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A method for high-throughput 
functional imaging of single 
cells within heterogeneous cell 
preparations
Adam S. Neal1, Austin M. Rountree1, Jared R. Radtke1, Jianzhu Yin2, Michael W. Schwartz1, 
Christiane S. Hampe1, Jonathan D. Posner2, Vincenzo Cirulli1,3 & Ian R. Sweet1

Functional characterization of individual cells within heterogeneous tissue preparations is 
challenging. Here, we report the development of a versatile imaging method that assesses single 
cell responses of various endpoints in real time, while identifying the individual cell types. Endpoints 
that can be measured include (but are not limited to) ionic flux (calcium, sodium, potassium and 
hydrogen), metabolic responsiveness (NAD(P)H, mitochondrial membrane potential), and signal 
transduction (H2O2 and cAMP). Subsequent to fluorescent imaging, identification of cell types 
using immunohistochemistry allows for mapping of cell type to their respective functional real time 
responses. To validate the utility of this method, NAD(P)H responses to glucose of islet alpha versus 
beta cells generated from dispersed pancreatic islets, followed by the construction of frequency 
distributions characterizing the variability in the magnitude of each individual cell responses were 
compared. As expected, no overlap between the glucose response frequency distributions for beta cells 
versus alpha cells was observed, thereby establishing both the high degree of fidelity and low rate of 
both false-negatives and false-positives in this approach. This novel method has the ability not only to 
resolve single cell level functional differences between cell types, but also to characterize functional 
heterogeneity within a given cell type.

A need for functional assessment of heterogeneous mixture of cells
A common challenge in cell biology is the need to assess the functional attributes of isolated primary cells in het-
erogeneous cell mixtures. One example involves studies of directed differentiation of stem cells toward a given cell 
type of interest. Differences in cell fate specification, inefficient transitions of a given cell phenotype through spe-
cific stages of development, and intrinsic heterogeneity existing within populations of progenitor cells1 can each 
result in complex admixtures of many distinct cell types, and identifying and characterizing individual cell types 
in that mixture can be challenging. Other examples include the need to identify and characterize cells isolated 
from primary tissues such as liver2,3, pancreatic islets4,5, brain6, cardiomyocytes7 or blood leukocytes8. Assessing 
cellular differences in drug toxicity within a given tissue preparation can also be confounded if, for example, a 
sparsely represented cell type, but not the major parenchymal cell type, is targeted and eliminated by the drug. 
The ability to discriminate between these selective drug effects requires high-throughput cellular analysis meth-
ods that are not currently available.

These examples highlight instances in which measures of bulk cell response are uninformative with respect 
to cell-specific behavior. Even homogeneous cell mixtures can be characterized by wide variability in individual 
cellular responses, the nature of which may be physiologically or pathophysiologically important to characterize9. 
Such challenges can be addressed through an approach to single cell functional assessment that permits statis-
tical analysis of the distributions of the responses. Achieving this goal, however, requires either that the cells are 
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purified prior to study or that steps are taken beforehand to enable specific cell types to be identified within a 
complex cell mixture.

Limitations of current approaches
One approach to addressing these challenges is to sort and purify cells prior to study using Fluorescence Activated 
Cell Sorting (FACS)10, but this separation method can adversely affect cell function and viability. Specifically, 
fluid shear stress on cells during FACS separation can be both variable and much greater than occurs in vivo, 
causing variable impairment of both cell viability11,12 and cell functions such as gene expression13 and cell cycle14. 
Detection of the expression of genetic markers of adult pancreatic cell types typically involves cell fixation15. 
Furthermore, the binding of fluorescent antibodies to cell-specific surface markers that enables the separation 
process can inadvertently stimulate target cells, thereby affecting subsequent analysis. Finally, when the propor-
tion of a given cell type in a cell mixture is low, both the yield and purity of separated cells can be low16, increas-
ing the likelihood of contamination by unwanted cells. Alternative approaches include strategies to genetically 
tag cells of interest with a fluorescent marker that allows for simultaneous identification of the cell type while 
performing the real time imaging analysis17. Often, this is an effective solution, but the process of labeling cells 
may affect their function, takes a number of days before the probes are expressed and it is not always possible to 
efficiently label primary tissue.

