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Abstract

In the field of fluorescence microscopy, there is continued demand for dynamic technologies
that can exploit the complete information from every pixel of an image. One imaging tech-
nique with proven ability for yielding additional information from fluorescence imaging is
Fluorescence Lifetime Imaging Microscopy (FLIM). FLIM allows for the measurement of
how long a fluorophore stays in an excited energy state, and this measurement is affected
by changes in its chemical microenvironment, such as proximity to other fluorophores, pH,
and hydrophobic regions. This ability to provide information about the microenvironment
has made FLIM a powerful tool for cellular imaging studies ranging from metabolic measure-
ment to measuring distances between proteins. The increased use of FLIM has necessi-
tated the development of computational tools for integrating FLIM analysis with image and
data processing. To address this need, we have created FLIMJ, an ImageJ plugin and toolkit
that allows for easy use and development of extensible image analysis workflows with FLIM
data. Built on the FLIMLib decay curve fitting library and the ImageJ Ops framework, FLIMJ
offers FLIM fitting routines with seamless integration with many other ImagedJ components,
and the ability to be extended to create complex FLIM analysis workflows. Building on Ima-
ged Ops also enables FLIMJ's routines to be used with Jupyter notebooks and integrate nat-
urally with science-friendly programming in, e.g., Python and Groovy. We show the
extensibility of FLIMJ in two analysis scenarios: lifetime-based image segmentation and
image colocalization. We also validate the fitting routines by comparing them against indus-
try FLIM analysis standards.

Introduction

In the last thirty years, numerous advanced biological imaging techniques have allowed for the
interrogation of biological phenomena at cellular and subcellular resolution. One of these
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powerful techniques is modern fluorescence microscopy, empowered by key inventions such
as the laser scanning microscope and the use of fluorescent proteins. Among the range of
modalities, Fluorescence Lifetime Imaging Microscopy (FLIM) has been of particular interest
in molecular imaging diagnostics due to its ability to probe the cellular microenvironment,
sensitivity to changes in molecular conformations, and utility in interpreting phenomena such
as Forster Resonance Energy Transfer (FRET) and physiological states including pH and
hydrophobicity. FLIM is now widely used in a variety of cell imaging applications, from mea-
suring the metabolic state of differentiating stem cells [1] and intrinsic signatures of cancer
cells [2] to measuring changes in lipid rafts [3] and FRET of signaling events in cell division
[4]. FLIM is available in two primary modes of operation, time-domain [5] and frequency
domain [6], but also is compatible with a number of different microscopy configurations,
including wide-field [7], confocal [8], spinning disc [9], and multiphoton [10] microscopy.
Several research groups have demonstrated super-resolution FLIM [11] and medical applica-
tions of FLIM, including ophthalmology and endoscopy [12]. These emerging applications of
FLIM continuously push further the innovation of FLIM technology including faster electron-
ics and more sensitive detection. Despite these advances in biological applications and instru-
mentation, there has been a surprising lack in corresponding development in image
informatics tools to directly support the FLIM imaging and analysis. Specifically, as a quantita-
tive technique that generates image datasets, FLIM has the inherent need for powerful down-
stream image analysis software to interpret the results.

While more work is needed, many recent advances in FLIM have largely been enabled by
improved computation and software. Advanced software tools have not only allowed for FLIM
electronics to be robustly controlled and capture short lifetimes, but to do so rapidly so that FLIM
images in 3D (space) and 4D (space and time, or space and spectral) can be collected [13]. Curve
fitting algorithms have been developed that allow for robust fitting of two or more components.
Several companies have made commercial packages for FLIM analysis, but these are closed source
tools that are not transparent in their analyses and typically only support their own file formats.
This makes the sharing of approaches and FLIM data difficult while also limiting the usage of the
teatures supported by the software. In recognition of the need for more transparent and custom-
izable methods for FLIM analysis, there are new developments for turnkey open analysis FLIM
software tools such as FLIMfit from Paul French’s group [14]. However, most of these software
packages are not designed with the rationale that FLIM results should be treated as images that
can be segmented, statistically analyzed, or learned by upcoming newer machine learning algo-
rithms. The separation of FLIM from other image analysis workflows has placed difficulty for
biologists who would otherwise benefit from an easier image-based integration of FLIM.

To summarize, the scientific community would benefit from a more complete informatics
approach addressing three specific and currently unmet needs:

1. an open and extensible FLIM algorithm library that supports the most popular FLIM file
formats and can be utilized and modified easily by a developer;

2. aturnkey FLIM analysis tool that uses the library and yet still can be used easily and directly
by the bench biologist; and

3. the integration of FLIM analysis with versatile microscopy image analysis.

To address the first two needs, Barber et al. developed the Time-Resolved Imaging version
2 (TRI2), a freely available closed source FLIM analysis application equipped with a LabWin-
dows graphical user interface (GUI) and basic image analysis capabilities [15]. TRI2 was
released to selected researchers in 2004, and from it, the core fitting algorithms were extracted
to form the open-source FLIMLIib library.
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The remaining need can be fulfilled by exploiting established open-source image analysis
platforms. A great platform to integrate FLIM analysis is the open-source Image] [16] and its
distribution for the life sciences, Fiji [17]. Image] has long enjoyed use and adaptation by
experimental biologists. However, FLIM workflows have largely been segregated from Image]
due to a lack of the necessary FLIM analysis functionality. Fortunately, the recent development
of the Image] Ops framework [18] has laid a solid foundation for such a FLIM analysis toolbox.
As a backbone of the next-generation ImageJ2 that powers Fiji, the Image] Ops framework
supports the growth of ImageJ’s image processing and analysis power. In addition to offering
hundreds of easy-to-use, general and efficient image processing operations such as segmenta-
tion algorithms, statistics, and colocalization methods across hundreds of file types, this frame-
work provides programming interfaces for developers to extend the library. For example, the
Ops-based plugins naturally cater to the needs of both bench biologists and advanced develop-
ers by allowing the former to easily use the Ops and the latter to build user-tailored applica-
tions for their own needs. Together with the seamless connections between Ops, the Image]
Ops framework creates a suitable environment for developing modular, extensible image pro-
cessing workflow components.

There were previous efforts by our group to integrate FLIM analysis into Image], known as
the SLIM Curve (Spectral Lifetime Imaging Microscopy) plugin for Image], which provided a
graphical interface to FLIMLib. The SLIM Curve plugin was able to integrate FLIMLib’s full
fitting functionalities with Image] while being accessible to bench biologists. However, the
SLIM Curve plugin was built on legacy Image] 1.x data structures, which limited its extensibil-
ity and modularity compared to the Image]2 infrastructure.

We now have built on previous efforts in lifetime analysis [15, 19] and spectral lifetime anal-
ysis [20] to build an ImageJ-centric toolkit, FLIMJ, that directly addresses these three needs. A
schematic representation of the FLIM]J framework is presented in Fig 1. FLIM]J is an interna-
tional collaboration between software developers and microscopists at the UCL Cancer Insti-
tute, London, UK (and formerly at the Gray Institute for Radiation Oncology and Biology at
the University of Oxford, UK) and the UW-Madison Laboratory for Optical and Computa-
tional Instrumentation (LOCI) in the USA that leverages several existing software projects.
When designing this FLIM analysis system, we recognized that current methods, such as those
in MATLAB, may be difficult for the biological community to use. Further, many of these
methods are also not attractive for developers because much of the published code, such as
Numerical Recipes [21], may have restrictive licenses and a steep learning curve. We sought to
develop a toolkit that would complement current commercial efforts and in fact, directly sup-
port the image acquisition and image processing formats of these systems. We decided to
focus our initial efforts on time-resolved FLIM data collected from the PicoQuant and Becker
& Hickl hardware systems, but the toolkit is designed to be flexible enough to support fre-
quency or spectral domain analyses. Currently, spectral support is minimal, but this will be
augmented as the toolkit evolves. This flexibility is supported by the use of the ImgLib2 (http://
imglib2.net/) data container as widely adopted by almost all of the Image] plugins, which
allows for the support of data of, in principle, unlimited dimensions and will handle FLIM
data that includes additional channels of spectra and polarization.

