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Introduction: The development and application of new molecular diagnostic assays based on next-generation sequencing and proteomics require
improved methodologies for procurement of target cells from histological sections. Laser microdissection can successfully isolate distinct cells from
tissue specimens based on visual selection for many research and clinical applications. However, this can be a daunting task when a large number
of cells are required for molecular analysis or when a sizeable number of specimens need to be evaluated. Materials and Methods: To improve the
efficiency of the cellular identification process, we describe a microdissection workflow that leverages recently developed and open source image
analysis algorithms referred to as computer-aided laser dissection (CALD). CALD permits a computer algorithm to identify the cells of interest
and drive the dissection process. Results: We describe several “use cases” that demonstrate the integration of image analytic tools probabilistic
pairwise Markov model, ImagelJ, spatially invariant vector quantization (SIVQ), and eSeg onto the ThermoFisher Scientific ArcturusXT and
Leica LMD7000 microdissection platforms. Conclusions: The CALD methodology demonstrates the integration of image analysis tools with
the microdissection workflow and shows the potential impact to clinical and life science applications.
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and life science research fields by highlighting the complex and
heterogeneous pathophysiology that exists within tissues and
providing a new tool for interrogation. To date, there are over 4000
peer-reviewed publications in the literature using laser dissection
covering a range of topics, including the tumor microenvironment,
neuroscience and brain studies, plant genomics, and analysis of
infectious organisms and host response.”**!

INTRODUCTION

Laser microdissection facilitates procurement of a
phenotypically-defined cell population(s) from a tissue section or
cytology slide. Currently, there are four commercially available
microdissection devices and each instrument employs a slightly
different mechanism for dissection.!'! The ThermoFisher Scientific
ArcturusXT instrument is a dual laser system with an infrared (IR)
laser to capture single cell targets onto a film and an ultraviolet (UV)
laser to cut out large tissue areas. Alternatively, the Leica LMD7000
device employs only an UV laser to cut out target areas in the
tissue, dropping the isolated area by gravity into a capture vessel.

However, the time and labor required to identify and isolate
specific cells at high precision is a tedious user-driven process
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While both the ThermoFisher Scientific and Leica equipment have
optional rudimentary image processing packages (AutoScan and
AVC, respectively) to aid the microdissection process, these tools
have had limited utility. Regardless of the method or machine
used, laser dissection has significantly impacted the biomedical
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across all microdissection instruments and is a major drawback
of the technology when high-throughput capability is required.

To alleviate this limitation, we turned to the field of digital
pathology whole-slide imaging (WSI) to facilitate and
streamline the microdissection process. Advances in digital
imaging and pattern recognition algorithms improve the speed
and accuracy of identifying features for the pathologists;”?
which can then be adopted to aid in the cellular identification step
for the microdissection workflow. Although image-processing
applications in pathology date back to the 1950s,'3] there
are only a few applications that are routinely used today
for patient care, and the only one that has received FDA
approval, IHC quantification for clinical use (Leica
Biosystems Imaging, Inc.). However, the current and
newly developing analytic tools can quantify and classify
histological regions of interests (ROI) more effectively than
in the past, and these methods hold great potential to aid
investigators, pathologists, and other clinicians in a variety
of laboratory-based studies and diagnostic applications.[!4-2"!
In the present manuscript, we describe an algorithm agnostic
framework that incorporates computer algorithms (either
individually or multiple algorithms in a cascade fashion)
into the microdissection workflow [Figure 1], using both the
ThermoFisher Scientific ArcturusXT and Leica LMD7000
dissection platforms for specific use cases.

MareriaLs AND MEeTHODS

Tissue specimens

The prostate study was performed under a University of Michigan
IRB approved protocol and a material transfer agreement with
the NIH. Formalin-fixed, paraffin-embedded (FFPE) tissue/
cell block specimens were sectioned at a thickness of 5-7 .
All specimens were anonymized. The mouse kidney study
was performed under the University of Arkansas for Medical
Sciences IRB approved protocol. For additional information
regarding specimen handling, processing and sectioning,
please see Hanson et al. and Eberle et al.?!-?
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Figure 1: Schematic representation of the computer-aided laser dissection
workflow
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Histology slides

Three types of slides were used for the use cases. For
the ArcturusXT experiments, positive charged glass
(Superfrost Plus microscope slides, Thermo Scientific);
Arcturus PEN Membrane Glass Slides (ThermoFisher
Scientific); or Arcturus PEN Membrane Frame Slides
(ThermoFisher Scientific). For the Leica LMD7000, Frame
Slides with PET membrane, 1.4 um (Leica Microsystems);
or glass slides with membrane, 1.4 um (Leica Microsystems).