A novel systematic approach: Combining cell identification with single-cell, real-time 
analysis
Based on the above considerations, we sought to develop a method that 1) identifies cell type after functional 
analysis (such that the identification procedure does not affect analysis of cell function), and 2) enables a high 
throughput approach to cellular analysis such that functional data is obtained on sufficient numbers of rare cell 
types. In addition, we strove to produce a method that was simple to implement, relied on readily available imag-
ing equipment, and could be carried out on tissue soon after harvesting so that impact of the method would be 
widespread. These goals were achieved through an approach in which cell location is preserved and mapped 
following functional analysis by patterning a micro-scale numeric grid on the bottom of the cell chamber. We 
then used immunohistochemical staining to link the response of individual cells to its cellular identity, thereby 
circumventing the need for their purification. To measure the response of a large number of cells in real time, 
such that frequency distributions can be generated and analyzed with high statistical resolution, we employed 
automated stage control of the fluorescent imaging microscope in the x-y plane.

Real-time fluorescent imaging endpoints that can be utilized by our method include but are not limited 
to measures of intracellular levels of ions (e.g., calcium18, sodium18, potassium, hydrogen18 and zinc), meta-
bolic function (e.g., NAD(P)H19 and mitochondrial membrane potential), and signal transduction molecules 
such as cAMP18 or reactive oxygen species. To illustrate and validate the method, we endeavored to compare 
glucose-stimulated NAD(P)H responses, and also glucose-stimulated intracellular calcium response, by alpha 
vs. beta cells derived from dispersed pancreatic islets. Pancreatic alpha cells, which synthesize and secrete the 
hormone glucagon, constitute a relatively rare cell type comprising 15–20% of total islet cells20, whereas beta cells 
constitute a majority of islet cells. Alpha and beta cells have distinctly different functional responses to changes 
glucose, and how alpha cell mitochondria respond to changes in glucose is not well-established21–23, making it a 
good test case for evaluating the method. The fluorescent signal detected for NAD(P)H includes contributions 
from both NADH and NADPH, but the signal is dominated by mitochondrial NADH (which reflects the balance 
between NADH generated by glycolytic/TCA cycle and its oxidation in the electron transport chain)24. In this 
report we demonstrate the successful and reproducible functional phenotyping of rare cell types within a complex 
cell mixture using single cell imaging analysis on a platform that is amenable to automation and high throughput 
applications and will be readily usable by cell biologists. This approach, therefore, overcomes several limitations 
associated with conventional analysis of cell preparations isolated by FACS.

Methods
Chemicals and solutions.  Perifusion analyses were performed using Krebs Ringer bicarbonate solution 
(KRB) containing 0.1% BSA as done previously25, except that 5 mM was substituted for 25 mM sodium bicarbo-
nate. Glucose, streptozotocin, carbonyl cyanide 4-(trifluoromethoxy)phenylhydrazone (FCCP), and potassium 
cyanide (KCN) were all purchased from Sigma-Aldrich (St. Louis, MO). Culture media (RPMI-1640) was sup-
plied by ThermoFisher Scientific (Waltham, MA), and heat-inactivated fetal bovine serum (FBS) was supplied by 
Atlanta Biologicals (Flowery Branch, GA).

Isolation and culture of rat islets.  Islets were harvested from Sprague-Dawley male rats weighing approx-
imately 250 g (Charles River, Wilmington, MA) that were anesthetized by intraperitoneal injection of sodium 
pentobarbital (35 mg/230 g rat). Approval for all surgical procedures was obtained from the Institutional Animal 
Care and Use Committee at the University of Washington, and all experiments were performed according to 
the written regulations and guidelines. Preparation and purification of islets were carried out as previously 
described26,27. Islets were cultured overnight prior to the experiment in culture media supplemented with 10% 
fetal bovine serum at 37 °C.

