A plasmonic Imaging method for real-time spatial profiling of extracellular signaling molecules during live-cell timelapse
microscopy using light microscopes
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Abstract : The ability to directly observe cell-secreted proteins with spatial resolution has long been a barrier In
cell biology and disease research. Conventional assays such as ELISA quantify secreted factors only in bulk,

Fig. 4) Development of software for determining fractional occupancy and concentration of

analyte. In order to address the bottleneck challenge for the determination of unknown concentration of
analyte on a microscope, software was developed based on local linear models and temporal filtering. A)
Software GUI that enables selection and visualization of spectra data, as well as data processing
options. B) Software GUI that enables selection of unoccupied sensor data and maximally occupied
sensor data to determine fractional occupancy over time (top). A Poisson counting process model is
applied to the data to determine the fractional occupancy curve (bottom).C) Numerical analysis of

Fig. 1) Nanocrine plasmonic imaging chamber A) B)

obscuring heterogeneity and preventing insight into how individual cells contribute to their microenvironment. design. In order to achieve spatially distinct The imaging chamber incorporates spectroscopy data for a biotin-neutravidin binding study. A selection of 80 spectra recorded immediately
Herein we present a nanoplasmonic imaging platform that enables real-time, label-free detection of secreted measurements from secreted proteins, in imaging the plasmonic imaging chip after neutravidin was added to the medium, with an averaging window of 3 nm (top-left) with a magnified
nroteins with spatial resolution compatible with live-cell microscopy on standard light microscopes. Our ap- chamber was utilized consisting of 2 planes oo zoom of spectral peaks (top-right). Fractional occupancy calibration is shown with zero occupancy
oroach employs patterned nanoplasmonic sensors integrated into a microscopy-compatible substrate, allowing separated in z by 100 pm. The sealed chamber Proprietary material for cell culture (breatfable) | | o highlighted in blue and full occupancy highlighted in red (bottom-left). This is algorithmically computed to
direct visualization of secreted molecules as they interact with the surface using light microscopes common to uses a gas exchange-capable, optically clear A A K 1 J j a fractional occupancy over the duration of the study using the maximum log-likelihood of a Poisson
life science laboratories. To reduce the data processing bottleneck associated with time-lapse microscopy, we surface for cell attachment to prevent hypoxia Plasthonic Imaging Chip (#1.5 compatibie) § counting process to determine the mean intensity count at each wavelength (bottom-right). D) Simulated
developed two automated analysis pipelines that (1) determine the fractional occupancy of the detected ana- and cell death. A) Schematic of plasmonic time-dependent fractional occupancy with added Gaussian noise typical of the experimental setup (left).
lyte and (2) employ optical flow computer vision with machine learning (ML) for segmentation and morphomet- imaging chamber utilizing plasmonic sensors  2&" Hlasmonic nanostrcure arays Calculated concentration (right). The symbols and error bars represent the calculated mode of the
ric parameterization of cells. Combined, this plasmonic imaging hardware and dual analysis approach enables functionalized for the detection of CSF1. B) Photo concentration distribution divided by the KD over a 5% to 95% confidence interval.
secretion-phenotype multivariate correlation. By bridging the gap between bulk secretion assays and cellular of plasmonic imaging chamber (top-view).
Imaging, nanoplasmonic imaging offers a versatile platform for both fundamental biology and translational re- A) B)
search, with applications in drug discovery, regenerative medicine, and precision oncology.
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tention for their ability to spatially re-
solve molecules in solution, including
proteins used In cell-to-cell communica-
tion. Localized surface plasmon reso-
nance imaging (LSPRI) is based on the
principle of light-excitable resonating
electrons in metals which induce both a
redshift and an increase In reflective
scattering intensity when molecules e NN
bind to the metal surface. Furthermore, |

the technology can be integrated with I |
other optical technologies, as long as
consideration to resonance wavelengths
are taken, including light microscopy.
This enables researchers for the first
time to witness, in a quantifiable way, @ Heliyon

cell secretions as they occur. This effec- A Cell Press journal
tively results in temporal and spatial res-
olution of cell secreted molecules while
providing image data on the specific
cells responsible for secretion.

and generate a Naive Bayesian classifier model
capable of labeling the previously unlabeled pixels from ¢
the unsupervised optical flow. A) GUI of OF SSML - — -
software. B) OF SSML source code benchmarked 1 T o o S
against the popular segmentation tool CellPose.

B) Evaluation of SSML relative to CellPose via F [ accuracy scores.
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Conclusions

A plasmonic imaging approach (sensor design, biochip design, gas permeable biochip chamber design)
IS established for simultaneous data capture of cell imagery and protein secretion dynamics.

eData processing bottlenecks have been addressed through automated software approaches.

*OF SSML software outperforms CellPose and requires no training or labels.

*CSF1 secretion was guantified relative to time from living HepG2 cells; dynamic data not possible with
ELISA

Future Directions

*Add local linear model function from MATLAB work to microsoft executable software for translating
fractional occupancy to concentration values.

Combine morphometric analysis with secretion data to build multivariate correlative data sets.
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