Specimen staining
Staining was performed as described previously for
hematoxylin and eosin staining.[!)

For immunohistochemical staining, sections were dewaxed
and rehydrated through xylenes and graded alcohols.
Heat-induced epitope retrieval (HIER) was performed using
heated citrate buffer (pH 6.0) (BioGenex). The primary
antibody to prostate-specific antigen (PSA) was diluted 1:50
in antibody diluent and incubated on the tissue for 30 min
at room temperature. The prediluted secondary antibody
(DAKO Envision + Dual Link) was incubated on the tissue for
30 min at room temperature. DAB solution was placed on the
tissue for 5—-10 min and the intensity of staining was observed
and stopped by placing the tissue in di H,O. After staining, the
tissue was dehydrated through graded alcohols and xylenes.

Imaging

Xylenes (Sigma Aldrich) or ethanol was used as a
pseudo-coverslip to improve image quality by alleviating
the refractive index mismatch between dry samples and
objective lens on the ThermoFisher Scientific ArcturusXT
device. Signature Series Cover Glass; 24 mm x 50 mm
(Thermo Scientific) was placed on the tissue with xylenes
or ethanol to improve the image quality. After the slide was
imaged, the coverslip was removed and placed back on the
stage for dissection maintaining the original orientation.

Instrumentation

ArcturusXT™ — [R and UV-cutting laser capture
microdissection (LCM) instrument. Arcturus CapSure Macro
LCM Caps (ThermoFisher Scientific,), QTAamp DNA Micro
Kit (Qiagen) were utilized with the ArcturusXT™ Laser
Microdissection Instrument (ThermoFisher Scientific) attached
to a personal computer.

Leica LMD7000 — UV laser microdissection (LMD) device
with max pulse energy 120 uJ, pulse frequency 10—-5000 Hz,
Wavelength 349 nm.

IHC — Handy Steamer (Black and Decker) was used for
HIER. Leica LMD7000 Laser Microdissection System (Leica
Microsystems).

Software

AutoScanXT — (ThermoFisher Scientific) An image analysis
program available as an add-on to the standard ArcturusXT
system. AutoScanXT allows the user to identify targets
of interest versus background to enable a semi-automated
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microdissection experience and more precise dissections.
AutoscanXT was used in the SIVQ workflow as previously
described.*

Probabilistic pairwise Markov model (PPMM) — An algorithm
that was used in the present study to identify prostate cancer
on histologic images.?** For access to the PPMM algorithm,
please contact Dr. Anant Madabhushi (anant.madabhushi@
case.edu).

ImagelJ (Version 1.47g, National Institutes of Health, https://
imagej.nih.gov/ij/index.html) — Images of stained cells
acquired using the ArcturusXT microscope were color inverted
so that the stained cells appeared bright in a dark background
by using the “edit-> invert” function. The inverted images
were converted to binary masks representative of the shapes
of the cells with an appropriate threshold selected manually by
using the “adjust-> threshold” function. The binary masks were
saved as a jpeg file followed by editing the header information
containing the spatial coordinates of the mask images
using a Hex editor software HxD (available at http://www.
download.com) so that the modified files could be imported
and read by the AutoScanXT software for segmentation-guided
LCM. The segmentation process was streamlined by scripting
the steps described above into an ImageJ macro program and
executing the script using “plugins->compile and run” function
in Image]. (http://rsbweb.nih.gov/ij/download.html).

Spatially invariant vector quantization (SIVQ) — A pattern
recognition algorithm useful for a variety of image recognition
tasks and formats (remote sensing, radiology, and others).**25-2]
This tool suite is publicly available for academic collaborations.
For access to the SIVQ algorithm, please contact Dr. Ulysses
Balis (Ulysses@med.umich.edu).

Extensible Segmentor (eSeg) — An image segmentation
software system currently under development was used in
the present study. For more information and access contact
Dr. Donald Johann (don.johann@gmail.com).

ResuLts

The goal of the present study was to evaluate the integration of
image analysis algorithms (both open-source and proprietary;
utilized either individually or in a cascade) to the ThermoFisher
Scientific ArcturusXT and Leica LMD7000 microdissection
platforms. In the five use cases described below, we show how
such algorithms can aid the speed of the cellular identification
and targeting steps in the microdissection workflow.