Cell culture.  INS-1 832/13 cells (passage number 52 to 74) (henceforth referred to as INS-1 cells) were kindly 
provided by Dr. Christopher Newgard and were cultured in RPMI-1640 (Gibco, Grand Island, NY) supplemented 
with 2 mM L-Glutamine, 1 mM Pyruvate, 50 μ​M Beta-mercaptoethanol, 20 mM HEPES, heat-inactivated fetal 
bovine serum (10%) (Atlanta Biologicals, Lawrenceville, GA) and 1% penicillin/streptomycin as previously 
described28.
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Patterning the grid on the perifusion cover slip.  Positioned as shown in Fig. 1, a grid of 17,689 squares 
measuring 150 microns per side was patterned onto one side of a 40 mm diameter perifusion coverslip supplied 
by Bioptechs (Butler, PA) in a microfabrication facility. Each square was dual-labeled with a combination of 
numbers and letters (25 ×​ 15 microns) to give each square a unique identifier. The size of the box was set so that 
its perimeter was just inside the visible region of an image using a 40 ×​ objective. The design of the coverslip 
was generated using CAD software (Layout Editor, juspertor UG), and a 5” AZ resist pre-coated Chrome mask 
was exposed using a laser writing tool (Heidelberg μ​PG101, Heidelberg Instruments, Germany), developed and 
subjected to Chrome etch to achieve the desired pattern. Coverslips were subsequently cleaned using isopro-
panol alcohol prior to the fabrication, spun coated with photoresist (AZ 1512, MicroChemicals, Germany) at 
3000 rpm to yield a film thickness of 1 micron (6808P Spin Coater, Specialty Coating Systems, Indianapolis, IN), 
and soft-baked at 100 °C for 60 s before exposure to a broad wavelength aligner for 2 seconds with intensity of 
21.6 mW/cm2 at 405 nm using the fabricated mask (ABM, Scotts Valley, CA). The coverslips were then developed 
and residues removed by a plasma ashing process (Trion Phantom Reactive Ion Etcher, Trion Technology, Tempe, 
AZ). The Chrome (approximately 50 nm) was evaporated onto the coverslip, (SEC-600, CHA Industries, Fremont, 
CA) and finally the lift-off process was performed in acetone by sonicating for 60 second.

Dispersion of islets to single cells and plating them on perifusion cover slips.  The day prior to 
their study, dispersed islet cells were prepared from isolated islets by gentle trituration of islets suspended in a 
phosphate buffered saline solution containing 0.125% trypsin/0.05 mM EDTA29. The islet suspension was trit-
urated every minute (using a 1 mL pipet) until the islets were visibly dispersed (about 5–10 minutes), at which 
time the trypsin was deactivated by the addition of heat-inactivated fetal bovine serum. The dispersed islet cells 
were then seeded on to Bioptechs cover slips pre-coated with Matrigel (Becton Dickinson, Billerica, MA) on the 
reverse side of the etched grid, and allowed to attach for 1 h. Pre-coating of coverslips with Matrigel was done 
carried out 24 hours prior to use as follows. Matrigel was diluted 1:30 in PBS (containing no calcium or magne-
sium) and 200 μ​L were pipetted on to the cover slip. The cover slip was covered and allowed to set at 4 degrees C 
overnight. Single cells harvested from about 100 islets were seeded onto each coverslip, and incubated overnight 
in culture media supplemented with heat-inactivated fetal bovine serum (10%) at 37 °C.

Fluidics system for maintaining cells in the fluorescence microscope.  The perifusion chamber 
shown in Fig. 1 was used for maintaining and imaging plated islet cells. In place of the silicon lower gasket sup-
plied by Bioptechs, gaskets were cut from Parafilm. A rectangular section was cut from a piece of Parafilm cut 
into a circle (d =​ 40 mm) so that the void created when the gasket was placed into the perifusion dish was fed 
and drained by the inlet and outlet ports. The system was readied for the experiment by first placing the upper 

Figure 1.  Schematic of the gridded fluidics chamber mapping cell positions. A Bioptechs FCS2, a closed 
system, parallel plate flow cell, was used per manufacturer’s instructions (see Methods section for details). Onto 
the bottom of the cover slip, a grid was patterned with chrome in order to generate a spatial map of the positions 
of the cells. The map of the cells was used to match the real time responses of the each cell to the identification of 
the cell type as reflected by subsequent immunostaining. Cells are not drawn to scale. Each square region in the 
grid was 150 microns ×​ 150 microns, and the number in the upper left corner denoted the row, and the number 
in the lower right corner indicated the column.
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gasket, the microaqueduct slide, and the lower gasket on to the FCS2 chamber base, which was then placed 
upside-down on the stage of a Nikon Eclipse Ti inverted microscope. This is depicted by a series of images 
included in Supplemental Information (Supplemental Fig. 1). The KRB solution (containing 5 mM sodium bicar-
bonate) was pumped through the inlet port, driven by a Masterflex L/S peristaltic pump (Model 7519-20, Cole 
Parmer, Vernon Hills, IL), for approximately 5 min until the void space in the lower gasket was filled. The pump 
was stopped, and the perifusion coverslip plated with islet cells was placed face down on to the lower gasket. The 
pieces thus assembled were secured in place with the FSC2 self-locking bracket. The assembly was then inverted 
so that the etched coverslip was contiguous with a 40 ×​ oil immersion fluorescent objective, and placed within 
the stage opening. The pump was then turned on and set to a flow rate of 150 μ​L/min throughout the study, as 
described previously30.

