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ABSTRACT. Significance: Optical coherence tomography has great utility for capturing dynamic
processes, but such applications are particularly data-intensive. Samples such as
biological tissues exhibit temporal features at varying time scales, which makes
data reduction challenging.

Aim: We propose a method for capturing short- and long-term correlations of a sam-
ple in a compressed way using non-uniform temporal sampling to reduce scan time
and memory overhead.

Approach: The proposed method separates the relative contributions of white
noise, fluctuating features, and stationary features. The method is demonstrated
on mammary epithelial cell spheroids in three-dimensional culture for capturing
intracellular motility without loss of signal integrity.

Results: Results show that the spatial patterns of motility are preserved and that
hypothesis tests of spheroids treated with blebbistatin, a motor protein inhibitor,
are unchanged with up to eightfold compression.

Conclusions: The ability to measure short- and long-term correlations compres-
sively will enable new applications in (3+1)D imaging and high-throughput
screening.
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1 Introduction

By merit of its high speed and depth resolution, optical coherence tomography (OCT) has
become a powerful tool for imaging dynamic processes, such as diffusion,' flow,> and cellular
processes.” A key benefit of dynamic OCT is the ability to distinguish biological processes by
features of their temporal signals and associated statistics. For example, blood flow detection is
improved by separation from bulk motion using a split spectrum analysis technique.* One
can distinguish cellular responses to different drugs by extracting features from speckle fluc-
tuation spectra, as shown using a related low-coherence imaging technique.’ In OCT studies
of ciliated tissues, one can detect ciliated surfaces and assess the ciliary beat frequency,®’ or
one might measure the diffusion rate of nanoparticles with OCT to image differences in tissue
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nanoporosity.® Often, it is desired to contrast these dynamic features volumetrically, such as for
quantitative retinal blood flow imaging,” airway tissue surface dynamics,'” and imaging of orga-
noid motility,"" which require high-dimensional (3+1)D imaging. Even if only cross-sectional
(2+1)D imaging is needed, screening applications such as personalizing cancer chemotherapies '
and toxicant assays'® require additional dimensions of study conditions. The development of
“compressed” sampling techniques would be beneficial for reducing OCT scanning requirements
and memory overhead and favorable toward such high-throughput applications. While prior
efforts have made progress in this regard using traditional “compressed sensing” (CS) methods
in space,'* we introduce a “compressed” or sub-sampling method (that is not based on CS theory)
along the temporal one dimension in such a way that temporal features of interest are preserved;
we note that, unlike CS methods, we do not aim to reconstruct the fully sampled time signal but
to reconstruct the temporal feature of intracellular motility, as defined in Ref. 15. To accomplish
this, we propose a non-uniform temporal sampling (NUTS) method that estimates both short- and
long-term correlations of the sample and yields accurate signal estimates at each point in space
from highly under-sampled measurements. In comparison, uniform temporal sub-sampling
(UTS) has been proposed'® with some success and compatibility with scanning protocols that
can be implemented in hardware; however, simply reducing the sampling rate loses the ability to
capture short-term correlations accurately. NUTS was notably proposed in the context of veloc-
imetry,'” but the scheme employed a random selection of time points that are not readily imple-
mented in hardware, and it was optimized solely for flow estimation. As shown below, the NUTS
method proposed here strikes a balance between accurate estimation of both short- and long-term
correlations while employing a regular sampling pattern that is readily implemented in hardware.

In this paper, we have framed the problem as that of estimating an OCT temporal
autocorrelation-based intracellular motility metric, “motility amplitude” M, with temporal sub-
sampling. The utility of M has been demonstrated in tracking the responses of human mammary
epithelial cells (MECs) in three-dimensional (3D) cultures to drugs and toxicants.'*15131° Below,
we describe how M quantifies the relative amplitude of fluctuations exhibiting short-term cor-
relations that are distinct from white noise and stationary features. Similar autocorrelation-based
metrics for cellular motility contrast have been employed to assess corneal cross-linking?® and
urothelial cancer cell distribution.?! Here, our NUTS method is applied to estimating M from the
magnitude of the OCT signal, avoiding the need for phase-resolved OCT. However, the proposed
method may also be applicable for compressively estimating decorrelations in the complex OCT
signal (see, e.g., Ref. 22 for a discussion of differences between amplitude and phase-resolved
methods). As shown below, the proposed NUTS method provides better estimation than uniform
sampling under the same compression ratio, with the possibility of viable compression ratios of
up to eight, which may dramatically improve scan time and storage efficiency in high throughput
experiments.

