation of the SG filter

# Strong filter to remove all the noise leaving only the general behaviour

# yraw = sg(yl1,801,3)
yraw = sg(yl,int(wl),3)
#Inrverting the signal to get the valleys

"reduced —36.csv"
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y_inversed = l-yraw
max_raw = np.max(y_inversed)
min_raw = np.min(y_inversed)
# Setting the parameters for valleys detection as proportions
# The valleys that are larger than oner quarter of the difference
# between maximum and minum value of the data and are below the average of
#the data will be detected
threshold_1 = (max_raw — min_raw) / 2 + min_raw
threshold_2 = abs(max_raw — threshold_1) / 2
max_x = np.max(x1)
min_x = np.min(x1)
valleys = find_peaks(y_inversed, height = threshold_1, prominence =
threshold_2 , distance = None )[0]
plt.plot(x1[valleys],yraw[valleys], 'mo’ ,ms=5)
plt.plot(x1l,yraw, 'b—")
# Filtering the data with SG filter and taking the second derivative
# to find peaks in the inflection points
# the criteria is that the peaks are above the average between the max and
#min in the array
# and has an height of at least one eighth of difference between max and
#min
y_pro = l-sg(yraw,int(wl),3,deriv=2)
max_pro = np.max(y_pro)
min_pro = np.min(y_pro)
threshold_1 = (max_pro — min_pro) / 2 + min_pro
threshold_2 = abs(max_pro — threshold_1) / 4
plt.subplot(312)
plt.plot(xl,y_pro, 'r—")
gminima = find_peaks(y_pro, height = threshold_1 , prominence =
threshold_2 )[0]
plt.subplot(312)
plt.plot(x1[gminimal,y_pro[gminima], 'ko’ ,ms=5)
borders = []
min_vall = []
# Once detected the valleys and the inflection points
# the consective inflection points (gminima) having a valley
# in between are identified as full valleys
for i in range(len(valleys)):
for j in range(len(gminima)):
if (j+1) <= len(gminima):
if x1[valleys[i]] > x1[gminimal[j]] and x1[valleys[i]] < x1
[gminima[j+1]]:
borders.append (gminimalj ])
borders.append (gminimalj+1])
min_vall.append(valleys[i])
plt.subplot(311)
plt.plot(x1[borders],yraw[borders], 'ro’ ,ms=5)
# Identify putative borders of valleys
nfullvalleys = int(np.floor (len(borders)/2))
# After identifying the full valleys an analysis of the maxima and minima
in the valleys are computed
# A softer SG filter (leaving the data less filtered) is used, meaning a

smaller window w2
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w2 = np.floor(len(yl) / 20)
200 #w2 = np. floor (len(yl) / 10)

#print w2

if (w2 % 2) ==10 :

w2 = w2+ 1

#print int(w2), len(yl)
205 #yfine = sg(yl,201,3)

yfine = sg(yl,int(w2),3)

#For each of the full valleys a search for peaks, min and max is started
#it is consider the valley within the putative borders
210 #within the valley the criteria for find peaks are that
#it must be abobe the tenth of the difference between max an min value
#and it must has a minimum of a 20th of such difference
#same criteria for the minimun but the data is inverted as before in find
#valleys
215
for val in range(nfullvalleys):
ileft = int(borders[2+val])
iright = int(borders[2+val+1])
yval = yfine[ileft:iright]
220 plt.subplot(313)
plt.plot(x1[ileft:iright],yval, 'b—")
max_val = np.max(yval)
min_val = np.min(yval)
threshold_1 = (max_val — min_val) / 10 + min_val
225 threshold_2 = abs(max_val — threshold_1) / 10
imaxima = find_peaks(yval,height = threshold_1 ,prominence =
threshold_2)[0]+ileft
plt.subplot(313)
plt.plot(x1[imaxima], yfine [imaxima], 'ro’ ,ms=10)
230 yval_invert = 1 — yval
max_val_i = np.max(yval_invert)
min_val_i = np.min(yval_invert)
threshold_1i = (max_val i — min_val i) / 10 + min_val_i
threshold_2i = abs(max_val_i — threshold_1i) / 10
235 iminima = find_peaks(yval_invert,height = threshold_1i ,prominence =
threshold_2i)[0]+ileft
plt.subplot(313)
plt.plot(x1[iminima], yfine[iminima], "go’ ,ms=10)
# Here the FWHM is detected and measured for each full valley found
240 # The average of the heigth of the borders is consider the base of the
#valley
# The half is determined as the half difference between the base and
#the peak
# consider as maxima in full valleys
245 ybase = (yraw[ileft] + yraw[iright])/2
ycima = yraw[min_vall[val]]

halfmaximum = (ybase—ycima)/2 + ycima
# The closest value to the Half Maxima (halfmaximum) of the raw filter