High throughput imaging of NAD(P)H and calcium.  Fluorescence imaging of NAD(P)H in dispersed 
islet cells was performed with emission detected at 460 nm by a CoolSnap HQ2 CCD camera (Photometrics, 
Tucson, AZ) through a 40 ×​ Super Fluor Nikon objective (DIC H/N2) during excitation at 360 nm via a Xenon 
lamp (Lambda LS-1620, Sutter Instrument Company, Novato, CA). NAD(P)H fluorescence integration time was 
200 msec. The time sequence for data collection was thus, for a given region a fluorescence image was obtained,  
and the stage advanced to the next region where its fluorescence image was obtained and so on until all the 
regions specified were assessed. In this way, a fluorescence intensity was obtained for each cell for a given time 
point. This sequence was repeated for each time point, in this case every 120 seconds. With an acquisition time 
of 200 msec, the stage is capable of advancement to the next region at a maximal rate of ~3/second for a total 
of 180 regions/minute. With ~20 cells visible per region, the maximal rate of analysis is ~7200 cells/min in real 
time. The software package Elements® (Nikon) was used to drive the data acquisition and movement of the stage 
controller. However, the program is unable to show data in real time while multiple positions are being assessed. 
To circumvent this problem, cell surface regions to be quantified were delineated manually for each visible region 
prior to real time analysis. Thus for each region scanned, Elements® determined the fluorescence intensity for all 
delineated surface regions whether the cells were contained in that region or not. The data was exported to Excel 
(Microsoft) in real time where a customized “macro” binned the data for each actual cell residing in that window. 
At the completion of each protocol, the steady-state levels of relative fluorescence (RFU) during exposure of KCN 
and subsequently FCCP were measured and this data was used to normalize the RFU data. The normalization of 
the NAD(P)H signal was as a percent of RFUFCCP and RFUKCN, defined as 0 and 100% respectively for each cell31. 
The imaging of calcium, after loading cells with the calcium-sensitive dye FURA-1, was carried out as previously 
described32.

Immunohistochemical staining and imaging of cells on cover slip.  Subsequent to real time imaging,  
the coverslip was removed from the flow chamber and submerged in 2% paraformaldehyde for 16 h. 
Immunohistochemical staining was carried out for insulin and glucagon using mouse anti-insulin monoclonal 
antibody CC9C10 (ATCC, Manassas, VA) and mouse anti-glucagon monoclonal antibody K79b810 (Abcam, 
Cambridge, UK). Antibody CC9C10 was directly labeled with Alexa Fluor 568 dye (excitation 578 nm and emis-
sion 603 nm) (Thermo Fisher Scientific, Waltham MA) and the glucagon antibody was visualized by use of goat 
anti-mouse IgG-FITC (excitation 494 nm and emission 522 nm) (Bio-Rad Laboratories, Hercules, CA). Cells 
were first analyzed for glucagon-positive cells, followed by staining for insulin-positive cells to avoid binding of 
the secondary antibody to the CC9C10 antibody using the same Nikon Eclipse Ti inverted microscope as used 
for real-time imaging.

