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Abstract
Cell-penetrating peptides (CPPs) have garnered significant attention as a method to introduce reporters and therapeutics into
intact cells. While numerous studies have been performed identifying new CPP sequences, relatively little is known about their
uptake efficiency at the single-cell level. Here, a droplet microfluidic trapping array was used to characterize CPP uptake across a
population of single intact cells. The microfluidic device allowed for facile and rapid isolation and analysis of single-cell
fluorescence in a 787-member overhead trapping array with > 99% droplet trapping efficiency. The permeability efficiencies
of four different CPPs were studied and compared in HeLa cells. Population analysis was performed using linkage hierarchical
cluster analysis by R programming to bin cells into subpopulations expressing very low to very high peptide uptake efficiencies.
CPP uptake was observed to be heterogeneous across the population of cells with peptide concentration and sequence both
playing important roles in the diversity of CPP uptake, the overall peptide uptake efficiency, and the intracellular homogeneity of
peptide distribution. This microfluidic-based analytical approach finds application in personalized medicine and provides new
insight in the heterogeneity of CPP uptake which has the potential to affect both biosensor and drug internalization in intact cells.

Keywords Peptides . High-throughput screening . Single-cell analysis .MicrofluidicsResearch Paper

Introduction

Due to the abundance of pharmaceuticals designed to target
intracellular proteins, efficient methods to deliver drugs, vec-
tors, and biosensors into intact cells have gained tremendous
attention in recent years [1]. Examples include small-molecule
inhibitors used as chemotherapeutics for treating cancer and
other human diseases, silencing RNA, and biosensors for
measuring the activity of intracellular enzymes [2–4]. In most
cases, population heterogeneity manifests itself in non-normal
distributions in which case the mean value of the blended

responses is a poor representative of the entire population,
and therefore fails to accurately describe the population be-
havior [5]. For this reason, there have been substantial efforts
to analyze a large number of individual cells and obtain pop-
ulation distributions to better describe and predict the behavior
of cell populations and address the heterogeneity associated
with them [6, 7]. Traditionally, the gold standard for
performing single-cell analysis has been flow cytometry;
however, it is limited to static measurements [5, 8]. This lim-
itation has been overcome by using laser scanning cytometry
which allows for scanning a single cell over time, but its
throughput is lower than flow cytometry and it is still limited
to whole-cell responses, and therefore fails to characterize the
intracellular events [5].

In recent years, microfluidics have revolutionized the state
of single-cell analysis by facilitating high-throughput screen-
ing of therapeutic-level quantities of cells using minute sam-
ple sizes which is made possible due to the micron-level sizes
of flow channels in microfluidic devices [9]. Droplet
microfluidics, which operate through generating picoliter-
sized droplets in an immiscible continuous oil flow, have
allowed researchers to perform high-throughput dynamic
analysis of single cells while simultaneously monitoring the
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dynamics of the intracellular environment which is of critical
importance for many biochemical applications [7, 8, 10, 11].
Droplet microfluidic devices provide several advantages com-
pared to competing technologies including overcoming the
limitations of flow cytometry to whole-cell responses by fa-
cilitating precise dynamic measurements in the sub-cellular
level and facilitating the analysis of suspension cell lines that
cannot be assayed using microtiter plates and microfluidic cell
trappers. Moreover, droplet microfluidic devices contribute to
system miniaturization by reducing the sample volumes from
tens of microliters to in-standard microtiter plates to the nano-
or picoliter scale. Droplet microfluidics coupled with increas-
ingly sensitive molecular biology tools has opened the venue
for transformational progress in clinical diagnostics and prog-
nostics in the past few years [9, 12]. Several reports have
demonstrated the application of droplet microfluidics for
performing biological assays such as PCR-based biomarker
discovery [13], enzyme kinetics analysis [14], cell–cell com-
munication [15], and several other applications [11].
Meanwhile, fluorescent assays provide the most sensitive
and robust methods for observing biological processes [16].
Traditionally, the analysis of biochemical fluorescent sub-
strates in single cells using droplet microfluidics was per-
formed using a two-step process. First, a device was used to
encapsulate individual cells in droplets followed by off-chip
collection and incubation. These droplets were then trans-
ferred to a second device for screening and analysis [17].
Alternatively, the analysis can be performed by encapsulating
single cells and imaging under continuous flow in a large
downstream channel; however, in this method, indexing the
droplets to keep track of single cells is challenging. Recent
efforts with droplet generators have incorporated a droplet
trapping array downstream of the flow channel to facilitate
dynamic high-throughput screening of single cells on-chip
while minimizing the chance for contamination and decreas-
ing operator influence [18]. Interesting recent examples in-
clude a microfluidic trap array developed by Jackson-
Holmes and colleagues for analyzing individual stem cell ag-
gregates [19] and a static droplet array developed by Jin and
colleagues for analysis of cell–cell communication in a con-
fined microenvironment [15]. Trapping arrays are highly ben-
eficial due to enabling process integration and increasing the
overall analytical throughput by confining cells in pre-defined
patterns which significantly reduces the computational burden
and the time required for both image collection and automated
image processing. As such, microfluidic droplet trapping ar-
rays make an ideal platform for performing single-cell screen-
ing of intracellular fluorescence by enhancing system minia-
turization, integration, throughput, and automation; all of
which are major areas of focus in current directions of
microfluidic developments.

