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Abstract: Holographic cytometry is introduced as an ultra-high throughput implementation of
quantitative phase imaging of single cells flowing through parallel microfluidic channels. Here,
the approach was applied for characterizing the morphology of individual red blood cells during
storage under regular blood bank conditions. Samples from five blood donors were examined, over
100,000 cells examined for each, at three time points. The approach allows high-throughput phase
imaging of a large number of cells, greatly extending our ability to study cellular phenotypes using
individual cell images. Holographic cytology images can provide measurements of multiple physical
traits of the cells, including optical volume and area, which are observed to consistently change
over the storage time. In addition, the large volume of cell imaging data can serve as training data
for machine-learning algorithms. For the study here, logistic regression was used to classify the
cells according to the storage time points. The analysis showed that at least 5000 cells are needed to
ensure accuracy of the classifiers. Overall, results showed the potential of holographic cytometry as a
diagnostic tool.

Keywords: high throughput cell screening; quantitative phase imaging; red blood cell storage

1. Introduction

Flow cytometry is a powerful tool that measures multiple physical parameters of
complex populations of flowing cells over a short period of time [1]. Since its develop-
ment as a primarily cell-size measuring instrument, flow cytometry has evolved into a
sophisticated modality that can simultaneously a wide range of optical and fluorescence
parameters [2]. As a diagnostic tool, flow cytometry can be used to obtain information
about the biochemical, biophysical, and molecular aspects of broad populations at the
single-cell level. Structural and morphological characteristics of cells can be derived from
scattered light measurements while fluorescence emission is used to provide molecular
information by estimating the number of fluorescent probes bound to various cellular
components [3].

As an extension, imaging flow cytometry has become a valuable tool in the past decade
that enables greater analysis of cellular morphology to provide additional information to
biological studies and clinical diagnosis [4–6]. In-depth imagery of individual cells can be
used to verify the parameters measured from conventional flow cytometry by obtaining
information such as the detailed shape of the cells and the location of labeled biomolecules
within them [7–9]. Additionally, false positive occurrences can be reduced by analyzing cell
images to eliminate non-cell objects such as debris and clusters of cells [10–12]. Therefore,
users can be more definitive about the outcome of flow cytometry analysis by having access
to sample attributes within the cell images.
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Another tool that has been recently developed for cell imaging is quantitative phase
microscopy (QPM), which can characterize biological cells by their morphological and
spectral features with nanometer levels of precision [13–16]. Currently, the number of cells
analyzed by QPM is greatly limited by the need for manual manipulation of the sample
stage to find a good field of view. To translate the technique to be a diagnostically significant
screening tool, it is necessary to increase the throughput of the system to reach levels
similar to those of imaging flow cytometry, which ranges from 1000 to 100,000 cells/s [5].
Therefore, further development of QPM as a diagnostic approach requires the throughput
of the system to be significantly increased.

To demonstrate the potential utility of a high throughput QPM method such as
holographic cytology, the technique was used to assess the morphological changes of red
blood cells (RBCs) that occur during storage, often termed storage lesion. The number
of red blood cells that can be imaged with this system is hundreds of times greater than
previous studies which have examined RBCs with QPM [15]. Characteristics of storage
lesion include morphological, rheological, and biochemical changes to RBCs which reduce
their lifetime in circulation [17]. The change in RBCs during storage is of interest since
there is an increase in patient risks with transfusion of older blood, and thus significant
efforts have been made to improve the viability of stored RBCs [18]. In addition, the stored
RBCs are used to boost the hemoglobin and increase athletic performance in blood doping.
Currently, however, there is no way to effectively measure the viability of RBCs at the
cellular level with high enough throughput to be useful for evaluating units for transfusion.
Instead, the clinical standard is to depend on the observed percentage of hemolysis as an
assay, neglecting the significant changes in RBC morphology and mechanical properties
which can reflect their reduced viability.

In this article, holographic cytometry was presented as a quantitative phase imag-
ing system that can acquire a large number of images of cells in flow by incorporating
customized microfluidic chips and stroboscopic illumination. The approach was used to
acquire quantitative phase images of a broad population of individual RBCs at different
storage time points. To classify these cells, a set of morphological parameters were extracted
from each cell image to enable characterization of millions of cells at the single cell level.
The extracted physical parameters showed consistent changes over time and suggest new
avenues for improved understanding of the effects of storing RBCs. Further, the extracted
parameters were used to train a supervised learning algorithm, based on logistic regression,
to classify the cells according to their storage time points.

2. Materials and Methods
2.1. Blood Collection and Preparation

Whole blood from five different healthy donors (Table 1) were collected into CPD-
OPTISOL (AS-5) collection sets.

Table 1. Basic information of blood donors.