2 Background and Methods

2.1 Distinguishing Dynamic Processes in OCT

We consider the time-varying magnitude of the OCT signal, Soct, collected from a coherence
volume in the single-scattering approximation. Within the coherence volume, there may be multi-
ple light scatterers that contribute to Soct, each moving with different velocities and different
amounts of coordination. Let us consider collecting Socr with sampling time 7, over a total time
fioal> then computing its temporal autocorrelation I'(7). An idealized autocorrelation trace is
shown in Fig. 1(a). The autocorrelation trace primarily reveals processes that cause Soct to fluc-
tuate on a time scale longer than #, but shorter than ¢,,,;; we call the time scale of such processes
the memory time of the “motile” scatterers, z,,. Slowly moving scatterers that do not change Soct
OVer fiya gives rise to the autocorrelation at #q,, ['(#a ). If we assume that these slow-moving
scatterers are perfectly stationary, the autocovariance of Sqcr at f,y, 1 zero, and we may approxi-
mate [(#,,;) as being equal to S3-r. We consider an OCT system that is limited by white noise
(e.g., shot noise, which is the limiting type of noise in many OCT systems). Because white noise
has infinite bandwidth, it decorrelates instantaneously. Thus, the portion of the autocorrelation
that decorrelates between the first two samples, ['(0) — I'(¢,), is imparted by white noise and by
any other processes causing fluctuations faster than ¢, (e.g., extremely rapid-moving scatterers,
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Fig. 1 Short- and long-term processes visualized by temporal autocorrelations of the OCT signal,
Soct- Autocorrelations are displayed in units of I'(0). (a) Idealized autocorrelation showing relative
contributions of white noise, motile scatterers with characteristic decay time t,,, and stationary
scatterers. The motility amplitude, M, isolates the contribution of motile scatterers. (b) Example
autocorrelations from OCT of spheroids with low M (formalin-fixed), moderate M (blebbistatin
treated), and high M (untreated). OCT videos for each condition can be seen in Video 1 (20x
real-time) (Video 1, MP4, 3.40 MB [URL: https://doi.org/10.1117/1.JB0.29.7.076002.s1]).

as well as motile scatterers that exhibit a small amount of decorrelation over ¢,). In this picture,
we can isolate the contribution of the motile scatterers by approximately I'(¢,) — S3cy, i.e., the
amount that the autocorrelation trace decays between ¢, and ;.-

A few things should be noted at this stage. First, the difference I'(¢,) — S3 ¢y is equivalent to
the autocovariance. For discussion purposes, we chose to separate I" (autocorrelation) and S5,
which are impacted differently by different sampling methods. Second, it may be possible to
estimate the white noise contribution to I'(0) using methods described in Ref. 23, which could
provide a better estimate of the motile scatterer contribution. However, these methods were
unable to be implemented in this study, as they require an OCT system with certain noise sta-
tistics and a good estimate of the signal-to-noise ratio (SNR).

To validate the picture of Fig. 1(a), example OCT data sets of MEC spheroids in 3D culture
under varying conditions were analyzed. MEC spheroids exhibit intracellular motility (i.e.,
in-place motions of sub-resolution, intracellular components) that decorrelates OCT signals with
a 1/e decay time on the order of 5 s.>* Here, we compared spheroids that were formalin-fixed and
expected to exhibit no motility; spheroids that were treated with blebbistatin, a myosin II inhibi-
tor, for 6 days and expected to exhibit suppressed motility; and spheroids that were untreated for
2 days as an example of high motility. (A shorter culture time point of 2 days for the latter was
chosen to avoid possible apoptosis.) Pixelwise autocorrelation traces averaged over regions of the
spheroids are displayed in Fig. 1(b). All traces exhibit an initial decay at I'(¢,) between 2% and
7% of I'(0) attributed predominantly to white noise. The trace of the fixed spheroid exhibits
negligible further decay, consistent with the picture that it is comprised of stationary scatterers.
By contrast, the traces of the blebbistatin and control spheroids decay further, reaching stable
values at ~30 s, suggesting that they contain motile scatterers. The blebbistatin-treated spheroid
exhibits a smaller proportion of decay compared with the control, consistent with the expectation
that it has suppressed motility (fewer and/or slower motile scatterers). In all cases, a significant
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fraction of the autocorrelation (between 83% and 99%) remains after #,,,; = 112 s (not shown),
which is attributed to stationary scatterers.
To estimate the contribution of the motile scatterers in a manner that is independent of both