As described below, the FLIM] toolkit can either be invoked as an Image] Op or used from
the graphical user interface (GUI) equipped plugin. One powerful advantage Image]J can offer
in FLIM analysis is segmentation. Looking at the lifetime distribution of a specific manually
defined ROI can often be cumbersome or not even possible with commercially available FLIM
analysis software packages. Image] not only has conventional manual segmentation but in
addition, supports machine learning-based classification techniques [22], which can be
exploited to use a training set to segment images in batch processing automatically. A number
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Fig 1. Relationships between components of FLIMJ and Image]2. FLIM] Ops depends on FLIMLib and communicates with other supporting ops
(mathematical, statistical, and input/output tools) through the Ops framework. This schematic shows two different ways to access FLIMLib. The scripting
path goes through the ops-framework to the FLIMJ-Ops library, and the GUI path goes through the FLIMJ-UI to FLIMJ-Ops.

https://doi.org/10.1371/journal.pone.0238327.9001

of other Image] features could be utilized with FLIM data, including scripting, 3D visualiza-
tion, and feature tracking, as well as a myriad of imaging file formats that can be supported
through the use of the SCIFIO (http://scif.io/) infrastructures [23] to support a range of open
and proprietary FLIM file formats. To our knowledge, this is the first FLIM analysis system
that offers this range of flexibility and functionality.

The approach to use a core open-source software library brings the usual advantages of
open-source that enable community contribution to and verification of the underlying code. It
also enables the release of a ‘polished’ graphical-user-interface-driven plugin and allows use in
other environments. In the following section, a description of the toolkit is given, followed by
how it can be extended for some more-advanced uses.

Methods

FLIM]J provides access to a variety of FLIM analysis techniques including standard nonlinear
least-squares fitting in the form of the Levenberg-Marquardt (LM) algorithm and more
advanced algorithms such as maximum likelihood, global, and Bayesian analysis that has been
optimized for FLIM [15], as well as simpler methods such as the rapid lifetime determination
(RLD) by integration [24], and frequency domain analysis via the method of phasors [25, 26].
In particular, the toolkit has the ability to account for an instrument response function (IRF,
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prompt, or excitation function) that distorts the pure exponential decay. Through iterative
reconvolution, the LM algorithm extracts the true lifetime estimate from IRF distorted signals.
The addition of new methods is also allowed and can inherit the standard library code inter-
face as exemplified by the recently incorporated Bayesian algorithms [27]. Similar to any other
open or proprietary FLIM analysis software, FLIM] uses FLIM datasets of any accessible for-
mat (supported by Bio-Formats [28]) and outputs the results as images for further examina-
tion. Using Image]’s high-dimensional image data structure for both the input and output,
FLIMJ ensures maximal compatibility with other parts of Image], which can provide powerful
preprocessing and post-analysis for the FLIM workflow (see Results).

The toolkit employs a modular design and comprises three major components: FLIMLib,
FLIM]J Ops, and FLIM]J-UL FLIMLIib is the underlying library that contains an efficient C
implementation of the algorithms. Based on the Image] Ops framework, FLIM]J Ops imple-
ments adapter ops for each of the algorithms in Java to dispatch the input data, invoke the cor-
responding C routines in FLIMLib, and collect the results. While FLIM]J Ops, together with
the underlying FLIMLIb, deliver core functionality programmatically, FLIMJ-UI greatly
improves the accessibility for bench biologists by providing an intuitive GUI based on the
JavaFX framework to allow for the visualization and fine-tuning of the fit. In the rest of the sec-
tion, we present a detailed description of each of the components.

FLIMLib

FLIMLIb is a cross-platform compatible library written in ANSI C with a Java API extension.
With help from the current Maven-CMake building mechanism, the library can be compiled to
run as a native executable on Linux, Windows, or macOS. As the weight-lifting component of
FLIM]J, FLIMLIb is equipped with a Java Native Interface (JNI) wrapper created by the SWIG
framework (http://swig.org/), which offers efficient type conversion and data transfer between
C and Java applications. However, more connectors can be added to make the library accessible
to many high-level programmers using Python, MATLAB, C++, and C#, to name a few. Besides
integrations with other languages, the library can also be compiled into a standalone command-
line program with the intention that user interaction with the library could be in several forms
according to the user’s choice. That is, the interaction could be through a graphical user inter-
face such as with TRI2 or Image], or could be through the command line in a scriptable form,
or could be via a third-party framework such as Python (http://www.python.org), MATLAB
(www.mathworks.com) or R (http://www.r-project.org/). Full details on FLIMLib, including
downloads, can be found on the project web site at https://flimlib.github.io.

The following fitting and analysis methods are currently present in the open-source library
for lifetime data:

o Rapid Lifetime Determination (RLD): A fast computation method based on three integrals to
determine a single average lifetime [24], including a variant that accounts for the IRF [24, 29].

o Levenberg-Marquardt (LM) Non-Linear Least Squares Fitting: A classical LM algorithm
[30], the performance of which is modified by the noise model. Multi-exponential and
stretched exponential analyses are built-in, others can be added, as are parameter fixing and
restraining. There are variants with and without an IRF. Parameter error estimates are
returned based on the fitting alpha matrix [21]. Possible noise models include Maximum
Likelihood Estimation: Poisson noise model [31] and Gaussian: Variance for Gaussian dis-
tribution (Least-squares fitting). These statistical noise models used here were described in
detail in Rowley’s work [27].
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° Maximum Likelihood Estimation: This variant of the LM algorithm is accessed by using a
specific noise model. Several noise models can be chosen to influence the LM optimiza-
tion via the chi-squared (x*) parameter. The models are a) ‘Constant’—every data point
is assumed to have the same supplied variance. b) ‘Given’—every data point can have an
individual variance, given via a data array. ¢) ‘Gaussian’—Variance for Gaussian distribu-
tion is used at all data points. d) ‘Poisson’—Variance for Gaussian distribution is used
with a lower limit of 15, this being the point where the Gaussian approximation begins to
break down with Poissonian data. e) ‘MLE’—Maximum likelihood estimation through
the use of the Poisson equation [31].

« Global Analysis: In some biological experiments, it is extremely advantageous to analyze
data from a whole image or a series of images simultaneously to determine certain parame-
ters with a high accuracy yet allow other parameters to remain variable at the pixel level to
capture spatial variations. In this so-called ‘global analysis,” some parameters can be globally
determined while others remain local [32, 33]. This method is particularly useful when a bio-
sensor based on FRET is in use [34], which usually exists in either an activated or deactivated
state that is represented by different measured lifetimes by FLIM. Thus, these characteristic
lifetimes can be determined globally, whilst the determination of the fraction of activated
molecules can be determined locally [15]. The library has built-in optimized functions for
this type of analysis [19], that offer fast convergence and built-in optimization of initial
parameter estimates. Methods for global analysis involving other generic functions (e.g., an
exponential rise or non-exponential functions) are also included in the library.

o Phasor: Transformation to phasor space for the calculation of a single average lifetime and
graphical multi-exponential analysis [26].

Bayesian Inference: Lifetime estimation based on Bayesian inference offers higher precision
and stability when faced with data with low photon counts (low signal-to-noise ratio). This
algorithm acts by combining evidence from the photon arrival times to produce robust esti-
mates of lifetimes and the potential errors in those estimates. In in-vitro experiments, it was
found that the precision was increased by a factor of two compared to LM fitting, or acquisi-
tion time could be reduced by a factor of two for an equivalent precision [27]. The algorithms
in the library can be used to estimate the IRF and exponential decay simultaneously or can be
used to perform model selection between mono- and bi-exponential fitting models.

FLIM]J Ops

FLIM]J Ops is a plugin built upon the Image] Ops framework [18, 35] that connects FLIMLib
and the Image] ecosystem. Based on the Image] Ops template, the plugin adapts the single-
transient RLD, LMA, Global, Bayesian, and phasor analysis functionalities from FLIMLib into
dataset-level fitting ops accessible from Image]. With help from the Image] Ops framework,
FLIMJ Ops provides a concise yet flexible programmatic interface that can be easily included
in a scripting workflow (see Results).