Use Case #1: Integration of probabilistic pairwise markov
model into the ArcturusXT laser capture microdissection
workflow

In the first example, we evaluated the use of the PPMMP4
algorithm for prostate cancer detection, which exploits the
presence of small, abnormally shaped glands with narrow
lumens within the tumor; a hallmark characteristic of prostate
cancer. PPMM identifies cancerous regions by evaluating the
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white spaces within the lumens analyzing their size, shape,
and proximity to other abnormal glands.?) The PPMM
was originally created to analyze high-resolution WSI data
sets.*Y However, for this study, it was adapted to work with
lower resolution jpeg images generated by the ArcturusXT
instrument. The ArcturusXT captures images in the jpeg format
affecting the image quality and resolution, which needs to be
considered and factored into future algorithm development
efforts. Moreover, the add-on software (AutoScan) acts as
a “bridge” for image analysis programs and needs to be
addressed for successful incorporation of PPMM.

Tissue sections from a human prostatectomy tissue block
containing a nodule of prostate cancer (Gleason Grade 3+3)
(also employed in Use Case #2 and #3) were cut onto glass
or membrane slides and stained with hematoxylin and eosin
(H&E). After H&E staining, a tiled X2 magnification image
was taken on the ArcturusXT [Figure 2a]. Xylenes were added
to the specimen to provide a pseudo-coverslip [Figure 2b]
allowing for image analysis. The regions that were identified
as “cancer” by the PPMM algorithm were annotated in red
[Figure 2c]. This annotation was then used as a guide for the
microdissection process.

Unlike in our previous study,!” where an image of a
single field of view (FOV) was directly imported into the
ArcturusXT AutoScan software after the x, y positional
coordinates were re-embedded into the image file, this was not
possible using tiled images for two reasons. First, tiled images
captured on the ArcturusXT do not contain positional X, y
coordinates, and second, there is a memory limitation (up to
80MB; personal communication) on AutoScan that does not
allow whole slide tiled images to be imported and analyzed.
Therefore, the annotated image was cropped [Figure 2d]. To
dissect a large area of tissue as that identified by the PPMM
algorithm, it is ideal to section the tissue onto a metal-framed
membrane slide. Thus, a serial section from the same tissue
block was cut onto a metal-framed membrane slide for the
dissection. The cropped PPMM annotated image had to be
flipped vertically to match the orientation of the tissue on the
membrane slide [Figure 2¢].

The correctly oriented, annotated image was then imported
into the AutoScan software on the ArcturusXT and the LCM
cap was placed on the ROI [Figure 2f] and a dissection
map was drawn using a freehand drawing tool based on the
annotation as described previously.”*! Due to the lack of x, y
coordinates, the default placement of the annotation map for
the AutoScan software was into the upper left corner of the
slide stage. Therefore, the annotation was selected, copied,
and then pasted where the original image was taken, using
the original PPMM analyzed image as a guide [Figure 2g].
The IR laser spots (which tack the tissue to the cap) could
not be automatically placed, so the microdissection map was
“nicked” by erasing a small portion of the outline and then
the gap was redrawn by the user, automatically placing the
appropriate IR spots.
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Figure 2: Probabilistic pairwise markov model-laser capture microdissection (a) A low power image of an uncoverslipped Haemotoxylin and Eosin
stained human prostate tissue section. (b) A low power image of the Haemotoxylin and Eosin stained tissue with the pseudo-coverslip. (c) Low power
image of Probabilistic pairwise Markov model -identified tumor region annotated in red. (d) High power view of the Probabilistic pairwise Markov model
area. (e) Pseudo-coverslipped image is rotated to fit. (f) Uncoverslipped sample at high power. (g) This image was imported into AutoScanXT and
dissected by the ArcturusXT. (h) Laser capture microdissection cap showing area that was dissected. (i) The remaining tissue in the section is shown

As expected, the precision of the algorithm was weaker than
previously reported on digital WSIs, due to the low resolution
of the jpeg image created by the ArcturusXT. However, the
tumor cells were identified and successfully microdissected
[Figure 2h and i]. Note that annotation regions cannot exceed
a 6 mm diameter area due to the limit of the LCM capsize.

Use Case #2: Integration of ImageJ with the ArcturusXT
laser capture microdissection workflow

The second algorithm uses the open-source image analysis
software suite ImageJ. Here we evaluated the identification
of prostate glands stained via immunohistochemistry (IHC),
using threshold-based segmentation.