white noise and the signal level Socr, we previously proposed a motility amplitude metric M

according to Ref. 15
IT(t,) — S&
M = ( Szz SOCT‘ (1)
Soct

Looking at Fig. 1(a), we can see how M quantifies the motile scatterer contribution and is nor-
malized by Sjcr such that it is a unitless number; the final square root linearizes M with respect
to the OCT signal. This choice of normalization was found to impart depth-invariance to M, even
under significant OCT signal roll-off."> The value of M is reported for each of the spheroid
conditions displayed in Fig. 1(b), which ranges from a background level of 0.12 for the fixed
spheroid, to a high value of 0.34 for the control spheroid. Thus, while long-term correlations are
quantified by the time-averaged OCT signal Socr, M is an excellent proxy for the relative
contribution of short-term (#, < ,, < t,,1a) correlations in dynamic OCT data. As such, here, we
focus our efforts on compressive sampling toward accurately reconstructing “motility images”
rendered by M.

2.2 Proposed Method of Compressive Sampling

Our goal is to collect fewer samples of Socr while maintaining the ability to accurately estimate
the short-term correlation, T'(z;), and the long-term correlation, T'(fow)~ Shep, Which
subsequently enables computation of M according to Eq. (1). Given the unbiased, discrete
autocorrelation of Sqcr

N—j-1

Z Socr((i + /)t5)Socr (i - 1), 2

. 1
I(j-1)= N=j
i=0

where N is the number of samples; we write ['(#,) as

1 N-=2

I(t) = HZSOCT((Z. + Dt;)Socr(i - 1) 3)
i=0

Given a maximum available sampling rate of the OCT system 1/¢,, we see that it is necessary to
collect adjacent pairs of Socr samples (i - 7, (i + 1)t,), to compute I'(z,). We might consider
simply collecting fewer samples N; however, that would decrease f,,, lead to a smaller
time window for 7,, of the motile processes, and rapidly break down the approximation
[ (tow1) & Ser» Which, based on simulations presented below, is likely to already be a limiting
factor in our experiments. If, on the other hand, we increase the sampling time #, while keeping
tioral CONStant, we similarly narrow the available window for ¢,, on the short time side and poten-
tially lose motility signal amplitude for portions of the signal that decay faster than the longer #,.
In the latter scenario, we will call the UTS method, where ¢, is increased by some integer com-
pression ratio, e.g., t, — 2t, 4t,, or 8¢, (and N - N/2, N/4, or N/8) for twofold, fourfold,
or eightfold compression, respectively. In the UTS method, the expression of Eq. (3) is used
to compute I'(z,), and the mean of all samples is computed to estimate Socr.

Instead of UTS, here, we propose a non-uniform (NUTS) method that avoids narrowing the
window of 7,,,. This is accomplished by collecting adjacent pairs of samples (separated only by #,)
with an appropriate intervening dead time. Given a desired compression ratio r, we write the
sampling scheme as

(i,i+1)=1(0,1),(2r,2r +1),(4r,4r+ 1), and (6r,6r +1). “4)

For example, to achieve a compression ratio of r = 4, the signal would be sampled at times
(0, t,, 8t,9t, 16¢,, 171,...). In the NUTS method, I'(¢,) is then computed by multiplying the
adjacent pairs of samples according to
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| N2
I'(z) = N Z Socr((i + 1)t;)Socr(i - 1), ®)
i=0,2r4r

where N is the number of samples if the system was uncompressed [i.e., N = (/1) + 1] and
N’ is the number of compressively sampled pairs (which ~N/2r with rounding). As with the
UTS method, Socr in NUTS is estimated by computing the mean of all available samples. We
note that, while not used in this paper, if one wished to estimate the variance of I'(z,), one would
employ the finite population correction since I'(#,) is sampled without replacement.