This paper describes the use of one such microfluidic drop-
let trapping array to perform single-cell analysis of peptide

uptake in intact cancer cells. In this work, a 787-membered
trapping array was incorporated with a series of fluorescent
cell-penetrating peptides (CPPs): two commercially available
peptides (TAT and ARG) and two novel CPPs (RWRWR and
OWRWR) to perform sequence-, concentration-, and
population-based uptake and intracellular distribution studies
on single cancer cells. This microfluidic droplet trapping array
enabled easy encapsulation and compartmentalization of sin-
gle cells for fluorescent imaging. These images were proc-
essed by identifying regions of interest (ROIs) around individ-
ual cells to quantify the uptake signals measured by fluores-
cent microscopy. The measured fluorescent signals were then
analyzed by R programming to perform hierarchical cluster
analysis and bin the cells into underlying subpopulations
based on peptide uptake. This analysis confirmed previous
findings that CPP uptake is strongly dependent upon concen-
tration. The intracellular distribution of peptide uptake in sin-
gle cells was also characterized to reveal a correlation with the
overall uptake efficiency. Results indicated that increasing
peptide concentrations caused the CPPs to distribute more
homogeneously in the cytoplasm of the cells and resulted in
a stronger uptake signal. Numerical simulations on single-cell
scatter plots and population histograms allowed for predictive
analysis of cell populations and identification of common
trends. Finally, a comparison between the uptake of a select
CPP (ARG) at a 50 μM concentration in two different model
cell lines with different sizes, HeLa (average cross-sectional
area of 500 μm2) and OPM-2 (average cross-sectional area of
90 μm2), revealed that although the mean fluorescent intensi-
ties measured for the different cell lines were significantly
different, their corresponding fluorescent densities (fluores-
cence/area) were not. This observation identified cell size as
a major predictor of the fluorescent outputs measured in dif-
ferent cell lines. Similarly, this finding demonstrated that the
uptake potential of CPPs was independent of the cell line
being an adherent or a suspension line. These robust single-
cell analyses shine light on the heterogeneity of CPP uptake
and its intracellular distribution in cancer cells, thus providing
better understanding on biosensor and drug internalization in
intact cells.

Materials and methods

Device design

The features of the microfluidic droplet trapping array consist
of two layers, each of which has a height of 40 μm. The
bottom layer consists of the flow-focusing junction followed
by a large, open channel. The features of the flow-focusing
junction and oil and water inlets in the bottom layer are similar
to those presented by Mazutis et al. [22]. The top layer con-
sists of the trapping array which is located overhead of the
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larger channel, downstream of the flow-focusing junction
(Fig. 1). The oil and water phase inlet ports are 750 and
470 μm in diameter. The oil inlet channel is split into two
channels which converge at the flow-focusing junction lead-
ing to a channel that is 20 μm wide. The aqueous inlet stream
enters the junction in a channel that is 34 μm wide. After
formation, droplets flow through a 700-μm narrow channel
(to allow for droplet stabilization) and into the trapping array
channel. Here, an array of 787 microwells, 70 μm in diameter
and 40 μm in height, is imprinted into the overhead PDMS in
a hexagonal pattern to facilitate optimal trapping and prevent
droplet ejection. The trapping array is similar to the one pre-
sented by Khorshidi et al. [18]. In order to assure high droplet
trapping efficiency, vertical fins were incorporated in the bot-
tom fluidic layer to increase the residence time of the droplets
and prevent them from flowing adjacent to the walls and
bypassing the trapping array. At the end of the trapping array
channel, an outlet port was incorporated for the flow to exit the
channel.

Device fabrication

The droplet microfluidic trapping array was fabricated using a
combination of soft lithography and polydimethylsiloxane
(PDMS) replication techniques as previously reported [22].
AutoCAD (2015 version, AutoDesk) was used to create ge-
ometries for the microchannels which were printed onto iron
oxide/chrome masks (Front Range). A silicon master was

fabricated using a two-step lithography process to generate
the bottom fluidic layer and top trapping array. SU-8 2025
(MicroChem) was spun onto a clean 4-in. silicon wafer
(University Wafer) using a spin coater (WS-650 Series Spin
Processor, Laurell Technologies Corp) at 3000 rpm for 30 s to
achieve a thickness of 40 μm for the bottom fluidic layer. The
wafer was pre-baked at 65 °C for 5 min and then baked at
95 °C for 25 min followed by a gradual cooldown to 25 °C.
UV exposure was performed in a custom-built UV exposure
system with a Blak-Ray B-100 series UV lamp (UVP, LLC)
with 1 mW/cm2 power intensity for 60 s. A post-exposure
bake was performed at 65 °C for 5 min and at 95 °C for
25 min. A second 40-μm layer of SU-8 2025 was spun onto
the wafer to generate the overhead trapping array followed by
the same pre-exposure bake, UVexposure, and post-exposure
bake steps. Following the second post-exposure bake step, the
wafer was immersed in an SU-8 developer solution
(MicroChem) for ~5 min followed by a rinse with isopropyl
alcohol (VWR) to remove all uncross-linked SU-8. The wafer
was dried with compressed nitrogen and then hard baked at
150 °C for 30 min to stabilize the patterns.