A whole mount human prostate tissue section was
immunohistochemically (IHC) stained for PSA, which labeled
the prostate epithelial glands [Figure 3a]. The stained section
was then imaged on the ArcturusXT and a x10 FOV was
captured. A segmentation algorithm was written in ImageJ to
identify the stained glands.

The first step in developing the algorithm was the generation
of a binary mask image where the corresponding pixels
containing the identified glands were masked with opaque
red annotation [Figure 3b]. The mask image was then further
processed by the dilation function in Image] to fully cover
the corresponding area [Figure 3c]. Next, the X, y positional

coordinates of the original IHC image were copied to the header
of the mask image file, which was subsequently imported back
into the AutoScan program. AutoScan then drew a dissection
map, and the IHC stained prostate glands [Figure 3d] were
microdissected according to the locations of the annotation
mask [Figure 3e and f]. Using this approach, the [HC stained
tissue was successfully procured.

Use Case #3: The integration of SIVQ with probabilistic
pairwise markov model for the ArcturusXT laser capture
microdissection workflow

A recently described digital pathology algorithm is
Spatially Invariant Vector Quantization (SIVQ),?¢-301 a
user-friendly pattern recognition method applicable to
a wide variety of matching tasks for pathology images.
SIVQ was designed such that the user simply “clicks” on a
tissue/cellular or sub-cellular feature of interest within the
image and the algorithm then quickly (30—40 s) scans it for
similar targets based on morphologic features. The method
is typically employed in an iterative manner to continually
improve the match characteristics as the operator gains
experience in selecting predicate features of interest.
We have previously demonstrated a proof of principle
integration of SIVQ into the LCM workflow!*3! and
showed an algorithmic cascade approach for identifying
prostate tumor epithelium by combining PPMM with

Journal of Pathology Informatics -




J Pathol Inform 2018, 1:45

SIVQ.BY In this report, we further assessed the potential
implementation of the PPMM-SIVQ cascade onto the
ArcturusXT device for microdissection.

The third use case involved microdissection using an
algorithmic cascade for the specific identification of tumor cells
in a heterogeneous prostate tissue section. Similar to use case
#2, PPMM was initially used to identify the cancerous region(s)
in the tissue section; however, SIVQ was subsequently used
to augment the process and identify epithelial cells within the
PPMM- identified tumor region.

A recut tissue section from Use Case #1 was stained for PSA.
The PPMM annotation from Use Case #1 was then imported as
described above (the annotation from the PPMM analysis was

B
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cropped, but not flipped because the IHC staining had the correct
orientation) [Figure 4a]. An image was then taken from within the
PPMM annotation and exported for SIVQ analysis [Figure 4b].
Aring vector predicate image was captured from the IHC stained
area and used to identify the other stained regions [Figure 4c].
The SIVQ analysis was then reimported back to the ArcturusXT,
a microdissection map was created with AutoScan, and the
annotated PSA* glands were microdissected [Figure 4d].

To demonstrate additional utility, an H&E stained prostate tissue
recut section from use case #1 on a glass slide was imaged instead
of an immunostained slide [Figure 4¢]. An area within the PPMM
annotation was selected [Figure 4f] and analyzed using SIVQ.
Acring vector predicate image was captured from the epithelium
and used to identify additional epithelium [Figure 4g].

Figure 3: ImageJ (a) Uncoverlipped immuno-stained human prostate tissue. (b) ImageJ binary mask for the DAB stained areas. (c) ImageJ dilation
tool to increase coverage. (d) ImageJ imported into AutoScan software on the ArcturusXT. (e) Image of the laser capture microdissection cap after
dissection. (f) Tissue that remains behind after laser capture microdissection
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Figure 4: Probabilistic pairwise Markov model-SIVQ- laser capture microdissection (a) Probabilistic pairwise Markov model identified region on a
pseudo-coverslipped prostate tumor that was immunostained. (b) High magnification of the same region in (a). (c) SIVQ applied to the high-power
image. (d) Dissected cells on the laser capture microdissection cap. (e) Probabilistic pairwise Markov model of pseudo-coverslipped region. (f) High
magnification of the same region in (e). (g) SIVQ applied to the image. (h) Laser capture microdissection cap showing the dissected targets
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The annotated region was microdissected via the AutoScan
software and the ArcturusXT instrument [Figure 4h]. Due to the
low resolution of the image and morphologic heterogeneity of
the tumor epithelium, a small proportion of tumor epithelium
was not annotated for dissection.