Ops API

Conforming to the organization convention of Image] Ops, the fitting ops are contained in
the flim namespace. Specifically, by calling flim.fit* with * being RLD, LMA, Global, Bayes
or Phasor, the user performs the corresponding analysis implemented by FLIMLib over the
dataset on each individual pixel. While fully preserving FLIMLib’s granularity of control
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over fitting parameters such as noise model, initial estimation, and IRF, the Ops API pro-
vides support for dataset-level preprocessing operations, including pixel binning and ROI
cropping. To optimize for the ease of use and prevent the need for a verbose argument list,
some of the op arguments are marked as optional (required = false) at definition so that the
programmer can ignore them in op calls. Upon invocation by name, the Image] Ops frame-
work automatically inspects the number and types of arguments passed in, matches the
appropriate fitting op, and completes the argument list by assigning sensible default values
to optional parameters.

FLIM dataset analysis tasks greatly benefit from the parallelized fitting of individual pixels if
they can be analyzed independently. This paradigm is employed by TRI2 and SPCImage by
leveraging either the central processing unit (CPU) multithreading or graphics processing unit
(GPU) acceleration. However, in terms of portability, CPU multithreading is considered more
favorable. So far, all fitting ops in FLIMJ Ops, except for the global analysis op, by default run
on multiple CPU threads in parallel. The parallelization relies on the Image] ChunkerOp util-
ity for dispatching the workload.

FLIM]J-UI

Oftentimes, it may be desirable for analytical software to integrate tools for visualizing results
and to allow fine-tuning of the configurations. This is especially true for FLIM applications since
the fitting results are usually sensitive to the settings, and manual setting of parameters such as
initial values and decay interval range is required to obtain the optimal fit. The FLIMJ-UI is an
Image] plugin created for such needs. Based on the SciJava Command framework, the plugin
invokes FLIMJ Ops to carry out the computation and displays the fitted parameters alongside
the decay curve with a JavaFX GUI. Like any of the Image] Ops, the plugin can be started
through scripting, or the user may launch it from Fiji during an image analysis workflow.

Notebooks for FLIM analysis

Notebooks are scientific programming tools that bind the processing pipeline (codes) with the
input and output assisted with detailed comments using markdown-style notes. Experiments
and Image datasets can now be associated with processing routines pointing out dependencies
and programming environments used for extracting results. Currently, notebooks are available
to most scientific languages, including Mathematica, MATLAB, Python, R, Julia, Groovy, and
others under tag names of Jupyter, BeakerX, and Zeglin notebooks. We supplement the FLIM]
Ops with a Groovy and Python notebook that can help a beginner to use fitting FLIM data in
an interactive and data-analysis friendly way. Two example demo notebooks are provided with
the FLIM]J Ops repository: 1) a groovy notebook running on the BeakerX kernel that accesses
Image] ops directly, 2) a python Jupyter notebook that accesses Image] ops through the PyIma-
geJ interface to invoke FLIMJ ops.

Results

In this section, we demonstrate FLIM] workflow and validate the results using separate soft-
ware and simulated data. Two use-case scenarios are presented for image-segmentation and
image-colocalization. a) Segmentation: FRET efficiency calculation of segmented tumorous
tissue, b) colocalization of NAD(P)H, and antibody distribution for microglia. FLIM]J is shown
to collaborate seamlessly and performantly with the central components of each workflow, as
well as to have the potential to be integrated with more complex ones.
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Use case I: Segmentation

This use case is based on the FLIM] plugin for Image], and relates to linking fluorescence life-
time processing to other advanced image processing plugins within Image] to accurately mea-
sure protein dimer information in cancer tissue [36]. Many cancers are driven by the
dimerization of the members of the HER/ErbB protein family (EGFR, HER2, HER3 etc.) at the
cell surface. This discovery has led to the invention of targeted therapies that specifically dis-
rupt the ability of these proteins to dimerize, and with some success; e.g., a monoclonal anti-
body for EGFR, cetuximab, is now used alongside chemotherapy for certain colorectal and
head & neck tumors, and trastuzumab is used to target HER2 in some breast cancers [37]. We
have recently published the use of FLIM/FRET to detect HER family dimerization in archived
patient tissue from breast and colorectal cancer studies and clinical trials [36, 37] and correlate
this with the response to targeted treatment.

One challenging aspect of these measurements in tissue is the need to segment the tumor
tissue from surrounding stroma and other normal tissue components. This can be achieved
through multi-exponential lifetime filtering [38], but it is often better to use independent
information provided by the tissue morphology provided by imaging to segment the tumor. In
Image], we have created a pipeline that uses trainable Weka segmentation [22] on the intensity
image in parallel to FLIM]J to provide tumor segmented lifetime statistics. These results from
two serial sections, stained with the FRET donor and acceptor, and donor alone as a control,
provide a FRET measure of protein dimerization. Additionally, training can also be done on
lifetime images post-processing to help identify dimmer species. Fig 2 shows representative
sections of breast cancer tissue from the METABRIC study [37] and calculated FRET scores of
HER2-HER3 dimerization.

Samples were imaged on a customized “open” microscope automated FLIM system [38].
Time-domain fluorescence lifetime images were acquired via time-correlated single-photon
counting (TCSPC) at a resolution of 256 by 256 pixels, with 256-time bins and 100 frames
accumulated over 300 seconds, via excitation and emission filters suitable for the detection of
Alexa546 fluorescence (Excitation filter: Semrock FF01-540/15-25; Beam Splitter: Edmund
48NT-392 30R/70T; Emission filter: Semrock FF01-593/40-25). For technical convenience,
those FLIM images were acquired through the emission channel of a UV filter cube (Long pass
emission filter > 420 nm).

The pipeline for Use Case 1 can all be performed using the graphical user interface as follows.
Total FLIM intensity images were created using the Z-Project function and these were used to
train the Weka Trainable Segmentation plugin. The Weka Apply Classifier function then cre-
ated segmented images of tumour areas which could be thresholded, and made into a mask and
an Image]J selection (Threshold, Create Mask and Create Selection functions). In parallel the
FLIM image was analysed in the FLIM]J plugin using a mono-exponential LMA model. The
export function from FLIM]J created a Tau image onto which the selection from the Weka out-
put was applied (Restore Selection function). The Measure function was used to create the
mean lifetime for the tumour area and images for display were created by applying the mask to
the Tau image (Image Calculator min value between Tau and Mask). Once the Weka segmenta-
tion is trained, all these functions can also be scripted for automated processing.

Use case II: Colocalization

This use case is based on the Fiji ROI colocalization plugin and links to fluorescence lifetime
processing of autofluorescence images of microglia. Previously we and others have demon-
strated the potential applicability of NAD(P)H FLIM in differentiating microglia functional
state [39-41] and computational approaches to distinguish microglia cells [42]. Based on our
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Analysis Pipeline

FRET : Serial tissue section

A
STEP 1: Weka Trainable
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ROI selection

Mean lifetime

Intensit —
y overlaid with intensity 0 ns 23 mean lifetime

Fig 2. A) Breast cancer tissues from 107 patients METABRIC study were stained with antibodies: anti-HER3-IgG-Alexa546 (donor) and anti-
HER2-IgG-Cy5 (acceptor) [37]. Serial sections were stained with donor+acceptor (DA, FRET pair) and with donor alone (D, control). Average lifetime
values (Tp and Tp,) can be determined for the tumor from the two serial sections using FLIM]J after segmentation. The FRET efficiency can be calculated
according to FRETeff = 1 -TDA/TD. B) Weka Trainable Segmentation plugin was used to segment the tissue areas. The FLIMJ user interface showing a
typical transient and fit from the tissue. We used the LM fitting with a mono-exponential model. C) Zoom into a smaller region. Composite image from
FLIMJ showing lifetime information. Pure lifetime map with Weka segmentation shown in yellow. Segmentation result of the lifetime within the tumor with
artifactual tissue removed. From Tp = 2.23 ns and Tpu = 2.16 ns, we estimate a FRET efficiency for this example tumor area as 3.1% as a measure of
HER2-HER3 dimerization on the tumor in this patient.