PDMS replication was performed using traditional
methods. Briefly, Sylgard 184 (Dow Corning, Ellsworth
Adhesives) was poured onto the silicon master at a ratio
of 10:1 (base:curing agent). The PDMS was cured on a
hot plate at 65 °C for a minimum of 6 h (but no longer
than 24 h). The PDMS replica was cut and the inlet and
outlet holes were created using a blunted 18-gauge needle

Fig. 1 Schematic of the microfluidic droplet trapping platform. a Top
view of the device illustrating the (1) oil inlet, (2) water inlet, (3) flow-
focusing junction, (4) droplet trapping array, and (5) outlet. b Schematic
of the generation and trapping of droplets containing cells into 70-μm

circular microwells imprinted 40 μm into the PDMS directly above the
downstream channel. c Overlaid microscope image of aqueous droplet
containing 4 mM 5(6)-carboxyfluorescein isolated in the trapping array
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(BD Biosciences), after which the replica was permanent-
ly bonded to a glass coverslip (75 mm × 25 mm, Corning)
using a Harrick Plasma Cleaner PDC-32G (Harrick
Plasma) for 30 s. These microfluidic devices were
allowed a minimum waiting period of 3 h to yield optimal
bonding between the PDMS and the glass. The fluidic
channels were rendered hydrophobic by Aquapel treat-
ment to prevent channel wetting and the formation of a
continuous aqueous phase in the device. After treatment,
the device was flushed with Novec 7500 (3 M) carrier oil
and dried by compressed nitrogen. Prior to experimenta-
tion, the device was placed in a vacuum chamber for
30 min to prevent the diffusion of gas bubbles from the
PDMS into the fluidic channels.

Droplet generation and trapping was facilitated by
pressure drive flow from two syringe pumps (Pico
Plus Elite, Harvard Apparatus) connected to the
m i c r o f l u i d i c d e v i c e u s i n g 0 . 0 2 2 - i n .
polytetrafluoroethylene (PTFE) tubing (Cole Parmer).
The PTFE tubing was connected to 1-cc syringes (BD
Biosciences) with 23-gauge luek-lok needles (BD
Biosciences) which were placed in the syringe pumps.
The oil phase was injected into the device at a rate of
230 μL/h and contained Novec 7500 oil supplemented
wi th 3 wt% 008-Nea t F luo ro su r f a c t an t (Ran
Biotechnologies) to prevent droplet accumulation in the
device. The aqueous phase was injected into the device
at a rate of 90 μL/h and contained either deionized
water, extracellular buffer (ECB; 5.036 mM HEPES
pH 7.4, 136.89 mM NaCl, 2.68 mM KCl, 2.066 mM
MgCl2•6H2O, 1.8 mM CaCl2•2H2O, and 5.55 mM glu-
cose), or ECB with cells. Droplet generation and trap-
ping was observed using an inverted fluorescent micro-
scope (DMi8, Lecia Microsystems) with a digital CMOS
camera C11440 (Hamamatsu Photonics) equipped with
LASX software 3.3.0 to image and analyze droplets
and cells. After the droplet trapping array was filled,
the device was flushed with only the oil phase to re-
move any remaining droplets from the bottom layer.

Peptide synthesis and purification

The RWRWR and OWRWR peptides were synthesized and
purified as described by Safa et al. in their previous work [20].

Cell culture and reagents

HeLa cells (LSU AgCenter Tissue Culture Facility) and
green fluorescent protein (GFP)-expressing HeLa cells
(GFP-HeLa) were maintained in Dulbecco’s modified ea-
gle medium (DMEM) with 10% v/v fetal bovine serum
(FBS, Seradigm). OPM-2 cells were maintained in
RPMI 1640 media supplemented with 12% FBS,

21.8 mM glucose, 8.6 mM HEPES (pH 7.4), and
1.0 mM sodium pyruvate. All media components were
from Corning unless otherwise noted. FAM-tagged TAT
and FAM-tagged ARG peptides were purchased from
Anaspec.

Cell permeability assay

The quantification of peptide uptake was performed using
an adapted protocol from Qian et al. [23]. All peptides
were reconstituted in sodium phosphate buffer (2.26 mM
NaH2PO4•H2O and 8.43 mM Na2HPO4•7H2O, pH 7.4).
Stock peptide concentration was determined using a
NanoDrop (Thermo Scientific) at the wavelength of
492 nm using the UV-Vis function and diluted in ECB
to reach the desired concentration. For experiments with
HeLa cells, the cells were washed with phosphate-
buffered saline (PBS: 137 mM NaCl, 10 mM Na2HPO4,
27 mM KCl, and 1.75 mM KH2PO4 at pH 7.4),
trypsinized, and re-suspended in ECB to a final density
of 6 × 106 cells/mL. The cells were washed an additional
time with ECB and then re-suspended in 2 mL of the
peptide solutions. OPM-2 cells were pelleted (1800 rcf,
2.5 min at 25 °C), washed twice with ECB, and re-
suspended to the final density of 6 × 106 cells/mL. These
cells were then pelleted and re-suspended in 2 mL of the
peptide solutions. Cells were incubated with the peptides
for 60 min at 37 °C in the dark in a CO2 incubator to
internalize CPPs into intact cells. Peptide incubation was
the only temperature-sensitive step, so all subsequent
steps were performed at room temperature. After incuba-
tion, the cell suspension was centrifuged (1800 rcf,
2.5 min at 25 °C) to remove the peptide solution followed
by two additional washes with ECB. Finally, the cells
were re-suspended in 2 mL ECB, placed into a 5-mL
syringe (BD Biosciences) that was wrapped in foil, and
were immediately injected into the aqueous inlet of the
microfluidic device. Experiments with GFP-HeLa cells
followed a similar protocol except for the peptide incuba-
tion step.