Sex Year of Birth

Sample A Male 1985
Sample B Female 2000
Sample C Male 1988
Sample D Female 1964
Sample E Male 1955

Each unit of whole blood was stored at 1–6 ◦C for up to 6 weeks for the experiment.
The stored blood is removed from the units at specified time points using a sterile-docking
system with a fitted valve. The removed blood was centrifuged at 1000 rpm for 5 min to
isolate the RBC pellets which were resuspended as a 0.8% hematocrit solution in 5 mL
of high refractive index medium (RI = 1.372 at 23 ◦C). The mixture is then loaded onto a
syringe pump system flowing at 3 µL/min for the experiment.
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2.2. Development of Microfluidic Channels

The following experiments were performed using PDMS (polydimethylsiloxane)
channels [19]. The mask design is shown in Figure 1. Since the width of the channels,
40 µm, was much larger than the average diameter of the RBCs, the passages were free
from blockages that could potentially disrupt the uniform flow across the channels. In
addition, the height of the SU-8 master mold, 5.39 ± 0.18 µm, is comparable to the thickness
of the RBCs.

Cells 2021, 10, x FOR PEER REVIEW 3 of 13 
 

 

high refractive index medium (RI = 1.372 at 23 °C). The mixture is then loaded onto a 
syringe pump system flowing at 3 µL/min for the experiment. 

2.2. Development of Microfluidic Channels 
The following experiments were performed using PDMS (polydimethylsiloxane) 

channels [19]. The mask design is shown in Figure 1. Since the width of the channels, 40 
µm, was much larger than the average diameter of the RBCs, the passages were free from 
blockages that could potentially disrupt the uniform flow across the channels. In addition, 
the height of the SU-8 master mold, 5.39 ± 0.18 µm, is comparable to the thickness of the 
RBCs. 

 
Figure 1. (A) Overall mask design for the PDMS channels. (B) Magnified mask design showing the 
dimensions of the channels. (C) PDMS channel. 

2.3. Holographic Cytometry 
The RBCs flowing through the channels were imaged using the holographic cytom-

etry shown in Figure 2. 

 
Figure 2. Holographic cytometry for high-throughput imaging. 

Figure 1. (A) Overall mask design for the PDMS channels. (B) Magnified mask design showing the
dimensions of the channels. (C) PDMS channel.

2.3. Holographic Cytometry

The RBCs flowing through the channels were imaged using the holographic cytometry
shown in Figure 2.
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The illumination beam from a laser source (λ0 = 640 nm, ∆λ = 0.7 nm) was modulated
at 300 Hz using an acousto-optic modulator (AOM). The AOM was triggered to synchronize
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with the frame rate of the camera using an Arduino based microcontroller. The pulse width
of the modulated beam is 350 µs and the spatial noise of the system is observed to stabilize
at the 1 nm rms level, with an intensity that is lower than the saturation level of the detector.
The pulsed illumination beam provides a stroboscopic effect such that the motion of the
cells, which were flowing at a maximum velocity of 2.65 mm/s, was effectively frozen
during the exposure. Over the duration of one individual pulse of light, the RBCs travelling
at this maximum velocity moved only 0.93 µm, which is less than the spatial resolution of
the system (0.98 µm), and therefore motion artifacts are minimized.

The output beam from the AOM was coupled into a 1 × 2 fiber coupler which splits the
beam into the sample and the reference arms for the off-axis Mach-Zehnder interferometer.
The collimated beam from the sample arm passed through the sample and the image was
magnified by 33× using an objective lens (20×, 0.4NA). The magnified beam was combined
with the collimated reference beam at an angle using a beam splitter to create an off-axis
interferogram which was captured by the camera (Teledyne Dalsa, Waterloo, ON, Canada.
4096 × 96 p×, 300 fps). For each sample, 99 sets of 10,000 frames (~33 s each set) were
captured at each storage time point.

The interferograms were post-processed frame-by-frame to obtain optical phase delays,
∆φ, of the wavefronts propagating through the sample, which depend upon refractive
index as:

∆φ(x, y, t) =
2π

λ
(ncell(x, y, t)− nmedia)·h(x, y, t) (1)

where n is the refractive index, h is the height of the sample, and λ refers to the wavelength.
An example of a phase image sequence of stored RBCs flowing through the channels is
shown in Figure 3.
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Figure 3. Top: Flow sequence with channels shown at the top subtracted as a background. Scale
bar = 10 µm. Bottom: Selected red blood cells from the flow sequence on top. Scale bar = 5 µm
(Supplementary Materials: Video S1).

Briefly, the complex field information describing the flowing RBC was retrieved from
the interferograms [16]. Each complex field image was digitally refocused by propagating
the field to the plane of best focus, as determined by the minimum variance of amplitude of
the cells in the first 3 frames [20]. The cells in the subsequent frames of the flow sequences
were digitally refocused using the same distance determined in the first 3 frames since the
axial positions are restricted during flow by the height of the customized channel, which
is comparable to the cell thicknesses [21]. After background subtraction, any remaining
noise was removed using a 3rd-order polynomial fit to the field of view excluding the cells.
Then, each RBC was segmented from the image using an area and thickness threshold.
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Multiple images of the same cell were identified using a modified tracking code from
the Computer Vision Toolbox in Matlab [22]. The tracking code first detects moving objects
from a given FOV. Then, it predicts the subsequent location of the object based on the
previously observed motion using a Kalman filter. The predicted locations across the
frames are used to form motion tracks which identify the moving copies of each single
cell object. This ensures that identified copies of multiple images of the same cell do not
account for multiple counts in the total number of cells imaged by the system.