https://doi.org/10.1371/journal.pone.0238327.9002

findings in the previous works, we expect that the hybrid method allowing lifetime estimation
from raw decay data and subsequent colocalization analysis can be helpful in determining the
effectiveness of FLIM based approaches in the identification of a specific cell type. The chal-
lenge lies in developing post-processing algorithms that yield maximum overlap between life-
time images generated from the endogenous signal and ground-truth images from the
exogenous antibody fluorescence signal. To properly evaluate microglia identification with
endogenous NADH signal [43], colocalization analysis can be of great benefit to quantitatively
analyze the overlapping areas. Besides, there is concern that when GFP is used as a marker for
cellular visualization and the NADH channel is used for lifetime analysis, there is a GFP signal
bleed through to the NADH channel, which can affect lifetime analysis [44]. Colocalization
analysis can help us identify pixels with higher GFP bleed through [45] and recalibrate the
analysis. Fortunately, Image]J includes the colocalization analysis plugin coloc-2, which is a
great candidate for our use case that can be used in conjunction with lifetime analysis.
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The data was obtained from a custom multiphoton microscope built around an inverted
Nikon Eclipse TE2000U and 20X (Nikon Plan Apo VC 0.75NA) objective lens. For NAD(P)H
imaging, an excitation wavelength of 740 nm, emission filter centered around 457 nm (FF01-
457/50, Semrock, Rochester, NY) was used. The excitation was set at 890 nm for GFP imaging,
and an emission filter at 520 nm (FF01-520/35-25, Semrock, Rochester, NY) was used. FLIM
data were generated using TCSPC electronics (SPC 150, Becker & Hickl, Berlin, Germany).
FLIM images of 256 x 256 pixels were collected with 256-time bins and 120 s collection times.

Here, we explore the potential of FLIMLIib fitting routines using FLIMJ connected with the
Image] colocalization plugin [45]. We use a ground truth generated from CX3CR1 GFP images
and use the NADH FLIM signal from the same field-of-views. The NADH FLIM data is then fit-
ted using two-component fit using FLIMJ, and the mean lifetime image is compared with the
ground truth image using the colocalization plugin [46]. The processing steps are described in
Fig 3A. Fig 3C shows the overlaid image of the mean lifetime (red) and antibody intensity
(green). Fig 3D shows the intensity histogram from the colocalization analysis using the coloc2
plugin, and the colocalization was ~33%. This colocalization can help us evaluate a score of
overlap between antibody channel and NADH-metabolism and extend the results into analysis
where a non-fluorescent antibody such as Ionized calcium-binding adaptor molecule 1 (ibal) is
used [39, 46]. The detailed biology and metabolic interpretations are reported elsewhere [46].

A
Analysis Workflow
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Fig 3. Microglia colocalization analysis using NADH FLIM and CX3CR1-GFP labels [39, 46]. A) The analysis workflow describing how microglia are visualized
using a specific antibody, followed by NADH FLIM acquisition and FLIM]J analysis B) NADH FLIM data analysis using 2-component fit in FLIMJ-UL Users can
choose the intensity threshold, kernel size, fitting model, noise model, model restraints, and the number of components. The single curve fit is fast, and the “Fit Dataset”
button performs fits for all the pixels. The fit result and fitting-parameters can be exported from the export tab on the lower right part of the UL C) Overlaid images of
antibody (green) and lifetime image (red) to show the pixels with overlapping NADH and GFP signal. D) Coloc2 analysis of mean lifetime and microglia antibody

image.

https://doi.org/10.1371/journal.pone.0238327.9003

PLOS ONE | https://doi.org/10.1371/journal.pone.0238327 December 30, 2020

10/18


https://doi.org/10.1371/journal.pone.0238327.g003
https://doi.org/10.1371/journal.pone.0238327

PLOS ONE Open-source ImagedJ toolkit for fluorescence lifetime image data analysis

Method validation

We validated the lifetime value estimations of FLIMLIb (see Fig 4) using a FLIM image of a fluo-
rescence standard: fluorescein in water with a known lifetime of 4.0 ns [47]. The results were
compared with the conventional fitting routine provided by the hardware vendor (SPCImage)
and using the FLIMJ/FLIMLIb routine. The data were analyzed using a 3x3 kernel and fit to a
single component model in the LMA setting for both analyses. The vendor’s routine results in
an identical distribution to FLIMLIib fitting results. The fitting results shown here are derived by
setting the offset value to fixed numbers and fitting for the two parameters: lifetime and ampli-
tude. The average fitting time for SPCImage and FLIM] is identical for similar fitting parame-
ters. There is an apparent change in speed when spatial binning is changed. FLIM]J performs
spatial binning by convolving the input data with the kernel using FFT, and this operation is
separate from the fitting, while SPCImage calculates the kernel every time within the fitting rou-
tine. The calculation times were computed for SPCImage 7.4 and flimj-ops 2.0.0 on the same
computer. Neither of these comparisons used GPU optimization for testing, which could be
advantageous for fitting large image datasets with homogenous fitting parameters.

We tested different fitting routines available within the flimj-ops framework (Refer to Fig
5). Two data sets were simulated for testing: 1) one component model and 2) a two-component
model. The one component model was used to compare results from LMA, Phasor, and RLD
methods. Fit results were plotted against the ground truth values, and a linear ~1:1 relation
was seen between these three commonly used fitting methods. We also tested the phasor plots
and found the phasors for single component lifetime curves fit on the universal circle. The uni-
versal phasor circle is plotted based on the fitting range. In the simulations, we used a 117
MHz universal circle to match the fitting range, instead of the more common 80 MHz plot
(matched to the repetition rate of the laser used) [48]. When compared to other available com-
mercial software bundles, two significant advantages of our library are its ability to use the
Bayesian lifetime estimation method and Global fitting routines [32, 49]. We validated the fit-
Bayes function on the same one component dataset. However, Bayesian estimates work best at
low photon images and low-light FLIM experiments. For a practical comparison, we simulated

A Fitting representation of Data B Fitless representation of Data
3000 —— LMA SPCImage /%% S
=== LMA FLIM] ri
] ‘|‘ 0.4
2000 grosps J i\ To= 3.9
I4.'7'5‘.' ' | i\ 0o Tm=4.5
(ns) /] i\ ' Fluorescein solution
1000 EE { L4 .
Ese 0 / o \ 0.0
7~ S \ N
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I I ] | I | | I I
3.0 3.5 4.0 4.5 (ns) 00 02 04 06 08 1.0

g

Fig 4. A) Validation of FLIMLib LMA lifetime estimation against hardware vendor-provided software (SPCImage) for fluorescein in water. B) The phasor plot for
the data is also shown as a proof of principle of the FLIMLib Phasor function for fit-less estimation of lifetime parameters. The two parallels of lifetime histograms
and phasor plots are the current laboratory standards for FLIM analysis. The phasor is plotted on a universal circle derived from the endpoints of the fit-range (117
MHz).

https://doi.org/10.1371/journal.pone.0238327.9004
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a noisy dataset by sampling only a fraction of the photons from the original decay curve
(ground truth). We simulated nine datasets with varying the fraction of photons: 10% to 90%
of total photons from the curve with an increment of 10%. We compared the results of LMA
and Bayes obtained by fitting this noisy or partial data against the results from clean decay
curve fit.

Both clean and noisy data were simulated on the same image, as shown in Fig 5. A sample
intensity/photon distribution of 10%, 50%, and 90% data is shown in Fig 5F, along with repre-
sentative decay curves from the noisy data at 4 ns. When compared with LMA, Bayes fits have
a smaller difference to the clean curve fits. This can be seen in the comparison panels Fig 5G
and 5H. Fig 5H shows all the sampled lifetime values (0.2 to 6.0 ns, 32 points) for all nine lim-
ited-photon data. The mean difference (mean across all pixels of the same ground-truth life-
time value) of the noisy-data lifetime estimate to the clean-data lifetime estimate is plotted as
one data point. This difference is better revealed in Fig 5G, where 10% and 90% photon data
are compared. Bayes fits show a low variation in comparison to LMA, but more importantly,
the Bayes fit with 10% photons data is able to accurately match the characteristics of the clean
curve better than LMA fits with as high as 90% photons.