Image processing and statistical analysis

The DMi8 inverted fluorescent microscope was used to
collect images of trapped droplets across the entire trap-
ping array using the FITC filter set (λex: 440–520 nm and
λem = 497–557 nm) from Chroma Tech. All experiments
with HeLa cells were performed using a × 10 (N PLAN
10x/0.25 DRY) objective. All experiments with OPM-2
cells were performed using a × 20 (HC PL FLUOTAR L
20x/0.4 DRY) objective due to their smaller size. A
Hamamatsu-Flash4-CL-880338 camera was used to col-
lect images using a digitization of 16 bits and quality
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mode of 209.8 MHz in all experiments. The fluorescent
intensities of individual cells were quantified in gray
values using thresholding in the LAS X software by de-
fining ROIs around each individual cell. Random ROIs
were also defined in free space away from the trapped
droplets to measure the droplet background noise for each
image. It was confirmed that the background noise mea-
sured using the FITC filter set fits within a very small
range for all images. The noise was found to be slightly
different across different experiments depending on the
peptide studied. Peptides with higher solubilities demon-
strated a lower median droplet background noise. The
fluorescent value for each individual cell was normalized
against the noise measured for the same image by
subtracting the noise from the signal. A minimum of
100 HeLa cells were analyzed per experiment. The nor-
malized fluorescent signals for each population of single
cells were clustered in subpopulations using average link-
age hierarchical cluster analysis by R programming.
Through hierarchical clustering, cells with similar fluores-
cence signals are combined into groups called clusters.
These clusters are distinct from each other, while the cells
within each cluster are similar to each other, thus resulting
in the formation of a tree-structured hierarchy of clusters,
called a dendrogram, depicting the difference and proxim-
ity of each cluster [24, 25]. As an illustration of the anal-
ysis method, the clustering dendrogram obtained for HeLa
cells incubated with a 10 μM OWRWR peptide solution
is illustrated in Fig. 3 a. In this dendrogram, the horizontal
axis represents the data points obtained for individual
cells, and the vertical axis represents dissimilarity. The
dissimilarity was calculated using the Euclidean distance
measure. Finally, the dendrogram was cut at an appropri-
ate dissimilarity threshold to produce the clusters. The
optimal number of clusters for binning each dataset was
determined exclusively for that dataset. An established R
function named NbClust as reported by Charrad et al. was
used to determine the optimal number of clusters [25].
This function calculated 30 defined deterministic indices
by varying the number of clusters to report the optimal
cluster number by maximizing the number of favorable
indices. Another established R function, named clValid
as reported by Brock et al., was then used to assess the
quality of clustering using three indices. Each index in
this function reflected the compactness, connectedness,
and separation of the cluster partitions [24]. This
assigned a cluster to each group of data points. These
clusters which are presented in Fig. 3 b were then
marked on the histogram (Fig. 3 c). Population histo-
grams, simulation functions, and statistical analysis pre-
sented in Fig. 5 and in Electronic Supplementary
Material (ESM) Figs. S1–S4 were performed using the
statistical analysis package in Origin Pro.

Results and discussion

Single-cell fluorescence imaging of CPP uptake
in intact cells using a microfluidic droplet trapping
array