Since the RBCs are isolated from the background based only on two morphological
parameters, another quality check was performed to ensure that non-RBC objects were not
included in the analysis, as shown in Figure 4 below.
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and dynamic structure. Therefore, objects with areas below the threshold of 21 µm2 as 
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Figure 4. Illustration of outlier rejection based on QPI parameters. (A) Scatter plot showing standard
deviation of phase and area of all objects imaged in a typical flow sequence before quality check.
(B) Scatter plot showing OV and circularity of all objects in the sequence. Segmented objects with
area < 21 µm2, (ex. (C)), shown on the scatter plot (A) by the red vertical dotted line and objects
with standard deviation < 0.09, (ex. (D)), shown by the red horizontal dotted line are excluded from
further analysis. Multiple-connected cells, i.e., clumps with OV > 5 fL and circularity <0.85 or >1.23,
ex. (E), shown on the scatter plot in (B) by the red dotted lines are also excluded from further analysis.
Scale bar = 5 µm.

As can be seen in Figure 4A, there are groups of segmented objects that do not exhibit
morphological features that correspond to the physical properties of RBCs based on size
and dynamic structure. Therefore, objects with areas below the threshold of 21 µm2 as well
as those with standard deviation of phase below 0.09 were categorized as too small to be
RBC’s. Typical images of these rejected cells are shown in Figure 4C,D. These excluded
objects may include platelets or cell fragments which were omitted from further analysis.
In addition, some of the segmented objects are multiple cells clumped together during
flow as shown in Figure 4B. The clumped cells that are selected based on the circularity
(circularity < 0.85 or >1.23) and optical volume (OV > 5 fL) are too large to be single RBC’s
and are also excluded from further analysis (typical images shown in Figure 4E).
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The set of morphological parameters used in our previous study [15] and 2 additional
features, solidity and circularity, were extracted for each RBC using the segmented images.
Solidity is the ratio between the area of the cell and the convex hull, with area defined by
the bounding region that connects the outer points of the cell [23]. Circularity is the ratio
between the perimeter and the area of the cell that should resemble a circle for values close
to 1. A previous study with QPI examined optical volume for stored RBC’s and correlated
QPI findings with chemically aged cells [21].

3. Results
3.1. Number of Individual Cells Imaged

The total number of unique, single RBCs imaged with the system for all samples on
day 1, 15, and 29, after excluding non-RBC objects, was 9,437,349 cells as shown in Table 2
below.

Table 2. Total number of segmented RBCs.

Sample A Sample B Sample C Sample D Sample E

Day 01 653,835 585,142 742,151 342,148 144,187
Day 15 788,569 1,387,083 704,062 117,985 135,920
Day 29 813,324 1,046,341 845,081 709,039 422,482

The total imaging time for each sample on a given day is ~3300 s, comprising 99 sets,
10,000 frames per set, and at a rate of 300 fps. As can be seen in the table above, the
throughput of the system ranges from 36 cells/s for Sample D at day 15 to 420 cells/s
for Sample B at day 15. The number of RBCs imaged with the system for each storage
day and sample is much greater, by a factor of ~300× or higher, than the total number of
RBCs imaged in our previous studies of RBCs using translatable sample stages [15]. The
capability to image such a large number of cells will provide a more accurate representation
of the total population within the storage units than possible with other methods.

3.2. Characterization of Morphological Changes over Time

Out of the 25 morphological parameters examined here, optical volume and area
showed the most consistent changes over storage time across most of the samples. The
average optical volume over the storage time for all samples are shown as line plots in
Figure 5A.
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As can be seen in the line plots, the optical volume consistently decreased over the
storage time for all samples except Sample A, which declined at week 3, but paradoxically
rose at the week 5 time point. The change in the parameter over the storage period is also
illustrated using the normalized histograms in Figure 5B where the optical volume of the
cells decreased over the storage period for Samples B–E.

Similarly, the area of the cells follows the trend as shown by the mean value of this
parameter with line plots in Figure 6A.
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Generally, the area of the cells also decreased over time, except for Sample A, at the
final time point, week 5. The change in this parameter over the storage period is also
shown using normalized histograms in Figure 6B. It should be noted that the decrease
in cell area for Samples B–E may occur at different time points. For Samples B, C, and E,
there was a gradual decrease in the parameters over the storage period. For sample D, both
parameters were similar at weeks 1 and 3 but then exhibited an abrupt change in week 5.
Previous studies have shown that morphological change is not uniformly associated with
age [24] and therefore, the different time points where the changes in physical parameters
appears could be attributed to sample variations. There is a known donor variability that
depends on factors such as age, sex, and environmental attributes [25,26] that is also well
represented by the difference in the time dependent trends between the donors for both
parameters, as shown in Figures 5 and 6.