Data analysis.  NAD(P)H responses were represented as the minimum percent changes of steady-state 
NAD(P)H in response to either increasing from 3 to 20 mM glucose, or a decrease from 20 to 3 mM glucose 
(calculated as the average of the NAD(P)H levels during the interval from 35–45 min after the change in glucose 
concentration). This approach was taken (rather than computing the average response) to prevent false posi-
tive findings that can result from signal drift. Frequency distributions were constructed by binning NAD(P)H 
responses in increments of 4% for each cell type. False positives were identified by glucagon-stained cells that 
responded like insulin-stained cells, and false negative were defined as insulin-stained cells that responded like 
glucagon-stained cells. Because calcium response to 20 mM glucose did not completely return to baseline after 
lowering glucose concentration back down to 4 mM, calcium responses were represented simply as the changes of 
steady-state fluorescence ratio in response to increasing from 4 to 20 mM glucose. Frequency distributions were 
constructed by binning calcium responses in increments of 0.1 for each cell type.

Results
Experimental overview.  To determine whether metabolic responses of pancreatic alpha and beta cells can 
be distinguished from one another, studies were performed in dispersed islet cells. To determine the extent to 
which the alpha cell metabolic signature arises erroneously in a pure beta cell population (e.g., false positive rate), 
results from dispersed islet cells were compared to those obtained using an established beta cell line (INS-1 cells).

Immunohistochemical staining of insulin and glucagon in dispersed cells.  Rat pancreatic islets 
were dispersed into single cells and seeded onto coverslips at a density of about 200,000 cells/plate. About 15–30 
cells adhered to the Matrigel-coated plate per gridded region, where some cells situated in contact with other 
cells, while most made no direct contact with other cells; evidence of damage resulting from the isolation process 
was not observed. Bright-field exposures were taken prior to and after each fluorescent imaging experiment to 
count the number of cells that were not immunohistochemically stained. As expected, insulin and glucagon 
staining (carried out after the real time imaging analysis) was robust with virtually no overlap with respect to the 
identification of beta and alpha cells (Fig. 2A). In general, cells co-staining for both insulin and glucagon were 
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not observed, although alpha and beta cells were occasionally aggregated into doublets. With ten regions imaged 
per time point, 224 cells were identified within those regions and immunohistochemically assessed for cell type 
over the course of three experiments. Of these cells, 183 were beta cells, 32 were alpha cells, and 12 did not stain 
for either hormone, possibly representing other islet cell types (e.g., those producing somatostatin, pancreatic 
polypeptide, or ghrelin).

Real-time NAD(P)H responses of glucagon- and insulin-positive cells to glucose.  NAD(P)H flu-
orescence was acquired from cells in each of the 10 regions. A fluorescent image was generated prior to the start of 
the real time experiment for each region and using the cursor, circles were drawn around the cells to be quantified 
by the software package Elements®. An example of an NAD(P)H autofluorescent image is shown for individual 
cells that were subsequently immunohistochemically identified (Fig. 2B), illustrating the mapping of NAD(P)H 
signal to cell type.

Among insulin-positive (beta) cells, an increase of ambient glucose concentration from 3 mM to 20 mM elic-
ited a rapid and robust increase of NAD(P)H content that returned to baseline levels when glucose levels were 
reduced back to 3 mM (Fig. 3A). By comparison, the change of NAD(P)H content in glucagon-positive (alpha) 
cells to the same change of ambient glucose concentration was barely detectable (Fig. 3B). As a positive control, 
levels of NAD(P)H increased markedly in all cells during chemical hypoxia (cyanide), and they decreased in 
response to the mitochondrial uncoupler FCCP, confirming that the imaging methodology employed reliably 
detects changes of NAD(P)H content in glucagon- as well as insulin-positive cells. Following the real time imag-
ing, immunohistochemical analysis was carried out as described above.

To establish the rate of false-positive and false-negative results for each cell type, a frequency distribution 
was constructed based on the minimum percent change of steady state NAD(P)H level in response to either an 
increase of ambient glucose concentration from 3 to 20 mM, or the subsequent decrease from 20 to 3 mM glu-
cose. Analysis of cell number binned according to both cell type and NAD(P)H response in increments of 4% 
from 0–52% (Fig. 3C) demonstrated responses of 27 ±​ 0.9% vs. −​5.0 ±​ 1.6% for beta vs. alpha cells, respectively. 
Only 5% of the cells were not definitively classified from the immunohistochemical staining, and these cells 
were not included in the analysis. There was virtually no overlap between the two cell types in the distribution of 
steady-state NAD(P)H responses to a change of glucose level.