The droplet microfluidic trapping array allowed for the rapid
and facile encapsulation of single cells incubated with CPPs to
directly quantify peptide uptake using high-resolution fluores-
cent microscopy. The microfluidic device was confirmed to
generate ~ 180 pL aqueous droplets at a rate of 200 Hz
coupled with a ~ 99% droplet trapping efficiency in the trap-
ping array. Single-cell encapsulation from the flow-focusing
junction followed a Poisson distribution as previously de-
scribed [26]. An example analysis from triplicate GFP-
expressing HeLa encapsulation experiments (n = 787 droplets
from each experiment) yielded an average of 284 ± 31 (35%)
single cells, 146 ± 13 (17%) multiple cells, and 356 ± 33
(48%) empty droplets. However, in some cases, it was ob-
served that ~ 55–65% of the trapped droplets contained single
or multiple cells. It was suspected that the higher observed
single-cell encapsulation in the trapped droplets in the over-
head array was due to a greater propensity for cell-containing
droplets to be trapped overhead compared to empty droplets.
Submerging the device in water allowed for maintaining drop-
let stability for at least 14 h. Cellular viability was assessed in
cells encapsulated in the aqueous droplets using Calcein AM
(live) and ethidium homodimer-1 (dead) after the cells had
been encapsulated and trapped in the device for 5 h, well
beyond the time needed to perform the analysis described
here. All encapsulated cells were confirmed to be alive in
the trapped droplets indicating that cellular manipulation
using the droplet microfluidic trapping array did not affect
cellular viability (data not shown). Two different cell lines
were analyzed in terms of CPP uptake, and the effect of cell
size and cell type on peptide uptake efficiency was studied.
HeLa cells (~ 24 μm in diameter) are a larger, adherent cervi-
cal cancer cell line and OPM-2 (~ 10 μm in diameter) are a
smaller, non-adherent (suspension)multiple myeloma-derived
cell line. The CPPs studied here include two commercially
available CPPs [TAT (FAM-YGRKKRRQRRR) and ARG
(FAM-RRRRRRRRR)] and novel CPPs previously identified
a nd d e s c r i b e d by S a f a e t a l . [RWRWR (Ac -
RWVRVpGO(FAM)WIRQ-NH2), and OWRWR (Ac-
OWVRVpGO(FAM)WIRQ-NH2)] [20]. All four of these
peptides contain a fluorescent tag [5(6) carboxy-fluorescein
or FAM] in their sequence to visualize peptide internalization
and allow for the direct quantification of peptide uptake in
bulk samples as well as in intact cells following established
fluorescent labeling, standard fluorometry, and fluorescent mi-
croscopy techniques [20, 21, 23]. TAT and ARG are commer-
cially available, well-studied fluorescent CPPs. RWRWR and
OWRWR are novel fluorescent CPPs previously described by
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Safa et al. [20]. RWRWR and OWRWR were fully character-
ized in terms of uptake dynamics in addition to the depen-
dence on temperature and concentration on peptide internali-
zation using bulk, off-chip studies. Multiple control experi-
ments were reported in which cells were incubated with
FAM alone, buffer only (blank control), a non-permeable pep-
tide (negative control), and positive controls using both TAT
and ARG [20]. Results demonstrated that the negative control
peptide and the FAM alone experiments did not produce any
fluorescent output in the cells which confirmed that the mea-
sured intracellular fluorescencewas exclusively due to peptide
uptake and verified the cell permeability of these peptides
[20]. The OWRWR and RWRWR peptides showed enhanced
stability under intracellular conditions compared to TAT and
ARG, while TAT and ARG demonstrated higher permeability
efficiencies compared to OWRWR and RWRWR on average.
In this current study, the uptake efficiencies of these four pep-
tides were assayed on single-cell level to characterize popula-
tion heterogeneity. By injecting CPP-treated cells into the
aqueous inlet of the device, single cells were isolated in aque-
ous droplets and collected in the overhead trapping array.
Selective bright-field and FITC images of CPP uptake in sin-
gle intact cells are illustrated in Fig. 2. Experiments were
repeated to quantify peptide uptake for the four peptides at
two different concentrations (10 μM and 50 μM) one at a time
and provide an in-depth analysis of each population. The
microfluidic droplet trapping array was able to encapsulate
both HeLa cells (Fig. 2 a–b) and OPM-2 cells (Fig. 2 c) incu-
bated with the RWRWR peptide (Fig. 2 a), TAT peptide (Fig.
2 b), and the ARG peptide (Fig. 2 c). These images are repre-
sentative of all experiments for the four peptides at the two
concentrations with the two different cell lines. The high res-
olution of microscopy images facilitated precise measurement
of fluorescent outputs in single intact cells and allowed for
parametrization of intracellular peptide distributions by pro-
viding pixel-by-pixel detail of the cross-sectional area of each
individual cell. The droplet microfluidic platform presented
here coupled with high-resolution fluorescent microscopy en-
ables this type of analysis in suspension cell lines which can-
not be performed using competing technologies such as mi-
crotiter plates due to their incompatibility with suspension cell
lines. This approach also overcomes the limitation of classic
flow cytometry to whole-cell responses by facilitating intra-
cellular measurements.

Quantification of CPP uptake in intact single cells
characterizes population heterogeneity

The fluorescent signals produced due to FAM-tagged CPP
uptake in individual cells were quantified, normalized, and
used to identify subpopulations of cells based on the degree
of peptide uptake. The following analysis is for the uptake of
10 μM OWRWR in HeLa cells (Fig. 3); however, the

approach and results were similar in nature for the other three
peptides at both concentrations. For this experiment, the opti-
mal number of clusters was identified to be 4 by maximizing
the number of favorable deterministic indices among the 30

Fig. 2 Visualization of CPP uptake in single intact HeLa cells
encapsulated in droplets. Bright-field (left) and fluorescent (right) images
of HeLa cells incubated with a a 50 μMRWRWR peptide solution and a
b 50 μM TAT peptide solution at two magnifications. c OPM-2 cells
incubated with a 50 μM ARG peptide solution. Scale bar is 70 μm in
all images
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indices defined in the NbClust function [25]. To assess the
goodness of the clustering in terms of compactness, connect-
edness, and separation of the cluster partitions, three indices