For validating Global fitting, we simulated a spatially varying two-component model Refer
to Fig 6). We demonstrate the fitting results from data simulated by two fluorescent species
(Fig 6A and 6B) with fixed lifetime values (0.4 ns and 2.1 ns), with spatially varying fractions.
These values were chosen as an example of widely used autofluorescence FLIM analyses of
NAD(P)H and FAD (50, 51]. In the FLIM data shown, the top left is 100% species A and the
bottom right is purely species B. The image is made of 128x128 pixels. We tested all the avail-
able fitting models on this dataset to estimate the time taken by each method (without any spa-
tial binning). The measured timings were: fitLMA required ~1 second, fitGlobal ~0.5
seconds, fitRLD ~0.16 seconds, fitPhasor ~0.27 seconds, and fitBayes ~0.95 sec (using I-com-
ponent. fitBayes is currently implemented only for 1-component analysis).

Discussion

In this paper, we presented FLIMJ, an open-source toolkit for curve fitting and analysis of life-
time responses. We demonstrated how it could be integrated with a variety of Image] work-
flows, including segmentation, colocalization, and cross-language analysis for Python. The use
of the toolkit is also possible from other languages such as JavaScript, Groovy, or the R statis-
tics package.

FLIM]J is powered by the FLIMLIib library, which includes a range of fitting routines for life-
time data based on Levenberg-Marquardt [30], Bayesian [27, 49] as well as analysis tools such as
the phasor method [25] and rapid lifetime determination method [29]. FLIM]J supports nonlin-
ear least-squares fitting (NLS) [52] and Maximum likelihood estimation (MLE) minimization
methods [53]. With support from the Image] Ops algorithmic framework, FLIM] Ops can
extend the usage of FLIMLib functions beyond plain curve fitting and seamlessly incorporates
them with Ops-based image analysis workflows. The described analysis tools of FLIMJ can be
used for a wide range of FLIM experiments. FLIM applications include simple detection of a
change in lifetime due to a change in the chemical environment [54], such as viscosity [33].
More advanced experiments, such as the detection of FRET, are possible with FLIMJ. Biologi-
cally useful analysis extensions are also possible based on this core algorithmic functionality,
such as global analysis, to increase the signal to noise ratio in lifetime invariant systems. Support
analysis conclusions to determine the “confidence” in the fitted parameters using chi-squared
maps, and model selection options to help selection of the most appropriate model for the data
are all critical tools in a FLIM analysis toolbox, that are also available in FLIM]J.
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Fig 5. FLIM Validation using a simulated dataset for 1-component fitting. The lifetime values range from 0.2 ns to 6.0 ns that fit within the fitting range of 10 ns. A)
Ground truth lifetime distribution. B) Ground truth is compared against lifetime estimates obtained using B) LMA, C) RLD, and D) Phasor. The insets in panels B-D
shows the maps of lifetime estimates generated by each method. E) The phasor plot for the estimates shown in panel D. Panels F-H) shows how Bayesian fits generate a
better accuracy in low-photon decay curves. F) The ground truth data was trimmed down to a fraction of total photons (10% - 90%). The data is divided diagonally half
as noisy and clean. Three representative images of 10%, 50%, and 90% of total photons are compared for total photons and a sample decay curve at 4ns. A different
color-map is used here to highlight that this is the photon counts and not the lifetime map. G, H) The differences between fit results of the noisy (10% - 90% photons)
and clean decay curves of a range of lifetime values (0.2-6.0 ns) are presented in panel H. The LMA distribution shows a larger variance at lower photons in comparison
to Bayes. Bayes fit gives a better representation to the clean curve than LMA with as low as 10% total photons. Panel G compares two representative distribution of
photons: 10% and 90% for both Bayes and LMA. Bayes converges approximately four times better than LMA. The inset in panel G shows how the values are extracted
for 32-lifetime value.

https://doi.org/10.1371/journal.pone.0238327.9005
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Fig 6. FLIM Validation using simulated 2-component lifetime data. The figure shows the simulated data with fixed lifetime values, 2.1 ns, and 0.4 ns. A) The
intensity image for the simulated dataset is shown here. Note that this scale is for photons. B) Five sample lifetime curves are shown to demonstrate the variation in their
intensity levels and decay rates. C) This panel compares the Global fitting routine and LMA for the two-component model. The color maps are the same between the
panels of each parameter. The three parameters shown are Z (offset), A1 (amplitude of species 1), and A2 (amplitude of species 2). Both LMA and Global fitting
reproduce the apparent fraction of two species, but we find that global fitting yields less noise and works twice as fast. (This dataset is provided in the SCIFIO sample
datasets or https://samples.scif.io/Gray-FLIM-datasets.zip).

https://doi.org/10.1371/journal.pone.0238327.9006

Although FLIM]J has successfully integrated FLIM analysis into Image] as an image analysis
workflow, several improvements can be made. This may be mitigated by introducing global opti-
mization algorithms before and/or after the fit. Further, although the fitting routines have been
verified with data from our laboratory, more validation can be done as users start to use FLIMJ
on theirs collected from different systems. We also plan to improve FLIMJ Ops and FLIMJ-UI in
terms of usability. Until the current stage of development, more of the effort has been put on
implementing new features than on demonstrating the existing ones. While the FLIM]J Ops land-
scape is being finalized, we will shift our focus towards updating and creating demonstrative tuto-
rials using the Image] Wiki page or Jupyter Notebooks. Other usability improvements may
include allowing saving of fitting configurations as a workspace file as in TRI2, implementing
batch-fitting in the GUI, and packaging FLIM]J as standalone runnable for those without access to
Image]. Much of the future work will also focus on further extending the functionality of FLIM]J.

Development and distribution of FLIMLib, in particular, will be aimed at the simultaneous
analysis of spectral, lifetime, and polarization information that is now routinely captured in
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some laboratories [20, 55, 56]. This is an area in which novel advanced analysis is needed, espe-
cially as photon numbers from biological samples are limited [57], and the addition of more
dimensions of measurement (i.e. time, spectrum, polarization) can result in a very small num-
ber of photon counts per measurement channel. Although the current implementation of
FLIMLIb has been able to deliver a decent throughput, it can still be further optimized for
speed and simplicity by depending on open-source libraries such as GSL and Boost, which
yields benefit to throughput-demanding applications, including machine learning-assisted
FLIM analysis. Lastly, as Fiji continues to be optimized for speed and performance and
explores parallelization and possible GPU based applications, these are areas where improved
FLIM analysis performance can be evaluated as well.

Acknowledgments

We acknowledge B. Vojnovic, S. Ameer-Beg and J. Gilbey for their significant contributions to
the development of the original algorithms in TRI2, ]. Nedbal for the MATLAB wrapper to
FLIMIib and M. Rowley and T. Coolen for the development of the Bayesian fitting algorithms.
We also thank T. Gregg, M. Merrins and B DeZonia for their useful input on the original ver-
sion of the program.

Author Contributions

Conceptualization: Paul R. Barber, Curtis T. Rueden, Kevin W. Eliceiri.

Formal analysis: Dasong Gao, Paul R. Barber, Jenu V. Chacko, Md. Abdul Kader Sagar.
Funding acquisition: Kevin W. Eliceiri.

Investigation: Dasong Gao, Paul R. Barber, Jenu V. Chacko, Md. Abdul Kader Sagar, Curtis
T. Rueden, Aivar R. Grislis, Mark C. Hiner, Kevin W. Eliceiri.

Methodology: Dasong Gao, Paul R. Barber, Md. Abdul Kader Sagar, Curtis T. Rueden, Aivar
R. Grislis, Mark C. Hiner, Kevin W. Eliceiri.

Project administration: Kevin W. Eliceiri.

Resources: Paul R. Barber, Kevin W. Eliceiri.

Software: Dasong Gao, Paul R. Barber, Jenu V. Chacko, Md. Abdul Kader Sagar, Curtis T.
Rueden, Aivar R. Grislis, Mark C. Hiner.