Use Case #4: Integration of SIVQ with the Leica LMD7000
The next two use cases illustrate the integration of third-party
pattern matching and segmentation software with the Leica
LMD7000 system. This approach and implementation differed
from the ArcturusXT in that the Leica AutoShape software
subsystem was modified to accommodate the setup and running
of third-party tools. Furthermore, the specification of a generalized
communications strategy between third-party software and the
Leica laser dissection and tissue positioning subsystems was
required. Thus, an interface file was designed as the system
integration method that enabled the necessary communication
between the findings of a third-party pattern matching software
system (e.g., SIVQ) and then passing these tissue-specific
coordinates back to the Leica LMD7000 tissue positioning and
laser cutting subsystems. Finally, the operator reviewed, and edited
candidate tissue sites as needed for the laser dissection process.

A FFPE mouse kidney block was cut at the 5-u thickness,
deparaffinized, mounted on a Leica PET metal frame slide,
and stained with H&E [Figure 5a]. The image was enhanced
using xylenes as a pseudocoverslip [Figure 5b] and imported
into SIVQ where a nuclei-specific vector was selected for
pattern matching (red color) [Figure Sc]. The SIVQ mask was
imported into the Leica display console, and the nuclei were
dissected [Figure 5d-f].

Use Case #5: Integration of eSeg with the Leica LMD7000
Finally, using the Leica LMD7000, we evaluated the
integration of a novel segmentation algorithm called
Extensible Segmentor (eSeq). The same mouse kidney FFPE
tissue block and staining process as Use Case #4 were again
utilized, including the use of xylenes for a pseudocoverslip
[Figure 6a and b]. The results of eSeg pattern matching
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(green contours) for nuclei were identified [Figure 6¢]. The data
from eSeg were mported into the Leica LMD7000 instrument,
and the nuclear targets were dissected [Figure 6d-f].

Discussion

In this study, we presented the computer-aided laser
dissection (CALD) workflow with five use cases demonstrating
the integration of third-party software (individually or in
tandem) onto two different laser microdissection commercial
instruments (ThermoFisher Scientific ArcturusXT and
Leica LMD7000). Recent studies have revealed the use
of microdissection to obtain specific cell populations for
downstream molecular analysis, such as gene expression
arrays and proteomic studies.[>*382232331 However, there is
an unmet need to improve the speed, and overall usability
of laser microdissection to facilitate these studies as current
microdissection technologies limit the ability to dissect
specific cells in a rapid and semi-automated manner. The
use of algorithms, such as PPMM, Imagel, eSeg, and SIVQ
streamline this process and reduce the amount of user hands-on
operator time. Here, we sought to show the diversity in the
types of algorithms and LCM platforms that can be integrated
and utilized. One novelty of this work is the successful
application of algorithms that had originally been designed
for WSI to the field of LCM (PPMM, SIVQ). Moreover, we
have demonstrated a modular workflow where not only those
WSI algorithms but also custom software (eSeg, Imagel
plugins) can be applied to annotate tissue for microdissection.
This modularity will enable investigators to identify the right
algorithm for the LCM platform appropriate for their specific
application.

CALD-based dissection could become, especially important in
the burgeoning age of precision medicine. As molecular assays
become more sophisticated and potentially provide clinicians
with greater information, there likely will be a need to more
quickly obtain pure populations of the target tissue and thus
improve specificity. However, today, there are few clinical
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Figure 5: SIVQ with the Leica LMD7000 (a) Haemotoxylin and Eosin image of a formalin-fixed, paraffin-embedded mouse kidney tissue uncoverslipped.
(b) Same image as (a) with xylenes pseudocoverslip. (c) SIVQ selected the nuclear targets (red dots). (d) SIVQ output imported into Leica and green
contours are shown. (e) Leica software with imported SIVQ data. (f) Leica ultraviolet dissection of the target nuclei
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laboratories that employ LCM due to the time and effort
required to identify the cells of interest and the fact that there
has not been a strong clinical need for dissected cells. This may
be changing now in the era of precision medicine and the use
of image analysis algorithms, such as those presented here,
may be able to facilitate the implementation of microdissection
into the clinical workflow in the future.

The use of algorithm cascades (PPMM-SIVQ), as opposed to single
analytic image analysis methods, can be particularly beneficial for
improving the microdissection workflow and providing a means
to rapidly assess regions of tumor heterogeneity. For example,
PPMM can identify the tumor area in a WSI of a prostate tissue
section very rapidly and then SIVQ can be used to more finely
identify and tag the epithelial cells for microdissection. The use of
an algorithm that can quickly identify an area of interest (PPMM)
can greatly improve the speed of the cellular identification step
in the microdissection dissection workflow.