(Connectivity [27], Dunn index [28], and Silhouette Width
[29]) were calculated using the clValid function [24].
Connectivity is a number in the range between [0,∞) to be
minimized, the Dunn index is a number in the range between
[0,∞) to be maximized, and Silhouette is a number in a range
between [−1, 1] to be maximized. The calculated values for
these indices for all the experiments are reported in Table S1
(see ESM). For the cells incubated with 10 μM OWRWR,
these values were found to be 12.02 for Connectivity, 0.01
for Dunn, and 0.65 for Silhouette. The relatively low connec-
tivity value coupled with the relatively high Silhouette value
suggests adequate clustering results corresponding to popula-
tion heterogeneity. Interestingly, the Dunn index as defined to
be the ratio of the smallest distance between observations not
in the same cluster to the largest intra-cluster distance was
found to be 0.01. The small value calculated for the Dunn
index suggested that the subpopulations identified are not
completely distinct or well-separated. This result is not unex-
pected given that all the subpopulations identified belong to a
population of seemingly identical immortal HeLa cells ex-
posed to the exact same experimental conditions. The subtle
difference observed among the subpopulations can only be
attributed to cell to cell heterogeneity. This analysis was re-
peated for each experimental condition (peptide and concen-
tration) for the total population of cells analyzed to identify
three to five underlying subpopulations. The negative normal-
ized fluorescence values calculated in this section correspond
to cells demonstrating little to no peptide uptake result from
cells with intracellular fluorescence values darker than the
background noise. A detectable signal corresponding to back-
ground noise occurs due to the presence of residual free-
floating peptides in the aqueous droplets. In all cases, peptide
uptake in HeLa cells was found to be heterogeneous with the
distribution of the normalized fluorescent signals following a
logarithmic trend with r-squared values above 0.95 (Fig. 3 c).
Similarly, a study byWang et al. [7] had previously reported a
logarithmic normal population distribution of TAT-quantum
dot endocytosis in Chinese hamster ovary (CHO) cells. The
identification of such behavioral patterns in biological events
through single-cell analysis can provide important insight to
predict cell behavior as triggered by certain environmental
stimuli.

Clustering of cells into distinct subpopulations based
on peptide uptake identifies a potential bias
in comparing population means to overall peptide
uptake

To visualize the distribution and size of each of the subpop-
ulations, the clusters were grouped using a bubble plot
(Fig. 4). As expected, the findings confirm an approximate
10-fold increase in the normalized signals when increasing
the peptide concentration from 10 to 50 μM. This is

Fig. 3 Identification of distinct subpopulations of HeLa cells based on
peptide uptake using linkage hierarchical cluster analysis. A population of
HeLa cells incubated with a 10 μM solution of OWRWR and imaged
using the microfluidic droplet trapping array. a Agglomerative
dendrogram tree for hierarchical cluster analysis. The horizontal axis
represents the fluorescent signal from each individual cell analyzed and
the vertical axis represents dissimilarity measured using the Euclidean
distance measure. b The cells were binned into four clusters as the
subpopulations present in the sample. c Distribution histogram of data
for n = 537 cells demonstrating a logarithmic normal trend and the four
identified subpopulations
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consistent with previous data presented by Safa et al. using
off-chip, bulk fluorescent studies [20]. Furthermore, this
analysis found that the largest cluster for all four peptides
at both concentrations was the cluster representing the low-
est grouping of normalized fluorescent signals. This implies
that there is a significant portion of the cellular population
with a lower degree of peptide uptake, which can have dra-
matic results if the CPPs are conjugated to biosensors or
therapeutics. Conversely, each peptide at each concentra-
tion was observed to have a small population of cells with
extremely high normalized fluorescent signals which corre-
spond to substantial uptake of the peptides. The presence of
these high performers has the potential to bias results when
using bulk population metrics like fluorometry or only
looking at 3–5 cells with fluorescent microscopy, the two
most common approaches utilized to assess CPP uptake.

For example, the ARG peptide is widely accepted to be an
ideal CPP; however, the finding here implies that the global
uptake of ARG across a net population is biased by a small
subpopulation with very high uptake. This can be observed
when comparing the population mean and median values to
the values for each of the subpopulations incubated with
50 μM peptide (Fig. 4 b). The mean value for 50 μM
ARG is 12,462 compared to values of 4963 for 50 μM
OWRWR, 4877 for 50 μM RWRWR, and 2617 for 50 μM
TAT (Fig. 4 b). Using the population mean alone would
imply that the ARG peptide yields the best uptake for all
cells; however, the lowest cluster for ARG is comparable in
size and normalized fluorescent as those for OWRWR and
TAT suggesting that most of the population of cells will
experience similar degrees of peptide uptake for all three
peptides. This variation between population mean and

Fig. 4 Distribution and
quantification of distinct
subpopulation of cells based on
CPP uptake. a The normalized
fluorescence signals of intact
HeLa cells incubated with 10 μM
peptide solutions quantified by
fluorescent microscopy and
clustered into 3–5 subpopula-
tions. The number inside each
bubble corresponds to the relative
size of the cluster for each sub-
population. The mean (red BX^)
and median (red vertical line) of
the entire population are shown
for comparison. b A similar
quantification and clustering as
shown in (a) but for HeLa cells
incubated with 50 μM peptide
solution
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population distribution was not as extreme when cells were
incubated with 10 μM peptide solutions suggesting that the
heterogeneous uptake of peptide is concentration depen-
dent. In fact, the population distributions for cells incubated
with 10 μM RWRWR, TAT, and ARG all follow a similar
trend of three subpopulations with the largest cluster having
a normal ized f luorescence of ~ 1200 (Fig . 4 a) .
Interestingly, a similar distribution of intracellular fluores-
cence was observed for HeLa cells that were stably
transfected with green fluorescent protein, GFP-HeLa
(Fig. 4 b). This confirms prior findings about transfection
efficiencies and how some cells exhibit a high degree of
transfection while others experience a lesser degree of trans-
fection depending on cell cycle among other factors [30].
These results also suggest that CPP uptake may follow a
similar trend as cellular transfection with small subpopula-
tions exhibiting very high transfection efficiencies.