3.3. Classification of RBCs Using Logistic Regression

The extracted morphological parameters were used to train logistic regression to
classify the cells according to their storage time. Logistic regression builds classifiers
based on a linear combination of metrics from training data using the maximum likelihood
method with logit link function. In order to efficiently train the classifiers, their performance
was evaluated as a function of number of cells imaged using a binary classification between
cells in weeks 1 and 5. The algorithms were built with randomly selected training data and
then tested on the remaining dataset and repeated 10 times. The mean and the standard
deviation of the classification accuracy for the different training data sizes are represented
as error bar plots, shown below in Figure 7.
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For all the samples, the accuracy of the algorithms increased with the number of the
training data until the gain in the performance became insignificant. The improvement
in the performance of the algorithms was comparable to the standard deviation of the
accuracies across the trials when the number of training data images used in the algorithm
was 4096. Therefore, the classifiers were trained with 5000 randomly selected cell images
from each class while the performance was evaluated using the remaining dataset. The
process was repeated 10 times to acquire the mean and the standard deviations of the
classification accuracies.

3.4. Self-Trained Binary Classification: Week 1 vs. Week 5

The classification performances for the cells in week 1 vs week 5 using the algorithms
trained on the same population are shown in Table 3. When the algorithm was trained with
cells from Sample A, the classifier showed the highest performance with 85.6% accuracy,
where 90.8% and 81.5% of the cells from Sample A were correctly identified as cells from
week 1 and 5, respectively.

Table 3. Binary classification of cells from week 1 and 5 using logistic regression trained and tested
with cells from the same sample.

Classification Performance
Avg ± Std [%] Sample A Sample B Sample C Sample D Sample E

Week 01 90.8 ± 0.3 82.0 ± 0.4 83.2 ± 0.4 77.3 ± 0.3 71.6 ± 0.2
Week 05 81.5 ± 0.3 78.1 ± 0.3 75.3 ± 0.4 85.1 ± 0.3 80.4 ± 0.2
Accuracy 85.6 ± 0.1 79.5 ± 0.1 79.0 ± 0.1 82.6 ± 0.1 78.2 ± 0.1

3.5. All Sample Binary Classification: Week 1 vs. Week 5

As a further examination, when the algorithm was trained with cells randomly selected
from all the samples, its performance across the different donors is shown in Table 4.

Table 4. Binary classification of cells from week 1 and 5 using logistic regression trained and tested
with cells from all samples.

Classification Performance
Avg ± Std [%] Week 01 Week 05

Week 01 76.1 ± 0.4 23.9 ± 0.4
Week 05 34.9 ± 0.6 65.1 ± 0.6
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The classifiers trained with the cells from multiple samples were able to distinguish the
storage time point of the cells from the different donors with 69.9% accuracy, where 76.1%
and 65.1% of the cells were classified correctly as cells from week 1 and 5, respectively.

4. Discussion

Throughout this study, holographic cytometry was used to image a large number
of RBCs from stored blood units at the individual cell level to identify morphological
changes over the storage period. By imaging cells flowing through the channels of the
microfluidic chips, the throughput of holographic cytometry is no longer limited by the
manual translation of sample stages. The use of multiple parallel channels further increased
throughput while the use of stroboscopic illumination allowed for a high flow rate without
image streaking. At the maximum throughput of the current setup, it took less than one
second to image hundreds of cells, which is the same number of cells from our previous
experiments [15]. Therefore, holographic cytometry can efficiently expand the utility of
QPM by imaging a significantly greater number of cells relative to traditional QPM imaging
systems.

One of the advantages of imaging a large number of cells is that the sensitivity of the
system can be characterized at a much higher level of precision, enabling evaluation of rare
conditions such as blood infections with low parasitemia percentages [27]. The diagnostic
capability of a system will be limited by the lowest number of rare target cells that can be
detected within a population. Therefore, by imaging a greater number of cells, the clinical
utility of the system as a screening tool can be defined based on classification performance
without the lower bound restriction arising from the total number of acquired cell images.