Real-time NAD(P)H responses to glucose in a pure population of insulin-positive cells.  To con-
firm the cell-type specificity of the NAD(P)H response to glucose, studies were repeated in a pancreatic beta cell 
line (INS-1 cells). In an analysis of 100 cells situated in 10 regions of the gridded coverslip, we observed NAD(P)H  
responses to changes of ambient glucose that resemble those of islet beta cells. Specifically, we observed a rapid 
increase of NAD(P)H content in response to an increased of ambient glucose levels from 3 mM to 20 mM that 
returned to baseline levels following the reduction of glucose concentrations back to 3 mM (Fig. 4A). There were 
however, differences in the kinetics of the two beta cell types, where the islet beta cells appeared to track the 
changes in glucose with much more fidelity. The frequency distribution of NAD(P)H changes in increments of 4% 
from 0–60% (composite response 28.5 ±​ 1.2%; Fig. 4B) was however comparable to that observed for dispersed 
islet beta cells, but not alpha cells (Fig. 3), and all cells stained positively for insulin, as expected. Our finding that 
no INS-1 cell responded with an increase of NAD(P)H of <​4% establishes the robust specificity (i.e., low false 
positive rate) with which functionally distinct cells are detected by this method.

Real-time intracellular calcium responses to glucose, followed by immunohistochemical stain-
ing of insulin and glucagon in dispersed cells.  As with the NAD(P)H experiments on dispersed rat pan-
creatic islet cells, cells were immunohistochemically imaged for glucagon and insulin following the acquisition 

Figure 2.  Mapping of fluorescent images of dispersed islet cells in a single grid region. Real time imaging 
of NAD(P)H was followed by subsequent immunostaining for cell type. (A) Islet cells immunostained for 
insulin (green) and glucagon (pink). (B) Autofluorescent NAD(P)H signal of islet cells at a single time point in 
the same grid. Pink circles delineate the cells identified as glucagon positive cells by immunostaining. Intensity 
was overexposed in order to clearly show the spatial position of the NAD(P)H signal for all cells relative to the 
immunostaining shown in (A).
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Figure 3.  NAD(P)H responses to glucose by insulin-positive vs. glucagon-positive islet cells. (A,B) Kinetic 
data is the average of single cell responses to changes in glucose, KCN and FCCP by cells that were subsequently 
identified as (A) insulin- or (B) glucagon-positive (n =​ 183 and 32 respectively). KCN induced maximal 
NAD(P)H levels and the peak was set to 100%, and FCCP resulted in minimum levels and the trough was set 
to 0%. Results are the average of three separate experiments, where 12 cells were not stained. (C) Frequency 
distribution of NAD(P)H responses of islet cells to glucose for insulin- and glucagon-positive cells.

Figure 4.  NAD(P)H responses to glucose by a pure population of insulin secreting cells (INS-1 832/13 
cells). (A) Kinetic data is the average of single cell responses to changes in glucose, KCN and FCCP by all cells. 
Subsequently, all cells stained positive for insulin. Data was normalized as in Fig. 3. Results were generated in 1 
experiment that analyzed 103 cells. (B) Frequency distribution of NAD(P)H responses of INS-1 cells to glucose. 
All INS-1 cells responded to glucose, and with a distribution similar to native beta cells.
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of the real time calcium data (data not shown). Two regions were imaged per time point, for a total of 54 islets 
cells assessed. Of these cells, 40 were beta cells, and 14 were alpha cells. Calcium fluorescence was acquired from 
cells in each of the 2 regions. Among insulin-positive (beta) cells, an increase of ambient glucose concentration 
from 4 mM to 20 mM elicited a rapid and robust increase of calcium content that partially returned to baseline 
levels when glucose levels were reduced back to 4 mM (Fig. 5A). By comparison, the change of calcium content 
in glucagon-positive (alpha) cells to the same change of ambient glucose concentration was barely detectable 
(Fig. 5B). A frequency distribution was constructed based on the percent change of steady state calcium level 
in response to an increase of ambient glucose concentration from 4 to 20 mM. Analysis of cell number binned 
according to both cell type and calcium response in increments of the change of fluorescence intensity ratio of 0.1 
from 0–0.7 (Fig. 5C) demonstrated responses of 0.33 ±​ 0.054 vs. 0.051 ±​ 0.013 for beta vs. alpha cells, respectively. 
There was some, but not much overlap between the two cell types in the distribution of steady-state calcium 
responses to a change of glucose level. Thus, neither NAD(P)H nor calcium in alpha cells showed sensitivity to 
glucose changes in the physiologic range.