Overall CPP uptake efficiency correlates
to intracellular peptide distribution
in a concentration-dependent manner

An analysis was performed to examine how peptide concentra-
tion affected the intracellular peptide distribution in cells. To
accomplish this, the coefficient of variance (COV) of intracel-
lular fluorescence was measured for each individual cell ana-
lyzed, and the correlation between intracellular peptide distri-
bution and overall uptake signal was studied and compared for
different cohorts. Here, the COV was defined as the standard
deviation of the intracellular fluorescent signals measured for
the pixels within the ROI defined around the cell by their mean
value. As a result, the COV is a dimensionless metric for the
intracellular heterogeneity of peptide distribution or the
punctateness level of the peptide taken up by the cell. A poor
intracellular distribution is often associated with peptide

Fig. 5 Concentration-dependent correlation between intracellular peptide
distribution and CPP uptake efficiency. A coefficient of variance (COV)
was calculated for each individual cell analyzed as a metric of intracellu-
lar heterogeneity to determine the effect of peptide concentration on in-
tracellular distribution. a Population of fluorescent intensity signals for
HeLa cells incubated with 10 μMOWRWR demonstrating a logarithmic
normal distribution (n = 539, r2 = 0.80, p < 0.05). bObserved intracellular

heterogeneity (COV) of 10 μM OWRWR peptide solution in HeLa cells
demonstrating normal distribution (n = 539, r2 = 0.65, p < 0.05). c
Correlation between intracellular heterogeneity and fluorescent for the
entire population of HeLa cells incubated with four peptides at the two
concentrations numerically simulated with exponential associations. d
Comparison of the median values of the intracellular heterogeneity and
the median cellular fluorescence intensity for all conditions
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isolation in membrane-bound vesicles which limits the ability
of the CPP to uniformly deliver a cargo to a cell [31].
Population histograms of peptide uptake signals and intracellu-
lar heterogeneities (COV) for HeLa cells incubated with 10μM
OWRWR peptide are presented in Fig. 5 a and b. Similar anal-
yses were performed for all datasets for all four peptides
(OWRWR, RWRWR, TAT, and ARG) at both concentrations
(10 μM and 50 μM) which are presented in Figs. S1–S5 (see
ESM). Non-linear curve fitting performed on these plots re-
vealed that the cells demonstrate a logarithmic normal distribu-
tion in terms of overall CPP uptake (Fig. 5 a), while they dem-
onstrate a Gaussian (normal) distribution in terms of intracellu-
lar heterogeneity (Fig. 5 b). Comparing the results in Fig. 5 a
and b to results obtained for the other peptides (see ESM Figs.
S1–S4) identified a common trend among all cohorts (e.g., in
all cases). It was found that cells demonstrated a logarithmic
normal distribution in terms of CPP uptake and a normal dis-
tribution in terms of intracellular heterogeneity. Comparing the
histograms for the two concentrations of each peptide presented
in Fig. 5 and ESM Figs. S1–S4 showed that increasing the
incubation concentration shifts the peak of the intracellular het-
erogeneity histogram toward lower values. Similarly, increasing
the concentrations for OWRWR, RWRWR, and ARG shifts the
peak of uptake signals toward higher values. The only excep-
tion to this trend was for the TAT peptide for which this effect
was insignificant. Similarly, the population histogram for the
GFP-expressing HeLa cells (see ESM Fig. S5) follows the
same logarithmic trend as CPP-treated cells. The correlation
between overall uptake efficiency (Fig. 5 a) and intracellular
heterogeneity (Fig. 5 b) for the model 10 μMOWRWR exper-
iment is illustrated at the single-cell level in Fig. S6A (see
ESM). In this plot, data demonstrating an exponential decay
as numerically simulated by non-linear curve fitting illustrates
the reverse relationship between intracellular heterogeneity and
uptake efficiency meaning that overall uptake efficiency is
higher in cells with more homogeneous intracellular peptide
distribution.

To illustrate and compare this correlation among all
cohorts, the simulated curves for all datasets are provid-
ed in Fig. 5 c with their median values presented in
Fig. 5 d. Raw, single-cell data used to generate the
simulated curves in Fig. 5 c are provided in Fig. S6B
(see ESM). It was observed in Fig. 5 c and ESM Fig.
S6B that cells treated with 10 μM peptide solutions
clustered within a small range in areas with lower in-
tensities and higher intracellular heterogeneities, al-
though this occurred to variant extents for different pep-
tides. By increasing the concentration of each peptide,
fluorescence intensities expanded to a wider range to
include areas with significantly higher intensities (with
the exception of TAT for which the effect was not sig-
nificant). Moreover, in most cases (with the exception
of ARG for which the effect was not significant), the

intracellular heterogeneities decreased. Similar trends
were previously described qualitatively in off-chip ef-
forts characterizing CPP uptake and internalization
mechanisms [32]. Additionally, a single-cell study per-
formed by Cao et al. [33] recently identified a direct
quantitative correlation between fluorescence intensity
of cells and the cytosolic/nuclear localization of native
proteins.