2.3 Monte Carlo Simulations

To quantify the impact of NUTS on extracting motility data from OCT images, we developed a
simple simulation model to capture the additive contributions of white noise, motile scatterers,
and stationary scatterers. The OCT signal sampled at N evenly spaced time points, ¢;,
i=0...,N—1, is written as follows:

SOCT(ti) = cnfn(ti) + cmfm(ti) + 1’ (6)

where f, is the contribution of white noise, f,, is the contribution of motile scatterers with a
persistence (memory) time of p sampling points, and an offset of 1 represents the stationary
scatterers. The weights c,, and ¢, are used to adjust the contributions of motile scatterers and
white noise, respectively, relative to the offset. (For simplicity, here we assume that noise is
purely additive, and we ignore contributions from multiplicative noise; the latter was found
to have negligible impact at the noise levels explored in this paper.) The white noise and motility
functions are computed according to

fa(t) =N(0,1), (7
and
=
fum(ti) = \/1_7(; > X(tj)); X(1;) = N(0,1), ®)

=i

respectively, where N (0, 1) denotes a zero-mean normal distribution with a variance of 1. While
the white noise is represented by a purely random distribution, the motile scatterers are repre-
sented by a function with memory that is imparted by taking a moving average over a time
window of p - £,. An additional weight of /p is introduced to keep the variance of f,, constant
at 1. While there are other models for memory that could be used, such as diffusion, for the
purposes of this study, we do not wish to presume a particular physical model for the dynamic
process. We should note a few things about our choice of a normal distribution for these sim-
ulations. First, owing to the third term offset of Eq. (6), the net Socr signal has statistics of a
normal distribution with a non-zero mean. The adjustability of c¢,, relative to this offset effectively
simulates pixels of the same SNR. There are other distributions more commonly used to describe
spatial speckle statistics, such as the Rayleigh distribution. We found that upon analyzing the
temporal statistics of our experimental data, there was no significant difference in R? values when
fitting to Rayleigh or normal distributions for pixels of similar mean values (and thus similar
SNRs), with typical R? values of 0.99. Given the relative simplicity and ubiquity of the normal
distribution, we chose to perform simulations under this assumption.

Importantly, the model of Egs. (6)—(8) allows us to test the impact of varying contributions of
white noise, motile scatterers, and stationary scatterers. Because the variances of the noise and
motile scatterer contributions are scaled by c¢2 and c2, respectively, and Socr is given by the
offset, which is equal to 1, we expect that

r0)=c2+c2+1, )
T(,)~ 2 +1, (10)
T (towar) ® Soer = 1. (11)

and thus, M according to Eq. (1) is approximately equal to c,,.
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2.4 Mammary Spheroid 3D Cultures
3D cell cultures were prepared as described previously in Ref. 19. The data analyzed and com-
pressively sampled here are a subset of those initially reported in that paper. Briefly, the spheroids
studied here comprised MCF10DCIS.com cells, a pre-malignant human MEC line that forms
ductal carcinoma in situ (DCIS)-like lesions in xenograft models.>> Cells were initially cultured
in 2D until reaching 70% confluency and then seeded in 3D at a density of 30,000 cells/cm? into
an artificial extracellular matrix comprised of 1:1 collagen I:Matrigel (BD Biosciences, Franklin
Lakes, New Jersey, United States) at a final collagen I concentration of 1 mg/mL. The
MCF10DCIS.com cells were subsequently grown for 10 days to allow for spheroid formation
in the 3D cultures. At this time, blebbistatin, an inhibitor of the motor protein myosin II, was
introduced into the cell media at either 0, 25, or 50 uM concentration. OCT imaging was per-
formed on cultures immediately prior to blebbistatin exposure and subsequently at 1 h, 24 h,
48 h, and 6 days post-exposure, for a total of 15 unique dose and time conditions.

For images of fixed spheroids reported in Fig. 1, 3D cultures were prepared as above, grown
for 19 days, and then fixed with 10% v/v formalin.