In the current practice, a pathologist highlights the tumor area
on a glass slide, and then a technician scrapes that area on a
serial unstained tissue section. Although this method is quick
and inexpensive, procurement of a mixed cell population may
negatively impact the molecular results and potentially patient
care. In addition, for cases that have tumor cells dispersed
throughout the specimen, the sample may either be rejected
or a repeat clinical biopsy procedure for the patient may be
required to obtain enough material for molecular analysis,
putting the patient at increased risk and increasing financial
costs associated with obtaining the proper diagnosis.

In addition to PPMM, there are some CAD algorithms that have
been developed to aid pathologists.'®**3"1 As we proceed forward,
it will be interesting to explore the use of these novel algorithms
to drive and guide the microdissection process. In the future,
it may be possible to employ new algorithms in a “plug and
play” fashion with the microdissection devices. Steps towards
this goal were illustrated with the Leica LMD7000 where two

http://www.jpathinformatics.org/content/9/1/45
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Figure 6: eSeg with the Leica LMD7000 (a) Deparaffinized, Haemotoxylin and Eosin stained tissue on a PET membrane metal frame slide. (b) Same
image as in (), but with the xylenes pseudocoverslip. (c) eSeg applied to the image and the green contours around the target nuclei are shown. (d) The
Leica display following transfer of pattern matching contours from eSeg integrated into the Leica LMD7000 workflow. (e) The Leica display console
screen following transfer of pattern matching contours from eSeg. (f) The Leica dissection following eSeg-based computer-aided laser dissection on
the LMD7000

different third-party pattern matching and segmentation tools
were integrated into the workflow in a fairly seamless manner.

Another microdissection tool, Expression Microdissection
(xMD), is not image driven and performs high-throughput
microdissection based on THC staining.?>3%4% Image analysis
tools, such as those described here, could enhance xMD by
providing an upfront image analysis step to identify specific
tumor regions (ex. PPMM) or limit the laser to only the
immunostained regions (ex. SIVQ). The combination of these
tools could further improve the microdissection workflow and
move the field toward user-independent dissections.

Despite these advancements, there are several limitations
that inhibit the implementation of algorithms into the
microdissection workflow. One of the major limitations is that
the current commercial technologies are not easily amenable to
integration. For example, there were some steps that had to be
leveraged to work around the limitations of the ArcturusXT and
LMD7000 software and instrumentation. For the ArcturusXT,
the computing limit and the ability to only export, analyze,
and import low-resolution jpeg images hampered our ability
to advance the technology. When integrating SIVQ with the
LMD7000 device, it was necessary to work directly with Leica
representatives to obtain access to their proprietary software,
which took additional time and effort. For the field to move
forward, the microdissection instrument companies will need
to appreciate the need for high-end computing and embrace
standards for open integration of third-party software.

Future directions

The algorithms for the region of interest detection and
segmentation used here are based on image processing and
traditional machine learning, engineering of morphological
or cytological features known to pathologists, and manual
adjustment of thresholds and parameters to optimize the
result. The advantages of these approaches are that they are
readily available without much training data, but they have
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several limitations: a large amount of manual intervention
is required, the precision of the dissection boundaries is
relatively low, and moreover, they can only capture ROI
that a human can identify. Recent advances in applying
deep learning to histopathological images!'®#¢! provide an
opportunity to overcome some of these limitations for LCM.
For instance, deep learning-based segmentation of the tissue
sample will allow for better scalability through reduced manual
intervention, enabling potentially a much larger number of
experiments to be performed. Even more importantly, it will
likely result in a higher precision of the dissection boundaries
and higher purity within each sample, which translates to an
increased signal-to-noise ratio of the molecular assay. Finally,
since the features detected by convolutional neural networks
are not predefined by the user but instead are learned by the
model itself, applying deep learning to LCM has the potential
of yielding ROI for sequencing that would not be detected by
a human.

ConcLusION

In summary, we present five CALD use cases that highlight
the integration of new computer algorithms (PPMM and
ImageJ) and combinatorial approaches (PPMM-SIVQ)
with microdissection on the Arcturus XT, to facilitate
the procurement of specific cell populations. In addition,
we demonstrate the integration of both SIVQ and a new
image segmenter named eSeg, onto the Leica LMD7000
microdissection device. This methodology highlights the
potential importance of applying image analysis tools to
improve the microdissection workflow for both clinical and
life science applications.
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