As far as the relative results among different condi-
tions are concerned, comparing the median population
values of intracellular heterogeneity and fluorescent in-
tensity (Fig. 5 d) identified three groupings by where
the median values appeared on the plot. The upper left
quadrant, which contains median values for 10 μM
OWRWR, 10 μM RWRWR, and 10 μM TAT, is repre-
sentative of highly punctate intracellular distribution of
peptides coupled with relatively low median values for
overall peptide uptake. When comparing the median
population values of intracellular heterogeneity and fluo-
rescent intensity (Fig. 5 d), three groupings could be
identified by where the median values appeared on the
plot. The upper left quadrant, which contains median
values for 10 μM OWRWR, 10 μM RWRWR, and
10 μM TAT, is representative of highly punctate intra-
cellular distribution of peptides coupled with relatively
low values for overall peptide uptake. This implies that
these three peptides at this incubation concentration will
have a poorer intracellular distribution coupled with a
lower degree of internalization. The lower right quad-
rant is representative of cells with a lower level of in-
tracellular heterogeneity (or punctateness) coupled with
a high or very high overall peptide uptake efficiency.
These three conditions include cells incubated with
50 μM peptide solutions of TAT, RWRWR, and
OWRWR. This implies that increasing peptide concen-
tration results in lower intracellular heterogeneity which
correlates to higher intracellular homogeneity and higher
overall peptide uptake efficiency. Intriguingly, the one
exception to this finding was the TAT peptide which
found that increasing the concentration decreased the
intracellular heterogeneity yet did not significantly in-
crease the overall uptake efficiency. This may be attrib-
uted to the high cytotoxicity of this peptide at high
concentrations [34]. Intracellular peptide distribution is
an important characteristic of peptide–cell interaction
that is often used to develop hypotheses and make con-
clusions about peptide uptake mechanism [32, 35]. This
important parameter is usually investigated through live
cell microscopy and described qualitatively based on
analyzing a small number of cells versus being quanti-
fied for a large number of cells [32]. The microfluidic
droplet trapping array presented here facilitated an effi-
cient analysis to accomplish this goal.
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Cell size does not affect peptide uptake efficiency
but does affect the net amount of internalized
peptide

The microfluidic platform was finally used to identify the
relationship between peptide uptake and cell type by compar-
ing the uptake of one of the CPPs across an adherent (HeLa)
and a suspension (OPM-2) that are significantly different in
size. Current bulk approaches like fluorometry oftentimes use
fluorescent intensity as a metric of peptide uptake; however,
this value can be biased when comparing uptake efficiencies
between two different types of cells, especially those that dif-
fer in size. To explore this, peptide uptake was studied in the
OPM-2 cell line. OPM-2 cells are a suspension, myeloma-
derived cell line with an average measured cross-sectional
area of 90 μm2 compared to HeLa cells which exhibit an
average measured cross-sectional area of 500 μm2. Both cell
lines were incubated with 50 μM ARG solutions and single-
cell analysis of intracellular fluorescent signal was performed
(Fig. 6). As expected, the mean fluorescent signal was signif-
icantly lower for OPM-2 cells compared to HeLa cells under
similar experimental conditions (p < 0.00001). Since HeLa
and OPM-2 cells are significantly different in size, it was
hypothesized that the observed difference was due to the
smaller size of the OPM-2 cells. To account for size, the mean
fluorescent density was calculated which divided the median
fluorescent signal by the average cross-sectional area for the
population of cells. This new metric, which removed the bias
of cell size, confirmed this hypothesis and illustrated that,
unlike overall fluorescent output, the fluorescent density was
comparable between the two cells lines exposed to the same
peptide at the same concentration (p > 0.05).

Conclusions

In this paper, a microfluidic droplet generator and over-
head trapping array was used to perform single-cell anal-
ysis on the concentration-dependent uptake of four differ-
ent cell-penetrating peptides. Cells treated with 10 μM
and 50 μM peptide solutions were analyzed in terms of
peptide uptake efficiency, intracellular distribution, and
the correlation between them. Single-cell analysis results
identified that increasing the initial peptide concentration
results in a more homogeneous intracellular peptide dis-
tribution and a stronger uptake efficiency. All histograms
followed a logarithmic normal trend. Kernel density func-
tions numerically simulated the distribution histogram-
predicted cell behavior in terms of uptake efficiency and
intracellular heterogeneity. The correlation between pep-
tide concentration and intracellular heterogeneity was il-
lustrated in a scatter plot for a model experiment (10 μM
OWRWR) and numer ica l ly s imula ted us ing an

exponential decay function to predict the behavior.
Finally, repeating a select experiment (50 μM ARG) with
a suspension cell line (OPM-2) identified a significant
difference in fluorescent signals, but normalizing the re-
sults by cell area resulted in similar fluorescent densities
which revealed that the difference observed could mainly
be attributed the smaller size of the OPM-2 cells. This
work demonstrates the application of a microfluidic drop-
let trapping array for quantifying the uptake of fluorescent
cell-penetrating peptides in single intact cells and presents
a statistical approach for performing single-cell analysis
of the samples. The microfluidic device and analytical

Fig. 6 Effect of cell size on peptide uptake efficiency. HeLa cells
(average cross-sectional area of 500 μm2) and OPM-2 cells (average
cross-sectional area 90 μm2) were incubated with 50 μM ARG for
60 min at 37 °C. a The mean fluorescence intensity for the entire popu-
lation of cells was compared for HeLa (n = 97 cells) and OPM-2 (n = 26
cells). A single asterisk denotes p < 0.00001. b The mean fluorescent
intensity values for the entire population of cells were divided by the
average cellular cross-sectional area for both HeLa and OPM-2 cells to
calculate the fluorescence density. Two asterisks denote p > 0.05
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approach can be further utilized to quantify enzyme activ-
ity using intracellular fluorescence tied to fluorescent-
based reporters to provide new insight on population het-
erogeneity associated with clinical samples.
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