2.5 OCT Imaging and Post-Processing

3D organoid cultures were imaged by a custom spectral-domain OCT system described in detail
previously,”® using the methods specifically outlined in Ref. 19. Briefly, the light source is
a Ti:Sapphire laser with a central wavelength of 800 nm and bandwidth of 120 nm, providing
a lateral and axial resolution of ~10 ym X 3 ym (in aqueous medium), respectively, and ~6 mW
of optical power at the sample. The system exhibits a sensitivity of ~108 dB under the conditions
used in this study. Polarization control was used such that the sample was illuminated with
horizontally polarized light, and returned backscattered light was passed through a polarizer to
select the co-polarized (horizontal) component; this is important since temporal dynamics in
OCT may differ between co- and cross-polarized components.® Images were collected into
1000 x 1024 pixels over 3 mm X 1.5 mm (in aqueous medium) laterally and axially, respec-
tively. The A-line rate was set to 2 kHz, and the resulting frame rate (accounting for dead time
between frames) was 0.89 Hz. A total of 300 B-mode images were collected (at even time inter-
vals) and divided into 3 sets of N = 100 images each for independent analysis (where uneven
time intervals were achieved by sub-sampling these data). As such, we expect this sampling
condition to allow for the detection of motile scatterers with fluctuations on time scales between
ty =1.12 s and fy5 = 112 5.

2.5.1 Experimental image post-processing

Raw spectral OCT data were converted to depth-resolved B-mode images via Fourier transfor-
mation using digital dispersion compensation®’ and reference subtraction. The region of each
visible spheroid was segmented with assistance by a custom script to semi-automate the proc-
ess,”® with typically one to four spheroids per B-mode image set. M was computed at each pixel
according to methods outlined in Sec. 2.2. For uncompressed analyses, all N = 100 images were
used, while for compressive sampling, a subset of images was selected as described above. Both
NUTS and UTS methods were employed using compression ratios of 2, 4, 8, and 16, reducing
the total number of samples for UTS to N = 50, 25, 13, and 7, respectively. With NUTS, the
total number of samples was reduced to 2N’ = 50 (25 pairs), 26 (13 pairs), 14 (7 pairs), and
8 (4 pairs), via the method of Eq. (4). While the total number of retained samples is slightly better
for many of the non-uniformly sampled sets, as will be shown below, the overall comparative
performances show much larger trends than can be explained by these differences.

The accuracy of M estimation was evaluated on a pixel-by-pixel and spheroid-by-spheroid
basis. The pixel-wise M reveals the spatial pattern of motility inside spheroids. In the pixel-wise
M analysis, a spatial mean filter of 12 ym X 3 ym (4 X 2 pixels) window size (laterally and
axially, respectively) was applied to uncompressed and compressed M images. Subsequent seg-
mentation of the spheroid regions was used to produce pixel-wise scatter plots of compressed
versus uncompressed M. Scatter plots were fitted to a regression line of the form y = mx
(no offset), and the slope m and correlation coefficient (Pearson’s r) were computed.
Spheroid-averaged M, computed by segmenting M images without any prior mean filtering,
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was used to track the motility response of spheroids to different culture conditions (toxicant dose
and exposure time). M was computed uncompressed and via NUTS and UTS with fourfold and
eightfold compression. Spheroid-averaged scatter plots comparing compressed to uncompressed
M were analyzed as before. Then, M data grouped by culture condition were analyzed in parallel
for each method (uncompressed and fourfold and eightfold NUTS and UTS), performing a ¢-test
(two-tailed, heteroscedastic) comparing M data of spheroids at each dose and time condition to
the corresponding M data before exposure.

2.5.2 Simulation data processing

The Monte Carlo model described in Sec. 2.3 was employed to simulate the dynamic OCT signal
collected within a pixel using settings chosen to match experimental conditions. As such, each
simulation for a particular input of noise and motile scatterer weights c¢,, and ¢,, was comprised of
a time series of N = 100 points and repeated 6000 times (to approximate the average number of
pixels within the spheroids in our study). M for each of the 6000 simulated time series was
computed and averaged in the same way as for experimental OCT data to produce the simulated
spheroid-averaged M.