250 #is located
# For each side of the valley
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APPENDIX: PYTHON SCRIPT FOR TIME TRACES ANALYSIS

xai = find_nearest(yraw[ileft :min_vall[val]], halfmaximum)
xbi

xa = x1[xai + ileft]

find_nearest(yraw[min_vall[val]:iright], halfmaximum)

xb = x1[xbi + min_vall[valll]

plt.subplot(311)
plt.plot([xa,xb],[halfmaximum,halfmaximum], 'yo—' ,ms=5)
print("The FWHM of the valley",val+1,"is",abs(xa—xb))
window_time = 50e-3

oscilloscope = len(y)

scale = window_time/oscilloscope

)

print(’Considering a time window of ', window_time, ’'ms in the
oscilloscope the FWHM are’,val+1, abs(xa—-xb)=scale )
#plt.subplot(311)

#plt.plot(x[time_gap]l,y_gap,’go’ ,ms=10)

#print 'The time gap is’,abs(time_gap[1l]—time_gap[0])
plt.show()

#print j

#time.sleep (0.5)

#print datxy

#np.savetxt("tjl.csv", datxy, delimiter=",",fmt="%1.51")

if _name__ == "__main__":
module = DSOX

main (module)
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Performance of the code

The DSOXdJ.py code, useful to acquire and analyze the CFPP in real-time, is tested here. Different features
in the time traces may affect the code,Ads performance. Ideally, only one event will occur in the observation
time frame. Nevertheless,if more than one event occurs, the code is designed to analyze each event’s events.
Moreover, events with different magnitude, shortly spaced in time (cf. Figs. (A1) and (A2),) or too close to
the time frame boundaries (cf. Fig. (A3)) might lead to erroneous results in the analysis. The effect of the
Savitzky—Golay Filter (SGF) on the performance of the code is also presented (cf. Figs. (A4) and (A5)) on
synthetically generated data.

The window_length w; (or the number of coefficients) is the parameter used in the SGF to control the
smoothness of the data [107]. Small window_length w; values leave the data unchanged, while w; values
in the order of hundreds will have a strong data smoothing effect. Notice that the window length must be

a positive odd integer.
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FIGURE Al. Time trace with only one well-defined particle. a) In black the raw time trace,n
blue the SG-filtered data with a window of (w1 = 801), in purple the min of the found valley,
in red the inflection points that serve as borders of the valley. b) The SG-filtered data with
the same window but taking the second derivative to highlight the inflection points, the
black points mark the identified inflection points, which serve as valley borders in a) (red
dots). c) The blue line is the portion of the filter signal corresponding to the valley. The
peaks are shown in red if they are maxima and in green, if they are minima.
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FIGURE A2. Time trace with two valleys but only one-well-defined particle. a) In black the raw
time trace,n blue the SG-filtered data with a window of (w1 = 801), in purple the min of
the found valley, in red the inflection points that serve as borders of the valley. b) The
SG-filtered data with the same window but taking the second derivative to highlight the
inflection points, the black points mark the identified inflection points, which serve as valley
borders in a) (red dots). ¢) The blue line is the portion of the filter signal corresponding to
the valley. The peaks are shown in red if they are maxima and in green, if they are minima.
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FIGURE A3. Visual inspection shows the presence of a particle, but the algorithm has difficulties
recognizing it because of its closeness to the trace’s border. a) In black the raw time trace,n
blue the SG-filtered data with a window of (w1 = 801), in purple the min of the found valley,
in red the inflection points that serve as borders of the valley. b) The SG-filtered data with
the same window but taking the second derivative to highlight the inflection points, no
points are identified.
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FIGURE A4. Time trace of inverse cardinal sine imitating a well-defined particle signal with
low noise. The program fails to detect the information because the SF filter is used on a
window width of (w; = 801) which is excessive compared to the signal’s structure. a) In
black the raw time trace, in blue the SG-filtered data, in purple the min of the found valley,
in red the inflection points that serve as borders of the valley. b) The SG-filtered data with
the same window but taking the second derivative to highlight the inflection points, no
points are identified.
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FIGURE A5. Time trace of inverse cardinal sine imitating a well-defined particle signal with
low noise, with a low SG filter the program is working well. a) In black the raw time trace,
in blue the SG-filtered with a window of (w1 = 401), in purple the min of the found valley,
in red the inflection points that serve as borders of the valley. b) The SG-filtered data with
the same window but taking the second derivative to highlight the inflection points, the
black points mark the identified inflection points, which serve as valley borders in a) (red
dots). ¢) The blue line is the portion of the filter signal corresponding to the full valleys.
The peaks are shown in green since there are only minima.
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