Supervision: Kevin W. Eliceiri.

Validation: Paul R. Barber, Jenu V. Chacko.

Visualization: Jenu V. Chacko.

Writing - original draft: Dasong Gao, Paul R. Barber, Curtis T. Rueden, Kevin W. Eliceiri.

Writing - review & editing: Dasong Gao, Paul R. Barber, Jenu V. Chacko, Md. Abdul Kader
Sagar, Curtis T. Rueden, Mark C. Hiner, Kevin W. Eliceiri.

References

1. Kodnig K, Uchugonova A, Gorjup E. Multiphoton fluorescence lifetime imaging of 3D-stem cell spheroids
during differentiation. Microsc Res Tech. 2011; 74: 9-17. https://doi.org/10.1002/jemt.20866 PMID:
21181704

2. Rueden CT, Conklin MW, Provenzano PP, Keely PJ, Eliceiri KW. Nonlinear optical microscopy and
computational analysis of intrinsic signatures in breast cancer. 2009 Annual International Conference of

PLOS ONE | https://doi.org/10.1371/journal.pone.0238327 December 30, 2020 15/18


https://doi.org/10.1002/jemt.20866
http://www.ncbi.nlm.nih.gov/pubmed/21181704
https://doi.org/10.1371/journal.pone.0238327

PLOS ONE

Open-source Imaged toolkit for fluorescence lifetime image data analysis

10.

11.

12

13.

14.

15.

16.

17.

18.

19.

20.

21.

22,

23.

the IEEE Engineering in Medicine and Biology Society. 2009. pp. 4077—-4080. https://doi.org/10.1109/
IEMBS.2009.5334523 PMID: 19964821

Klymchenko AS, Kreder R. Fluorescent Probes for Lipid Rafts: From Model Membranes to Living Cells.
Chem Biol. 2014; 21: 97-113. https://doi.org/10.1016/j.chembiol.2013.11.009 PMID: 24361047

Sekar RB, Periasamy A. Fluorescence resonance energy transfer (FRET) microscopy imaging of live
cell protein localizations. J Cell Biol. 2003; 160: 629-633. https://doi.org/10.1083/jcb.200210140 PMID:
12615908

Becker W, Bergmann A, Hink MA, Kénig K, Benndorf K, Biskup C. Fluorescence lifetime imaging by
time-correlated single-photon counting. Microsc Res Tech. 2004; 63: 58—66. https://doi.org/10.1002/
jemt.10421 PMID: 14677134

Lakowicz JR, editor. Frequency-Domain Lifetime Measurements. Principles of Fluorescence Spectros-
copy. Boston, MA: Springer US; 2006. pp. 157-204. https://doi.org/10.1007/978-0-387-46312-4_5

Webb SED, Gu Y, Lévéque-Fort S, Siegel J, Cole MJ, Dowling K, et al. A wide-field time-domain fluo-
rescence lifetime imaging microscope with optical sectioning. Rev Sci Instrum. 2002; 73: 1898-1907.
https://doi.org/10.1063/1.1458061

Buurman EP, Sanders R, Draaijer A, Gerritsen HC, Veen JJF van, Houpt PM, et al. Fluorescence life-
time imaging using a confocal laser scanning microscope. Scanning. 1992; 14: 155—-159. https://doi.
org/10.1002/sca.4950140305

Emptage NJ. Fluorescent imaging in living systems. Curr Opin Pharmacol. 2001; 1: 521-525. https://
doi.org/10.1016/s1471-4892(01)00090-x PMID: 11764779

Bird DK, Yan L, Vrotsos KM, Eliceiri KW, Vaughan EM, Keely PJ, et al. Metabolic Mapping of MCF10A
Human Breast Cells via Multiphoton Fluorescence Lifetime Imaging of the Coenzyme NADH. Cancer
Res. 2005; 65: 8766—8773. https://doi.org/10.1158/0008-5472.CAN-04-3922 PMID: 16204046

Castello M, Tortarolo G, Buttafava M, Deguchi T, Villa F, Koho S, et al. A robust and versatile platform
for image scanning microscopy enabling super-resolution FLIM. Nat Methods. 2019; 16: 175-178.
https://doi.org/10.1038/s41592-018-0291-9 PMID: 30643212

Sun'Y, Phipps J, Meier J, Hatami N, Poirier B, S Elson D, et al. Endoscopic Fluorescence Lifetime Imag-
ing for In Vivo Intraoperative Diagnosis of Oral Carcinoma. Microsc Microanal. 2013; 19: 1-8. hitps://
doi.org/10.1017/S1431927613001530 PMID: 23702007

Studier H, Weisshart K, Holub O, Becker W. Megapixel FLIM. Multiphoton Microscopy in the Biomedical
Sciences XIV. International Society for Optics and Photonics; 2014. p. 89481K.

Warren SC, Margineanu A, Alibhai D, Kelly DJ, Talbot C, Alexandrov Y, et al. Rapid Global Fitting of
Large Fluorescence Lifetime Imaging Microscopy Datasets. PLOS ONE. 2013; 8: €70687. https://doi.
org/10.1371/journal.pone.0070687 PMID: 23940626

Barber P r, Ameer-Beg S m, Gilbey J, Carlin L m, Keppler M, Ng T ¢, et al. Multiphoton time-domain fluo-
rescence lifetime imaging microscopy: practical application to protein—protein interactions using global
analysis. J R Soc Interface. 2009; 6: S93-S105. https://doi.org/10.1098/rsif.2008.0451.focus

Schneider CA, Rasband WS, Eliceiri KW. NIH Image to ImageJ: 25 years of image analysis. Nat Meth-
ods. 2012; 9: 671-675. https://doi.org/10.1038/nmeth.2089 PMID: 22930834

Schindelin J, Arganda-Carreras |, Frise E, Kaynig V, Longair M, Pietzsch T, et al. Fiji: an open-source
platform for biological-image analysis. Nat Methods. 2012; 9: 676-682. https://doi.org/10.1038/nmeth.
2019 PMID: 22743772

Rueden CT, Schindelin J, Hiner MC, DeZonia BE, Walter AE, Arena ET, et al. ImageJ2: ImageJ for the
next generation of scientific image data. BMC Bioinformatics. 2017; 18: 529. https://doi.org/10.1186/
$12859-017-1934-z PMID: 29187165

Barber PR, Ameer-Beg SM, Gilbey JD, Edens RJ, Ezike |, Vojnovic B. Global and pixel kinetic data
analysis for FRET detection by multi-photon time-domain FLIM. Multiphoton Microscopy in the Biomedi-
cal Sciences V. International Society for Optics and Photonics; 2005. pp. 171-181.

Rueden C, Eliceiri KW, White JG. VisBio: A Computational Tool for Visualization of Multidimensional
Biological Image Data. Traffic. 2004; 5: 411-417. https://doi.org/10.1111/.1600-0854.2004.00189.x
PMID: 15117315

Press WH, Teukolsky SA, Vetterling WT, Flannery BP. Numerical recipes 3rd edition: The art of scien-
tific computing. Cambridge university press; 2007.