3 Results and Discussion

3.1 Simulations of Compressive Sampling

The model of Eq. (6) was employed to systematically investigate the impact of the proposed
NUTS method on measurements of M spatially averaged over a typical spheroid size.
Figure 2(a) shows how M is varied in this model by modifying the weight of the motility func-
tion, c,,, under varying levels of noise, c¢,. As expected, M nearly equals c,, and increases mono-
tonically with it. There is a threshold minimum value of M as c,, approaches zero that increases
with increasing noise, which is important to note when interpreting M from samples with pre-
dominantly stationary scatterers or regions with low SNR. The fact that M is somewhat smaller
than c,, even for large input values is due to the approximative nature of Egs. (10) and (11), i.e.,
that some of the motile scatterer contributions decorrelate before ¢,, and some of them do not
decorrelate by 7, giving rise to an under-estimate of I'(#,) and over-estimate of E%CT, both of
which reduce M via Eq. (1). The amount of these errors depends on the exact choice of the
memory time, and details are given in Fig. S1 in the Supplementary Material. For the simulations
of Fig. 2, we chose a memory time of 7,, = 20 ¢, (p = 20) and the total number of samples

(a) Simulation Output (b) Uniform Sampling (C) Non-Uniform Sampling
0.4 T T T T T
4 {
Noise, ¢, 04 y=x = - y=x 2
" 2x, slope = 0.95 % 04r 5., slope = 0.99 4o
S LL—omn / s 4, slope = 0.84 2SS 4, slope = 0.97 g
ke —0.25 / o 8x, slope = 0.64 v - 8x, slope = 0.94 6=
a —0.50 & 031 465 slope=041 27 | & O3 16xslope=084 — g s
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0.0 0.1 0.2 03 04 00 01 02 03 04 00 041 02 03 0.4
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Fig. 2 Monte Carlo simulations of dynamic OCT signals using the model of Eq. (6). (a) Simulated
measurements of M with varying contributions of motile scatterers (c,,) and noise (c,,). As noise
increases, the background M level increases. (b), (c) Scatter plots of simulated M measurements
(compressed versus uncompressed) with uniform or NUTS, respectively. While all conditions
exhibited a good correlation between compressed and uncompressed M, as the compression ratio
increased, the slopes obtained by linear regression decreased from the ideal value of 1. Overall,
the proposed method of non-uniform sampling exhibited superior performance, with a slope of 0.94
at eightfold compression. In these simulations, c¢,,, was varied from 0 to 0.5, and ¢, was set to 0.25
to approximate typical spheroid data.
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N = 100 to recapitulate the relative values of ¢, f,, and ., in MEC spheroid experiments.
Notably, the simulations of Fig. S1 in the Supplementary Material show that, for p = 20, the
error in M arising from S3.y is significantly larger than that from I'(#,), although we were unable
to confirm this trend in the experimental data reported below as we lacked ground-truth values
of M.

It is interesting to note that the reduction of M relative to c,, could be corrected if one knew a
priori the functional form of the autocorrelation decay curve, such as an inverse exponential in
the case of diffusing scatterers. However, a diffusion model, which would be consistent with a
Lorentzian power spectrum, is inconsistent with power spectra from MEC spheroids in other
experiments.'® Therefore, such an approach may not be possible for the highly complex MEC
spheroids of this study.

Figures 2(b) and 2(c) illustrate the impact of uniform compressive sampling (i.e., by simply
increasing t,) and the proposed NUTS method of Eq. (4), respectively. Each point on the scatter
plots represents a given simulation where M was computed either from the full data
(uncompressed) or by appropriately sub-sampling the data (compressed). We can clearly see
a rapid degradation in the accuracy of M estimation with increasing compression ratio for the
uniform sampling method, where M above ~0.1 is significantly under-estimated for compression
ratios of 4 and above (slope < 0.84). This is expected because 7, increases with increasing com-
pression, resulting in increased decorrelation by the motile scatterers [breakdown of Eq. (10),
which lowers the overall M value]. By contrast, for the proposed non-uniform sampling method,
M is well reproduced at up to eightfold compression, where it keeps ~94% of its baseline value.
With NUTS, we found that the breakdown of Eq. (11) (inaccurate estimation of §%CT) ultimately
led to the reduced slope relative to the ideal y = x line.