Out of the 25 morphological parameters extracted from the images, OV and area
showed a consistent decrease over the storage time for all the samples except Sample A, at
week 5, as shown by the Figures 5 and 6. A possible explanation for the rise in the number
of cells with decreased area over the storage period could be due to the previously reported
transformation of discocytes to morphologically altered RBCs with smaller projected
surface areas such as echinocytes, spheroechinocytes, and spherocytes [28–30]. One of
these studies showed that morphologically altered RBCs accounted for 4.9% of the blood
population on day 3, which increased to 23.6% by day 42 [29]. Therefore, the fairly
consistent decrease in area over the storage time observed here can be a result of the
echino-spherocytic shift of RBCs during storage. Previous studies have also shown a
decrease in MCHC (mean corpuscular hemoglobin concentration) for stored RBCs. In the
QPM measurements, this corresponds to a net decrease in the refractive index of the RBCs
relative to the high RI medium, which would result in a decreased OV [28,31], as seen
here. In a previous study using QPM, no correlation was observed between the change in
OV with storage time and hemoglobin concentration, suggesting that the morphological
changes observed here offer new insight compared with bulk measurements like hemolysis.
It should also be noted that the physical parameters of the cells from Sample A did not
continue to decrease at the week 5 storage time, unlike the cells from Samples B–E that
showed steady changes over the storage time. This exception to the trend may have arisen
from variations in sample handling or differences in the characteristics between the donors.
In order to fully understand this, RBCs from a greater number of different donors must be
examined.

Logistic regression, trained by the large data set of extracted parameters, is used to
classify the cells according to the storage time points. Learning curves, shown in Figure 7,
compare the classification accuracies relative to the training data set size to determine the
optimal number of cell images to use. For all samples, the increase realized in classification
accuracies is comparable to the standard deviation seen for the variation in performance
across trials when there are ~4096 cell images used as training data. Therefore, a threshold
of 5000 randomly selected cells from each sample are viewed as sufficient to build the
classification algorithms, and the remaining cell imaging data are used as the test set.



Cells 2021, 10, 2455 10 of 12

Another advantage that can be realized by exploiting the large number of cell images
that are acquired with holographic cytology can be seen by noting the number of images
required to construct the training data. When logistic regression is trained with a low
number of cells, the trained algorithms cannot distinguish images in the test data at optimal
performance and therefore it can be assumed that the variability within the total population
is not completely captured by a smaller training data set. The number of data points
required to capture the characteristics of the total population vary depending on the type
of the analyzed sample and the selected diagnostic criteria. For the classification of QPM
images of cells in stored blood units based on logistic regression, the analysis here showed
that the number of training data should be greater than 5000 cells, which would have been
very difficult to accomplish using QPM with conventional scanning approaches such as
using manual or automated translation stages.

The performances of algorithms for binary classification between week 1 and 5 are
shown in Table 3. These algorithms were trained and tested by analyzing only cells from
within the same sample. For the algorithm trained and tested with only the cells from
Sample A, the highest accuracy in classifying the cells according to storage time was
achieved at 85.6% accuracy. The lowest performance was for the algorithm which was
trained only on images of cells from Sample E, with 78.2% accuracy. Given that Sample A
exhibits the only outlier in the trends of OV and cell area, it is important to note that 23 other
morphological parameters, extracted from the quantitative phase images, were also used to
train the algorithms, allowing high classification accuracies. Thus, even though OV and cell
area are presented in detail here, all of the remaining morphological parameters showed
significant differences over the storage time. This illustrates the wealth of information that
can be obtained from QPM images.

For algorithms that were trained using randomly selected images of cells across all
the samples to build a binary classifier (as shown in Table 4), the overall classification
accuracy decreased to 69.9%, which is a decrease that should be expected. The decrease in
the performance of the algorithm relative to those trained only within the same population
can be attributed to donor variability [25,26]. As can be seen in Figures 5 and 6, the
RBCs from different donors had varying morphological parameter distributions as well
as distinctive changes over time that describe the variation in storage lesion. While some
general trends in storage lesion can be expected to hold for all potential donors, it stands to
reason that it may manifest with small variations depending on the source of the blood
unit as well as its handling. Therefore, it is reasonable to expect that the performance of the
universal classifier would decrease relative to those trained on individual samples. In order
to fully characterize the range of morphological changes that can appear due to storage
lesion, broader studies with RBCs from a greater number of different donors should be
undertaken.

One possible source of variation in the observed trends across samples is the fact
that each unit of RBCs is comprised of a continuum of cells of various ages from those at
day 1 in the circulation to those that are at the end of the circulatory life [30]. Hence, the
age distribution of cells imaged at one specific storage time point will inevitably have an
overlap with the other time points examined here and therefore some cross-classification
between storage time points by the algorithms is unavoidable. In the future, holographic
cytometry could be used to image RBCs that have been fractionated by age to acquire
information from cells with narrower age distribution, thereby possibly increasing the
overall performance of the algorithms and improving our understanding of storage lesion.
In addition, the results of holographic cytometry could be combined with other approaches
to enhance the ability to detect blood doping. For example, the discovery of the RNA
species in RBCs [32] enabled the identification of the transcriptional changes during RBC
storage [33], which may be used together to enhance our ability to identify stored RBCs.
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5. Conclusions

In this study, we employed holographic cytometry to image large numbers of individ-
ual cells at high throughput. For application to storage lesion, the approach provides data
that better represent the variation within blood units than randomly sampling a handful of
cells alone. By characterizing a greater number of cells at the individual level than previous
studies, holographic cytometry was able to identify consistent morphological changes in
RBCs over the storage period with trends that agree with the previous literature’s findings.
In the future, by imaging samples from more subjects with diverse demographics, donor
variability can be evaluated for establishing a cell-based predictor of transfusion yield. The
potential of holographic cytometry as a screening tool was demonstrated by the classifica-
tion performance of the logistic regression algorithms trained with morphological traits
extracted from individual cell images, rather than from whole cell images. This distillation
step enables the examination of a broader population than would be enabled by direct
evaluation of the cell images, where the volume of data may pose an obstacle for efficient
training and application of algorithms. The classification algorithms showed promising
accuracies that could be improved by narrowing the distribution of the training data using
demographic information such as age, sex, and health history, among others.