Arganda-Carreras |, Kaynig V, Rueden C, Eliceiri KW, Schindelin J, Cardona A, et al. Trainable Weka
Segmentation: a machine learning tool for microscopy pixel classification. Bioinformatics. 2017; 33:
2424-2426. https://doi.org/10.1093/bicinformatics/btx180 PMID: 28369169

Hiner MC, Rueden CT, Eliceiri KW. SCIFIO: an extensible framework to support scientific image for-
mats. BMC Bioinformatics. 2016; 17: 521. https://doi.org/10.1186/s12859-016-1383-0 PMID: 27927161

PLOS ONE | https://doi.org/10.1371/journal.pone.0238327 December 30, 2020 16/18


https://doi.org/10.1109/IEMBS.2009.5334523
https://doi.org/10.1109/IEMBS.2009.5334523
http://www.ncbi.nlm.nih.gov/pubmed/19964821
https://doi.org/10.1016/j.chembiol.2013.11.009
http://www.ncbi.nlm.nih.gov/pubmed/24361047
https://doi.org/10.1083/jcb.200210140
http://www.ncbi.nlm.nih.gov/pubmed/12615908
https://doi.org/10.1002/jemt.10421
https://doi.org/10.1002/jemt.10421
http://www.ncbi.nlm.nih.gov/pubmed/14677134
https://doi.org/10.1007/978-0-387-46312-4_5
https://doi.org/10.1063/1.1458061
https://doi.org/10.1002/sca.4950140305
https://doi.org/10.1002/sca.4950140305
https://doi.org/10.1016/s1471-4892(01)00090-x
https://doi.org/10.1016/s1471-4892(01)00090-x
http://www.ncbi.nlm.nih.gov/pubmed/11764779
https://doi.org/10.1158/0008-5472.CAN-04-3922
http://www.ncbi.nlm.nih.gov/pubmed/16204046
https://doi.org/10.1038/s41592-018-0291-9
http://www.ncbi.nlm.nih.gov/pubmed/30643212
https://doi.org/10.1017/S1431927613001530
https://doi.org/10.1017/S1431927613001530
http://www.ncbi.nlm.nih.gov/pubmed/23702007
https://doi.org/10.1371/journal.pone.0070687
https://doi.org/10.1371/journal.pone.0070687
http://www.ncbi.nlm.nih.gov/pubmed/23940626
https://doi.org/10.1098/rsif.2008.0451.focus
https://doi.org/10.1038/nmeth.2089
http://www.ncbi.nlm.nih.gov/pubmed/22930834
https://doi.org/10.1038/nmeth.2019
https://doi.org/10.1038/nmeth.2019
http://www.ncbi.nlm.nih.gov/pubmed/22743772
https://doi.org/10.1186/s12859-017-1934-z
https://doi.org/10.1186/s12859-017-1934-z
http://www.ncbi.nlm.nih.gov/pubmed/29187165
https://doi.org/10.1111/j.1600-0854.2004.00189.x
http://www.ncbi.nlm.nih.gov/pubmed/15117315
https://doi.org/10.1093/bioinformatics/btx180
http://www.ncbi.nlm.nih.gov/pubmed/28369169
https://doi.org/10.1186/s12859-016-1383-0
http://www.ncbi.nlm.nih.gov/pubmed/27927161
https://doi.org/10.1371/journal.pone.0238327

PLOS ONE

Open-source Imaged toolkit for fluorescence lifetime image data analysis

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42,

43.

44.

Sharman KK, Periasamy A, Ashworth H, Demas JN. Error Analysis of the Rapid Lifetime Determination
Method for Double-Exponential Decays and New Windowing Schemes. Anal Chem. 1999; 71: 947—
952. https://doi.org/10.1021/ac981050d PMID: 21662765

Digman MA, Caiolfa VR, Zamai M, Gratton E. The Phasor Approach to Fluorescence Lifetime Imaging
Analysis. Biophys J. 2008; 94: L14-L16. https://doi.org/10.1529/biophysj.107.120154 PMID: 17981902

Wouters FS, Esposito A. Quantitative analysis of fluorescence lifetime imaging made easy. HFSP J.
2008; 2: 7-11. https://doi.org/10.2976/1.2833600 PMID: 19404448

Rowley M, Coolen AC, Vojnovic B, Barber PR. Robust Bayesian fluorescence lifetime estimation,
decay model selection and instrument response determination for low-intensity FLIM imaging. PLoS
One. 2016; 11: e0158404. https://doi.org/10.1371/journal.pone.0158404 PMID: 27355322

Linkert M, Rueden CT, Allan C, Burel J-M, Moore W, Patterson A, et al. Metadata matters: access to
image data in the real world. J Cell Biol. 2010; 189: 777—-782. https://doi.org/10.1083/jcb.201004104
PMID: 20513764

Ballew RM, Demas JN. An error analysis of the rapid lifetime determination method for the evaluation of
single exponential decays. Anal Chem. 1989; 61: 30—33. https://doi.org/10.1021/ac00176a007

Levenberg K. A method for the solution of certain non-linear problems in least squares. Q Appl Math.
1944; 2: 164-168.

Laurence TA, Chromy BA. Efficient maximum likelihood estimator fitting of histograms. Nat Methods.
2010; 7: 338-339. https://doi.org/10.1038/nmeth0510-338 PMID: 20431544

Verveer PJ, Squire A, Bastiaens PIH. Global Analysis of Fluorescence Lifetime Imaging Microscopy
Data. Biophys J. 2000; 78: 2127-2137. https://doi.org/10.1016/S0006-3495(00)76759-2 PMID:
10733990

Pelet S, Previte MJR, Laiho LH, So PTC. A Fast Global Fitting Algorithm for Fluorescence Lifetime
Imaging Microscopy Based on Image Segmentation. Biophys J. 2004; 87: 2807-2817. https://doi.org/
10.1529/biophysj.104.045492 PMID: 15454472

Parsons M, Monypenny J, Ameer-Beg SM, Millard TH, Machesky LM, Peter M, et al. Spatially Distinct
Binding of Cdc42 to PAK1 and N-WASP in Breast Carcinoma Cells. Mol Cell Biol. 2005; 25: 1680—
1695. https://doi.org/10.1128/MCB.25.5.1680-1695.2005 PMID: 15713627

Rueden C, Dietz C, Horn M, Schindelin J, Northan B, Berthold M, et al. ImageJ Ops [Software]. Online
Publ Httpimagej NetimageJOps. 2016.

Barber PR, Weitsman G, Lawler K, Barrett JE, Rowley M, Rodriguez-Justo M, et al. HER2-HER3 Het-
erodimer Quantification by FRET-FLIM and Patient Subclass Analysis of the COIN Colorectal Trial.
JNCI J Natl Cancer Inst. 2020 [cited 7 Jul 2020]. https://doi.org/10.1093/jnci/djz231 PMID: 31851321

Weitsman G, Barber PR, Nguyen LK, Lawler K, Patel G, Woodman N, et al. HER2-HER3 dimer quantifi-
cation by FLIM-FRET predicts breast cancer metastatic relapse independently of HER2 IHC status.
Oncotarget. 2016; 7: 51012-51026. https://doi.org/10.18632/oncotarget.9963 PMID: 27618787

Barber PR, Tullis IDC, Rowley MI, Martins CD, Weitsman G, Lawler K, et al. The Gray Institute open
microscopes applied to radiobiology and protein interaction studies. Three-Dimensional and Multidi-
mensional Microscopy: Image Acquisition and Processing XXI. International Society for Optics and
Photonics; 2014. p. 89490D.

Sagar MAK, Ouellette JN, Cheng KP, Williams JC, Watters JJ, Eliceiri KW. Microglia activation visuali-
zation via fluorescence lifetime imaging microscopy of intrinsically fluorescent metabolic cofactors. Neu-
rophotonics. 2020; 7: 035003. https://doi.org/10.1117/1.NPh.7.3.035003 PMID: 32821772

Sagar MAK, Cheng KP, Ouellette J, Williams JC, Watters JJ, Eliceiri K. Fluorescence lifetime-based
intrinsic metabolic signatures of microglia cell (Conference Presentation). Light in Nature VII. Interna-
tional Society for Optics and Photonics; 2019. p. 110990C. https://doi.org/10.1117/12.2529349

Alfonso-Garcia A, Smith TD, Datta R, Luu TU, Gratton E, Potma EO, et al. Label-free identification of
macrophage phenotype by fluorescence lifetime imaging microscopy. J Biomed Opt. 2016; 21: 046005.
https://doi.org/10.1117/1.JB0O.21.4.046005 PMID: 27086689

Healy S, McMahon J, Owens P, Dockery P, FitzGerald U. Threshold-based segmentation of fluorescent
and chromogenic images of microglia, astrocytes and oligodendrocytes in FIJI. J Neurosci Methods.
2018; 295: 87—103. https://doi.org/10.1016/j.jneumeth.2017.12.002 PMID: 29221640

Datta R, Heaster TM, Sharick JT, Gillette AA, Skala MC. Fluorescence lifetime imaging microscopy:
fundamentals and advances in instrumentation, analysis, and applications. J Biomed Opt. 2020; 25:
071208. https://doi.org/10.1117/1.JB0O.25.7.071203 PMID: 32406215