Discussion
Innovative features of a single-cell, live-imaging approach.  The need to identify and functionally 
characterize unique cell types present within a heterogeneous cell mixture arises commonly across many areas 
of cell biology research. The standard approach to this challenge is to employ FACS to purify the cell type of 
interest prior to functional analysis. Limitations of this approach include the potentially deleterious impact of 
FACS on intrinsic cellular properties, such that responses of isolated cells to specific interventions may deviate 
from what might be observed had FACS not been used. This problem can be compounded by both cell loss and 
incomplete cellular purification, especially when the cell type(s) of interest constitute only a small proportion 
of the total number of cells. The alternative method described in this report allows cell-specific phenotyping in 
complex cell mixtures while circumventing the need for purification, provided that the cell type of interest (1) is 
amenable to immunohistochemical detection, and (2) displays functional responses that can be detected using a 
high-throughput imaging platform. To validate this alternative method, we studied mixtures of pancreatic alpha 
and beta cells derived from dispersed pancreatic islets. Our findings confirm that cell viability and function are 
preserved when studied using a flow culture system33. Indeed, the characteristic metabolic response to glucose 
was detected in virtually all INS-1 cells and pancreatic beta cells, and in no alpha cells establishing false negative 
and false positive rates of 0 in this assay. We also demonstrate that the assay system is amenable to high-through-
put cell analysis, and can be applied to as few as a few hundred cells or up to thousands of cells.

We also report the use of frequency histograms to objectively quantify the analysis of cells in a complex mix-
ture, since even cells of a single type cell type can exhibit a range of responses. Once the variability inherent in 

Figure 5.  Intracellular calcium responses to glucose by insulin-positive vs. glucagon-positive islet 
cells. (A,B) Kinetic data is the average of single cell responses in intensity to changes in glucose and KCl 
concentrations by cells that were subsequently identified as (A) insulin- or (B) glucagon-positive (n =​ 40 and 
14 respectively). Results are the average of two imaged regions in a single experiment containing approximately 
27 cells per region. (C) Frequency distribution of calcium responses of islet cells to glucose for insulin- and 
glucagon-positive cells.
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a particular functional read-out is established for each cell type, the sample size needed for accurate character-
ization can be determined. The method we used to achieve increased throughput was only partly automated 
(movement of the x-y plane stage controller was driven by Nikon’s Elements software). With further software 
development, delineating the cell regions where intensity is quantified will be automated, allowing thousands of 
cell responses to be analyzed in a single experiment.

NAD(P)H and calcium response to glucose among alpha cells.  Owing to the relatively small pro-
portion of alpha cells in an islet, analysis of their response to glucose in dispersed islet cell preparations is dif-
ficult, especially since the predominant islet cell type (beta cells) is highly glucose-responsive. The single-cell, 
live-imaging approach introduced here offers a robust solution to this problem. The glucose-responsiveness of 
pancreatic beta cells depends in part on expression of glucokinase, a glucose-phosphorylating enzyme whose 
rate is very sensitive to changes in glucose in the physiological range (between 3 and 12 mM). In cells that express 
glucokinase, therefore, an increase of ambient glucose levels in this range is accompanied by increased oxidation 
of phosphorylated glucose, which increases cellular content of NAD(P)H34,35. Although some studies suggest 
that alpha cells contain glucokinase36,37, providing a mechanism for alpha cells to respond to glucose levels above 
5 mM, other studies indicate that glucokinase in rat islets is exclusively localized to beta cells38. Moreover, some 
studies do not report reliable changes of alpha cells NAD(P)H content in response to an increase in glucose 
concentration21,22, another study reported a robust response23. The extent to which alpha cells exhibit increased 
glucose oxidation (and hence increased NAD(P)H content) in response to a physiological rise of ambient glucose 
levels, therefore, remains uncertain.