Supplementary Materials: The following are available online at https://www.mdpi.com/article/10
.3390/cells10092455/s1, Video S1.

Author Contributions: Conceptualization, A.W. and H.-S.P.; methodology, H.-S.P.; software, H.-S.P.;
validation, H.-S.P., H.P., S.C.; formal analysis, H.-S.P.; resources, A.W. and J.-T.C.; writing—original
draft preparation, H.-S.P.; writing—review and editing, A.W.; visualization, H.-S.P., H.P.; supervision,
A.W.; project administration, A.W.; funding acquisition, A.W. All authors have read and agreed to
the published version of the manuscript.

Funding: This research was funded by Grant support from NIH (No. 1R21-ES029791), Partner
of Clean Competition (PCC), World Anti-doping Agency (WADA), U.S. Army Research Office
under contract/grant number W911NF1910306 and financial funding from the Duke University are
gratefully acknowledged. We also thank the members of the BIOS lab for helpful discussions.

Institutional Review Board Statement: The study was conducted according to the guidelines of the
Declaration of Helsinki, and approved by the Institutional Review Board of Duke University Medical
Center (PRO00050295, Approved 18 December 2020).

Informed Consent Statement: Informed consent was obtained from all subjects involved in the
study.

Data Availability Statement: The data presented in this study are available on request from the
corresponding author. The data are not publicly available due to the large volume of imaging data.

Conflicts of Interest: The authors declare no conflict of interest.

References
1. Adan, A.; Alizada, G.; Kiraz, Y.; Baran, Y.; Nalbant, A. Flow cytometry: Basic principles and applications. Crit. Rev. Biotechnol.

2017, 37, 163–176. [CrossRef] [PubMed]
2. Wilkerson, M.J. Principles and applications of flow cytometry and cell sorting in companion animal medicine. Vet. Clin. N. Am.

Small Anim. Pract. 2012, 42, 53–71. [CrossRef]
3. Macey, M.G. Principles of flow cytometry. In Flow Cytometry: Principles and Applications; Macey, M.G., Ed.; Humana Press: Totowa,

NJ, USA, 2007; pp. 1–15.
4. Barteneva, N.S.; Fasler-Kan, E.; Vorobjev, I.A. Imaging flow cytometry: Coping with heterogeneity in biological systems. J.

Histochem. Cytochem. 2012, 60, 723–733. [CrossRef]
5. Han, Y.; Gu, Y.; Zhang, A.C.; Lo, Y.-H. Review: Imaging Technologies for Flow Cytometry. Lab Chip 2016, 16, 4639–4647. [CrossRef]
6. Herzenberg, L.A.; Parks, D.; Sahaf, B.; Perez, O.; Roederer, M.; Herzenberg, L.A. The history and future of the fluorescence

activated cell sorter and flow cytometry: A view from Stanford. Clin. Chem. 2002, 48, 1819–1827. [CrossRef]
7. Forment, J.V.; Jackson, S.P. A flow cytometry-based method to simplify the analysis and quantification of protein association to

chromatin in mammalian cells. Nat. Protoc. 2015, 10, 1297–1307. [CrossRef] [PubMed]
8. Headland, S.E.; Jones, H.R.; D’Sa, A.S.V.; Perretti, M.; Norling, L.V. Cutting-edge analysis of extracellular microparticles using

imagestream(x) imaging flow cytometry. Sci. Rep. 2014, 4, 5237. [CrossRef] [PubMed]

https://www.mdpi.com/article/10.3390/cells10092455/s1
https://www.mdpi.com/article/10.3390/cells10092455/s1
http://doi.org/10.3109/07388551.2015.1128876
http://www.ncbi.nlm.nih.gov/pubmed/26767547
http://doi.org/10.1016/j.cvsm.2011.09.012
http://doi.org/10.1369/0022155412453052
http://doi.org/10.1039/C6LC01063F
http://doi.org/10.1093/clinchem/48.10.1819
http://doi.org/10.1038/nprot.2015.066
http://www.ncbi.nlm.nih.gov/pubmed/26226461
http://doi.org/10.1038/srep05237
http://www.ncbi.nlm.nih.gov/pubmed/24913598