3.2 NUTS Preserves Spatial Patterns of Intracellular Motility

Given the promising results of the simulations, we next explore how the proposed NUTS method
performs on an existing dataset of MEC spheroids collected without compression, with UTS also
performed as a point of comparison. Motility images, i.e., spatial maps of M computed at each
pixel and subsequently mean filtered over a resolution window, are computed for the two exam-
ples of live spheroids in Fig. 1. Motility images computed under varying levels of compression
are displayed in Fig. 3, with the time-averaged OCT images (Socr) displayed in grayscale for
reference. As expected, we can qualitatively see that while Soc exhibits heavy attenuation with
depth, the motility images do not suffer from signal roll-off. Importantly, consistent with the
simulations, we see that the motility images using UTS decrease in contrast dramatically to the
increasing compression ratio, while NUTS maintains both the contrast and spatial pattern of M
up to eightfold compression. Particularly telling is a closeup of one spheroid in the blebbistatin-
treated sample with a complex structure that is maintained after NUTS. These findings are favor-
able for future investigations into spatial patterns of motility within spheroids as related to drug or
toxicant exposures and associated cell responses such as cancer metastasis.

To quantify the accuracy of NUTS, the right column of Fig. 3(b) shows pixel-by-pixel scatter
plots of compressed versus uncompressed M within a region of interest inside a control spheroid.
Consistent with simulations, the slope of the regression line decreases with increasing compres-
sion from 0.985 (twofold) to 0.913 (eightfold). The spread of the data, however, appears quali-
tatively larger than in simulations, an effect which can be quantified by Pearson’s . We found
that Pearson’s r decreases with increasing compression from 0.89 (twofold) to 0.66 (eightfold).
To show how the NUTS method performs across the entire data set, which represents a variety of
dose and culture time conditions, we tabulated the slope and Pearson’s r computed from pixels
within each spheroid and then averaged across each unique culture condition (see Table S1 in
the Supplementary Material). Overall, the findings are similar to those represented in Fig. 3,
with little change in accuracy as a function of culture condition.

3.3 NUTS Preserves Results of Hypothesis Testing

Because temporal dynamics of in vitro cell cultures imaged by OCT are increasingly used to infer
responses of cells to a variety of perturbations, it is important to ensure that compressively
sampled OCT does not alter the conclusions drawn from such experiments. Here, we tested the
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(a) Blebbistatin at 6 days
Time Average Uncompressed M
0.45
m
0.12
(b) Control at 2 days
Time Average Uncompressed M
0.45
M
Uniform Sampling Non-Uniform Sampling\ /
r =0.89 =
gLl || 0.12
-
Uncompressed M
) l}}\compressed;ﬂ ’

Fig. 3 (a), (b) Effects of compressive sampling on motility imaging of weakly motile spheroids
(blebbistatin-treated) and highly motile spheroids (control), respectively. Top row: Time-averaged
OCT images and corresponding uncompressed motility images. Subsequent rows show the
effects of increased compression ratio (2%, 4x, and 8x) with either uniformly sampled data (left)
or the proposed NUTS method (middle) for each condition. (a, right column) Closeup of a
blebbistatin-treated spheroid with varying levels of NUTS, showing how the structure is preserved.
(b, right column) Pixel-by-pixel scatter plots of non-uniformly compressively sampled versus
uncompressed M for a control spheroid demonstrate a good-to-moderate correlation r with
increasing compression.
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veracity of the proposed NUTS method to assess the significance of changes in MEC spheroid
intracellular motility in response to blebbistatin exposure. A data set of MEC spheroids
imaged in triplicate with OCT for a total of n = 1428 was used for this purpose. Previously,
spheroid-averaged M was computed and shown to be significantly different before and after
exposure for certain blebbistatin doses and time points.'” Here, we non-uniformly sub-sampled
these data according to Eq. (4), computed M according to Eq. (5), and performed the same
hypothesis tests with the compressed M values to look for any differences in statistical signifi-
cance. The results are summarized in Fig. 4. As a point of comparison, the results when applying
UTS are displayed in Fig. S2 in the Supplementary Material.