Using our live-cell microfluidics imaging system, we report that in stark contrast to what is observed in beta 
cells, alpha cells do not respond in a unidirectional manner to a physiological increase of ambient glucose concen-
tration. The rate of alpha cell glucose metabolism, therefore, does not reliably vary in response to in physiological 
variation in ambient glucose concentrations, which may support a lack of a role for the KATP channel in alpha cell 
glucose sensing21. The glucose-insensitivity of alpha cells was further supported by intracellular calcium data that, 
consistent with previous studies on mouse islets39, also did not respond to changes in glucose. We acknowledge 
that the islet cell dispersion process may affect alpha cell function, but such an effect did not appear to affect glu-
cose response of beta cells. Moreover, our finding that alpha cells displayed a robust increase (similar to that of 
beta cells) in NAD(P)H content in response to cyanide, and in calcium in response to KCl, suggests that all cells 
in our preparation were capable of displaying a robust metabolic and functional response.

Beta cell NAD(P)H and calcium response to glucose.  The NAD(P)H and calcium responses 
of dispersed beta cells to changes of ambient glucose that we observed were very similar to that displayed by 
intact islets40, including considerable variability in response magnitude. The latter is presumed to reflect 
the marked cell-to-cell heterogeneity in content of key proteins regulating beta cell metabolism, such that 
glucose-responsiveness of beta cells can vary from one cell to the next9,41–43. Although tissue dissociation into 
single cell preparations can affect cellular function, it is noteworthy that the method employed here effectively 
captures this functional heterogeneity. In addition, the dispersed cells responded to glucose more rapidly than 
the INS-1 cells, which continued to rise and fall 20 minutes after the change in glucose was instituted. As one 
might expect, the heterogeneity of the calcium responses in islet beta cells was somewhat higher than NAD(P)H 
heterogeneity, consistent with the notion that glucose-stimulated changes in metabolism are driving the changes 
in calcium.

Applicability to other cell types and related considerations.  The method presented here is optimally 
suited to the study of cell types that retain robust functional responses after isolation. As with other methods, the 
effects of dispersal and plating of cells should be considered in the analysis, both to determine the extent to which 
isolated cells behave differently than they do in vivo or in tissue explants44,45 and to determine optimal culture 
conditions. For example, available evidence suggests that the functionality of isolated islet cells improves when 
they are allowed either to adhere to an extracellular matrix46 or to re-aggregate into small cell clusters of as few 
as two or three cells47,48, whereas overly confluent cell preparations present problems of their own (e.g., reduced 
ability to spatially discriminate between cells present in multilayered compact cell clusters).

Another advantage of the system introduced here is that the fluidics systems we employed is designed to main-
tain flow rates and shear forces in a more physiological manner, which likely optimizes functional responsiveness 
of individual cells49, whether present as single cells or in small, adherent clusters of adjacent cells that may form 
monolayers. The microfluidic flow conditions also allow for constant replenishment of oxygen and nutrients, and 
concomitant removal of cell products, thereby reducing potential detrimental effects of paracrine cues that can 
accumulate in static systems50.

It is noteworthy that in our study, cell-cell interactions did not appear to alter the NAD(P)H response to 
glucose in either beta or alpha cells, as judged by the response of isolated cells vs. cells present in small or large 
clusters, suggesting that glucose metabolism of alpha and beta cells is not robustly affected by cell-cell interactions 
involving adhesion molecules. The method introduced here is positioned to be useful in assessing the impact of 
cell-cell interactions on discrete cellular functions, a possibility that awaits additional study. Possible examples 
include interactions between regulatory and effector T cells within different target tissues51, stem cells whose 
differentiation may be effected by contact with other cell types52, and, in general, in cell types that are functionally 
coupled through gap junctions53. These are all instances that offer an opportunity for further exploration and 
application of our mode of analysis in future studies.

Summary.  The technology we have developed that both identifies and characterizes individual cells, addresses 
a common problem in cellular biology involving characterization of cell-specific behavior within a heterogeneous 
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mixture of cells. The approach rests on the micro-patterning of grids on the outer surface of imaging coverslips 
to allow for mapping of cell type to the cell’s respective functional characterization, and high throughput imaging 
via computer controlled movement of the microscope stage. We wish to emphasize that the methodology relies 
on imaging equipment that is widely available in most life science laboratories, and will be readily usable by cell 
biologists. Given the widespread need for quantifying both cell specific behavior and heterogeneity of function 
within the same cell type, and the wide range of endpoint imaging assays available, the approach should have 
applicability in many different fields of cell biology, physiology, medicine, and drug development.
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