Cells 2021, 10, 2455 12 of 12

9. Samsel, L.; Dagur, P.K.; Raghavachari, N.; Seamon, C.; Kato, G.J.; McCoy, J.P. Imaging flow cytometry for morphologic and
phenotypic characterization of rare circulating endothelial cells. Cytom. B Clin. Cytom. 2013, 84, 379–389. [CrossRef]

10. Aghaeepour, N.; Finak, G.; Flow, C.A.P.C.; Consortium, D.; Hoos, H.; Mosmann, T.R.; Brinkman, R.; Gottardo, R.; Scheuermann,
R.H. Critical assessment of automated flow cytometry data analysis techniques. Nat. Methods 2013, 10, 228–238. [CrossRef]

11. Pedreira, C.E.; Costa, E.S.; Lecrevisse, Q.; van Dongen, J.J.M.; Orfao, A.; EuroFlow, C. Overview of clinical flow cytometry data
analysis: Recent advances and future challenges. Trends Biotechnol. 2013, 31, 415–425. [CrossRef]

12. Lugli, E.; Roederer, M.; Cossarizza, A. Data analysis in flow cytometry: The future just started. Cytom. Part A 2010, 77, 705–713.
[CrossRef]

13. Eldridge, W.J.; Sheinfeld, A.; Rinehart, M.T.; Wax, A. Imaging deformation of adherent cells due to shear stress using quantitative
phase imaging. Opt. Lett. 2016, 41, 352. [CrossRef]

14. Eldridge, W.J.; Steelman, Z.A.; Loomis, B.; Wax, A. Optical phase measurements of disorder strength link microstructure to cell
stiffness. Biophys. J. 2017, 112, 692–702. [CrossRef] [PubMed]

15. Park, H.S.; Rinehart, M.T.; Walzer, K.A.; Chi, J.-T.A.; Wax, A. Automated detection of P. falciparum using machine learning
algorithms with quantitative phase images of unstained cells. PLoS ONE 2016, 11, e0163045. [CrossRef]

16. Rinehart, M.T.; Park, H.S.; Walzer, K.A.; Chi, J.-T.A.; Wax, A. Hemoglobin consumption by P. falciparum in individual erythrocytes
imaged via quantitative phase spectroscopy. Sci. Rep. 2016, 6, 24461. [CrossRef] [PubMed]

17. Zimring, J.C. Established and theoretical factors to consider in assessing the red cell storage lesion. Blood 2015, 125, 2185–2190.
[CrossRef] [PubMed]

18. Hod, E.A.; Brittenham, G.M.; Billote, G.B.; Francis, R.O.; Ginzburg, Y.Z.; Hendrickson, J.E.; Jhang, J.; Schwartz, J.; Sharma,
S.; Sheth, S.; et al. Transfusion of human volunteers with older, stored red blood cells produces extravascular hemolysis and
circulating non–transferrin-bound iron. Blood 2011, 118, 6675–6682. [CrossRef]

19. Sia, S.K.; Whitesides, G.M. Microfluidic devices fabricated in poly (dimethylsiloxane) for biological studies. Electrophoresis 2003,
24, 3563–3576. [CrossRef] [PubMed]

20. Park, H.S.; Ceballos, S.; Eldridge, W.J.; Wax, A. Invited article: Digital refocusing in quantitative phase imaging for flowing red
blood cells. APL Photonics 2018, 3, 110802. [CrossRef] [PubMed]

21. Park, H.S.; Eldridge, W.J.; Yang, W.-H.; Crose, M.; Ceballos, S.; Roback, J.D.; Chi, J.-T.A.; Wax, A. Quantitative phase imaging of
erythrocytes under microfluidic constriction in a high refractive index medium reveals water content changes. Microsyst. Nanoeng.
2019, 5, 1–9. [CrossRef] [PubMed]

22. MathWorks. MATLAB Computer Vision Toolbox; Windows: Natick, MA, USA, 2019.
23. Convex Hull of Delaunay Triangulation—Matlab Convexhull. Available online: https://www.mathworks.com/help/matlab/

ref/delaunaytriangulation.convexhull.html (accessed on 5 September 2021).
24. Franco, R.S.; Puchulu-Campanella, M.E.; Barber, L.A.; Palascak, M.B.; Joiner, C.H.; Low, P.S.; Cohen, R.M. Changes in the

properties of normal human red blood cells during in vivo aging. Am. J. Hematol. 2013, 88, 44–51. [CrossRef] [PubMed]
25. Bardyn, M.; Rappaz, B.; Jaferzadeh, K.; Crettaz, D.; Tissot, J.-D.; Moon, I.; Turcatti, G.; Lion, N.; Prudent, M. Red blood cells

ageing markers: A multi-parametric analysis. Blood Transfus. 2017, 15, 239–248. [CrossRef]
26. Nah, E.H.; Kim, S.; Cho, S.; Cho, H.I. Complete blood count reference intervals and patterns of changes across pediatric, adult,

and geriatric ages in korea. Ann. Lab. Med. 2018, 38, 503–511. [CrossRef] [PubMed]
27. Murray, C.K.; Gasser, R.A.; Magill, A.J.; Miller, R.S. Update on rapid diagnostic testing for malaria. Clin. Microbiol. Rev. 2008, 21,