A spheroid-to-spheroid scatter plot of non-uniformly compressively sampled versus uncom-
pressed M across this data set is displayed in Fig. 4(a). Similar to pixel-to-pixel data, the
regression line slope decreases with increasing compression. However, the spread of data is
significantly smaller for spheroid-averaged data due to increased spatial averaging, exhibiting
high correlations (R?> = 0.99 and 0.98 for fourfold and eightfold compression, respectively). The
results also display the same trends as those of the simulations displayed in Fig. 2(c). Figure 4(b)
shows the resulting condition-averaged M for each dose and time point under each compression
level. As shown, the overall M values become smaller with higher compression (as evidenced by
the decrease in the slope of the scatter plot regression line from the ideal value of 1 to 0.956 and
0.905 for fourfold and eightfold compression, respectively). However, because the M values
within each compression level track together (i.e., have a high correlation), the associated
p-values remain largely unchanged (see Table S2 in the Supplementary Material), and the same
results when examining p-values relative to significance levels are obtained [see asterisks on the
bar chart in Fig. 4(b)].

(a) 04
® 4xCS
5| e 8xCs
- —y=x
— y=10.956x, R?=0.99
— y=10.905x, R?=0.98

e
w

Compressed M
o
N

0.1

0.1 0.2 0.3 04
Uncompressed M
(b) P

0.30 — . Before
= 1 hour
[ 24 hours
M 48 hours
0.25 A — . 6 days
[l Uncompressed
[l 4xcs
[Jsexcs

0.20

* p<0.01
*% p < 0.0001

0.15 — =
Control 25 uM 50 uM
Fig. 4 (a) Spheroid-by-spheroid scatter plot of 4x and 8x non-uniformly compressively sampled
versus uncompressed M overall blebbistatin concentrations and time points (n = 1428). Best-fit
lines indicate good linearity with a small reduction in the slope from the ideal y = x line as the
compression level is increased from 4x to 8x. (b) Dose- and time-dependent M (mean = std. err)
of spheroids exposed to blebbistatin under varying compression levels. Hypothesis testing (two-
tailed t-test compared with corresponding before values) indicates similar significance levels when
performed on compressed or uncompressed data.
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4 Conclusion

A method is proposed for compressive measurements of intracellular motility with OCT by non-
uniformly sampling the OCT data in time to capture short- and long-term correlations within the
sample. Compared with uniformly sampling data in time, the NUTS method exhibits dramati-
cally improved accuracy, both in simulation and on experimental data, for estimating the relative
amplitude of fluctuations imparted by motile scatterers. Here, motile scatterers are defined as
those that cause OCT signal fluctuations at time scales longer than the sampling time 7, and
shorter than the total imaging time #,,,. When applying this technique to different applications,
a careful choice of both ¢, and t,,, is first needed to define the temporal window over which
motile scatterers are contrasted by this technique. It is also important to note that #,,,,; should be
less than the time over which bulk motion causes significant speckle decorrelation, which may
limit the applicability of this method to mechanically stabilized biological systems.

Our study shows that the data reduction levels achievable by NUTS are dramatic, with up
to eightfold compression on a data set with 100 time samples preserving both the spatial pattern
of intracellular motility in MEC spheroids and the statistical significance of cellular responses
to blebbistatin treatment. This constitutes a leap forward in our capability to employ OCT as a
non-invasive tool to study dynamic processes, which is currently limited by both scanning
times and data overhead. For example, one could implement the sampling strategy of
Eq. (6) by breaking a volume up into sub-volumes comprised of a set of r adjacent B-mode
frames (where r is the compression ratio), cycling through each elevational position while
pausing long enough at each to collect sequential frames, and returning back to each position
in the same sequence over the desired total number of samples. Current commercially available
OCT systems can be programmed to scan with such patterns, as well as OCT systems generally
capable of BM- or MB-mode imaging. The concomitant reduction in data overhead is also
crucial to reduce a typical OCT image stack for one cross-section in time from ~100 to
~13 MB in size, which is significant when multiplied over the number of frames in a volume
for (3+1)D imaging. These enhancements will enable new applications in OCT-based sensing
of 3D cell cultures in particular, where high-throughput imaging is desired for drug discovery
and toxicant exposure applications. Laser speckle contrast imaging, which similarly involves
the assessment of autocovariance of speckle fluctuations from biological media,”® may also
benefit from the methods proposed here. The NUTS method may be broadly applicable to
studying dynamic processes in complex biological or non-biological systems exhibiting
temporal correlations on different time scales.
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