York EM, Weilinger NL, LeDue JM, MacVicar BA. Green fluorescent protein emission obscures meta-
bolic fluorescent lifetime imaging of NAD (P) H. Biomed Opt Express. 2019; 10: 4381-4394. https://doi.
org/10.1364/BOE.10.004381 PMID: 31565496

PLOS ONE | https://doi.org/10.1371/journal.pone.0238327 December 30, 2020 17/18


https://doi.org/10.1021/ac981050d
http://www.ncbi.nlm.nih.gov/pubmed/21662765
https://doi.org/10.1529/biophysj.107.120154
http://www.ncbi.nlm.nih.gov/pubmed/17981902
https://doi.org/10.2976/1.2833600
http://www.ncbi.nlm.nih.gov/pubmed/19404448
https://doi.org/10.1371/journal.pone.0158404
http://www.ncbi.nlm.nih.gov/pubmed/27355322
https://doi.org/10.1083/jcb.201004104
http://www.ncbi.nlm.nih.gov/pubmed/20513764
https://doi.org/10.1021/ac00176a007
https://doi.org/10.1038/nmeth0510-338
http://www.ncbi.nlm.nih.gov/pubmed/20431544
https://doi.org/10.1016/S0006-3495(00)76759-2
http://www.ncbi.nlm.nih.gov/pubmed/10733990
https://doi.org/10.1529/biophysj.104.045492
https://doi.org/10.1529/biophysj.104.045492
http://www.ncbi.nlm.nih.gov/pubmed/15454472
https://doi.org/10.1128/MCB.25.5.1680-1695.2005
http://www.ncbi.nlm.nih.gov/pubmed/15713627
https://doi.org/10.1093/jnci/djz231
http://www.ncbi.nlm.nih.gov/pubmed/31851321
https://doi.org/10.18632/oncotarget.9963
http://www.ncbi.nlm.nih.gov/pubmed/27618787
https://doi.org/10.1117/1.NPh.7.3.035003
http://www.ncbi.nlm.nih.gov/pubmed/32821772
https://doi.org/10.1117/12.2529349
https://doi.org/10.1117/1.JBO.21.4.046005
http://www.ncbi.nlm.nih.gov/pubmed/27086689
https://doi.org/10.1016/j.jneumeth.2017.12.002
http://www.ncbi.nlm.nih.gov/pubmed/29221640
https://doi.org/10.1117/1.JBO.25.7.071203
http://www.ncbi.nlm.nih.gov/pubmed/32406215
https://doi.org/10.1364/BOE.10.004381
https://doi.org/10.1364/BOE.10.004381
http://www.ncbi.nlm.nih.gov/pubmed/31565496
https://doi.org/10.1371/journal.pone.0238327

PLOS ONE

Open-source Imaged toolkit for fluorescence lifetime image data analysis

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

Arena ET, Rueden CT, Hiner MC, Wang S, Yuan M, Eliceiri KW. Quantitating the cell: turning images
into numbers with Imaged. WIREs Dev Biol. 2017; 6: €260. https://doi.org/10.1002/wdev.260 PMID:
27911038

Sagar MAK, Cheng KP, Ouellette JN, Williams JC, Watters JJ, Eliceiri KW. Machine Learning Methods
for Fluorescence Lifetime Imaging (FLIM) Based Label-Free Detection of Microglia. Front Neurosci.
2020; 14. https://doi.org/10.3389/fnins.2020.00931 PMID: 33013309

Lee J, Chacko JV, Dai B, Reza SA, Sagar AK, Eliceiri KW, et al. Coding Scheme Optimization for Fast
Fluorescence Lifetime Imaging. ACM Trans Graph TOG. 2019; 38: 26:1-26:16. https://doi.org/10.1145/
3325136

Perinbam K, Chacko JV, Kannan A, Digman MA, Siryaporn A. A Shift in Central Metabolism Accompa-
nies Virulence Activation in Pseudomonas aeruginosa. Mbio. 2020;11. https://doi.org/10.1128/mBio.
02730-18 PMID: 32156820

Wang S, Chacko JV, Sagar AK, Eliceiri KW, Yuan M. Nonparametric empirical Bayesian framework for
fluorescence-lifetime imaging microscopy. Biomed Opt Express. 2019; 10: 5497-5517. https://doi.org/
10.1364/BOE.10.005497 PMID: 31799027

Chacko JV, Eliceiri KW. NAD (P) H fluorescence lifetime measurements in fixed biological tissues.
Methods Appl Fluoresc. 2019; 7: 044005. https://doi.org/10.1088/2050-6120/ab47e5 PMID: 31553966

Chacko JV, Eliceiri KW. Autofluorescence lifetime imaging of cellular metabolism: Sensitivity toward
cell density, pH, intracellular, and intercellular heterogeneity: FLIM sensitivity towards pH, heterogeneity
and confluency. Cytometry A. 2018; 95: 56-69. https://doi.org/10.1002/cyto.a.23603 PMID: 30296355

Fletcher R, Powell MJ. A rapidly convergent descent method for minimization. Comput J. 1963; 6: 163—
168.

Bajzer Z, Therneau TM, Sharp JC, Prendergast FG. Maximum likelihood method for the analysis of
time-resolved fluorescence decay curves. Eur Biophys J. 1991; 20: 247-262. https://doi.org/10.1007/
BF00450560

Gerritsen HC, Sanders R, Draaijer A, Ince C, Levine YK. Fluorescence lifetime imaging of oxygen in liv-
ing cells. J Fluoresc. 1997; 7: 11-15. https://doi.org/10.1007/BF02764572

Yan L, Rueden CT, White JG, Eliceiri KW. Applications of combined spectral lifetime microscopy for
biology. Biotechniques. 2006; 41: 249-257. https://doi.org/10.2144/000112251 PMID: 16989084

Hunt J, Keeble AH, Dale RE, Corbett MK, Beavil RL, Levitt J, et al. A Fluorescent Biosensor Reveals
Conformational Changes in Human Immunoglobulin E Fc IMPLICATIONS FOR MECHANISMS OF
RECEPTOR BINDING, INHIBITION, AND ALLERGEN RECOGNITION. J Biol Chem. 2012; 287:
17459-17470. https://doi.org/10.1074/jbc.M111.331967 PMID: 22442150

Zhao Q, Young IT, De Jong JGS. Photon budget analysis for fluorescence lifetime imaging microscopy.
J Biomed Opt. 2011; 16: 086007. https://doi.org/10.1117/1.3608997 PMID: 21895319

PLOS ONE | https://doi.org/10.1371/journal.pone.0238327 December 30, 2020 18/18


https://doi.org/10.1002/wdev.260
http://www.ncbi.nlm.nih.gov/pubmed/27911038
https://doi.org/10.3389/fnins.2020.00931
http://www.ncbi.nlm.nih.gov/pubmed/33013309
https://doi.org/10.1145/3325136
https://doi.org/10.1145/3325136
https://doi.org/10.1128/mBio.02730-18
https://doi.org/10.1128/mBio.02730-18
http://www.ncbi.nlm.nih.gov/pubmed/32156820
https://doi.org/10.1364/BOE.10.005497
https://doi.org/10.1364/BOE.10.005497
http://www.ncbi.nlm.nih.gov/pubmed/31799027
https://doi.org/10.1088/2050-6120/ab47e5
http://www.ncbi.nlm.nih.gov/pubmed/31553966
https://doi.org/10.1002/cyto.a.23603
http://www.ncbi.nlm.nih.gov/pubmed/30296355
https://doi.org/10.1007/BF00450560
https://doi.org/10.1007/BF00450560
https://doi.org/10.1007/BF02764572
https://doi.org/10.2144/000112251
http://www.ncbi.nlm.nih.gov/pubmed/16989084
https://doi.org/10.1074/jbc.M111.331967
http://www.ncbi.nlm.nih.gov/pubmed/22442150
https://doi.org/10.1117/1.3608997
http://www.ncbi.nlm.nih.gov/pubmed/21895319
https://doi.org/10.1371/journal.pone.0238327