97–110. [CrossRef]
28. Cluitmans, J.C.A.; Hardeman, M.R.; Dinkla, S.; Brock, R.; Bosman, G.J.C.G.M. Red blood cell deformability during storage:

Towards functional proteomics and metabolomics in the blood bank. Blood Transfus. 2012, 10, s12–s18. [CrossRef] [PubMed]
29. Roussel, C.; Dussiot, M.; Marin, M.; Morel, A.; Ndour, P.A.; Duez, J.; Le Van Kim, C.; Hermine, O.; Colin, Y.; Buffet, P.A.;

et al. Spherocytic shift of red blood cells during storage provides a quantitative whole cell-based marker of the storage lesion.
Transfusion 2017, 57, 1007–1018. [CrossRef] [PubMed]

30. Yoshida, T.; Prudent, M.; D’Alessandro, A. Red blood cell storage lesion: Causes and potential clinical consequences. Blood
Transfus. 2019, 17, 27–52. [CrossRef] [PubMed]

31. Reinhart, W.H.; Piety, N.Z.; Deuel, J.W.; Makhro, A.; Schulzki, T.; Bogdanov, N.; Goede, J.S.; Bogdanova, A.; Abidi, R.; Shevkoplyas,
S.S. Washing stored red blood cells in an albumin solution improves their morphologic and hemorheologic properties. Transfusion
2015, 55, 1872–1881. [CrossRef] [PubMed]

32. Doss, J.F.; Corcoran, D.L.; Jima, D.D.; Telen, M.J.; Dave, S.S.; Chi, J.-T. A comprehensive joint analysis of the long and short rna
transcriptomes of human erythrocytes. BMC Genom. 2015, 16, 952. [CrossRef]

33. Yang, W.-H.; Doss, J.F.; Walzer, K.A.; McNulty, S.M.; Wu, J.; Roback, J.D.; Chi, J.-T. Angiogenin-mediated trna cleavage as a novel
feature of stored red blood cells. Br. J. Haematol. 2019, 185, 760–764. [CrossRef]

http://doi.org/10.1002/cyto.b.21088
http://doi.org/10.1038/nmeth.2365
http://doi.org/10.1016/j.tibtech.2013.04.008
http://doi.org/10.1177/1094428116685613
http://doi.org/10.1364/OL.41.000352
http://doi.org/10.1016/j.bpj.2016.12.016
http://www.ncbi.nlm.nih.gov/pubmed/28256229
http://doi.org/10.1371/journal.pone.0163045
http://doi.org/10.1038/srep24461
http://www.ncbi.nlm.nih.gov/pubmed/27087557
http://doi.org/10.1182/blood-2014-11-567750
http://www.ncbi.nlm.nih.gov/pubmed/25651844
http://doi.org/10.1182/blood-2011-08-371849
http://doi.org/10.1002/elps.200305584
http://www.ncbi.nlm.nih.gov/pubmed/14613181
http://doi.org/10.1063/1.5043536
http://www.ncbi.nlm.nih.gov/pubmed/31192306
http://doi.org/10.1038/s41378-019-0113-y
http://www.ncbi.nlm.nih.gov/pubmed/31814994
https://www.mathworks.com/help/matlab/ref/delaunaytriangulation.convexhull.html
https://www.mathworks.com/help/matlab/ref/delaunaytriangulation.convexhull.html
http://doi.org/10.1002/ajh.23344
http://www.ncbi.nlm.nih.gov/pubmed/23115087
http://doi.org/10.2450/2017.0318-16
http://doi.org/10.3343/alm.2018.38.6.503
http://www.ncbi.nlm.nih.gov/pubmed/30027692
http://doi.org/10.1128/CMR.00035-07
http://doi.org/10.2450/2012.004S
http://www.ncbi.nlm.nih.gov/pubmed/22890263
http://doi.org/10.1111/trf.14015
http://www.ncbi.nlm.nih.gov/pubmed/28150311
http://doi.org/10.2450/2019.0217-18
http://www.ncbi.nlm.nih.gov/pubmed/30653459
http://doi.org/10.1111/trf.13052
http://www.ncbi.nlm.nih.gov/pubmed/25752902
http://doi.org/10.1186/s12864-015-2156-2
http://doi.org/10.1111/bjh.15605

	Introduction 
	Materials and Methods 
	Blood Collection and Preparation 
	Development of Microfluidic Channels 
	Holographic Cytometry 

	Results 
	Number of Individual Cells Imaged 
	Characterization of Morphological Changes over Time 
	Classification of RBCs Using Logistic Regression 
	Self-Trained Binary Classification: Week 1 vs. Week 5 
	All Sample Binary Classification: Week 1 vs. Week 5 

	Discussion 
	Conclusions 
	References

