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Null Hypothesis: There is no correlations
between LRRC15 expression and the
occurrence of three specific types of innate
immune cells (myeloid-derived suppressor
cells, M2 macrophages and M1
macrophages).

Introduction

Leucine-rich repeat containing 15 protein
(LRRC15) is a cell-surface protein coded for
by a gene of varying length found on the
third of the 23 chromosome pairs which
make up the human genome (National
Library of Medicine, 2025). It consists
primarily of 15 consecutive leucine amino
acid molecules which form what is
predominantly an extracellular protein (Ray
U et al., 2022) found on a few specific cell
types. This expression pattern supports the
idea that LRRC15 is an extracellular
receptor which plays a role in cell-to-cell
adhesion, receptor-ligand binding and target
recognition (Krishnamurty A.T at el., 2022).
However, despite this knowledge, the
precise role of LRRC15 still remains
unknown. In order to further investigate the
location and function of LRRC15, tissue
samples can be exposed to specifically-
designed antibodies which often have
fluorophores — a type of molecule which
emits visible light after UV stimulation —
bound to their Fc region to enable
visualisation of LRRC15 within the tissue
(Thermo Fisher Scientific, 2025). This
method is known as immunofluorescence.
Alternatively, they can have a signal
molecule such as horseradish peroxidase
which, when exposed to other chemical
compounds, produces a visible colour by
causing precipitation of a coloured product
from a colourless precursor. This method is
known as immunohistochemistry (See
Figure 1).
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Figure 1.

The left of the diagram explains the process of using
immunohistochemistry to label and visualise specific
antigens within tissues. The right of the diagram displays the
process of using immunofluorescence to label and visualise
specific antigens within tissues.

(Kim et al., 2016)

LRRC15 is sparsely expressed in healthy
tissue, appearing almost exclusively in
innate immune barriers such as the cardia
and pylorus sections of the stomach, tonsils,
spleen, osteoblasts and hair follicles (Purcell
J.W et al., 2018) This is an indication as to
LRRC15’s involvement in innate immune
function. Furthermore, mutations in these
extracellular receptors have been seen to
occur in individuals with autoimmune
diseases such as Crohn’s disease, multiple
sclerosis and rheumatoid arthritis (Ray U et
al., 2022) However, LRRC15’s expression is
dysregulated in cancers; it has been
observed to be upregulated on the surface
of cancer cells themselves and is greatly
upregulated on cancer associated
fibroblasts (CAFs) (Ray U et al., 2022).
CAF’s role includes producing collagen
fibres which form part of the stroma — the
extracellular substance which serves as
scaffolding in between the sections of tissue
which are formed primarily of cancer cells
(Belhabib | et al., 2021). This selective
expression makes LRRC15 a very suitable
target for immunotherapy as it would result
in fewer of the unwanted side effects that
are caused by binding and activating of
therapeutic drugs in areas of the body other
than the tumour.




The tumour microenvironment (TME) can be
separated into components of cancer cells
and other components of stroma, the latter
comprising of fibrous extracellular matrix
proteins, such as collagen, elastin, and
polysaccharides, such as
glycosaminoglycans (Frantz C et al., 2010).
It contains a variety of different cell types
including fibroblasts, cancer associated
fibroblasts (CAFs), mesenchymal stem cells,
adipocytes and various immune cells (Ray U
et al., 2022). While this extracellular matrix
is involved in the structural integrity of the
TME, particular cells in the stroma also
influence the development of the cells
around them and thus are responsible for
their proliferation, migration, appearance
and function (Alberts B et al., 2002). The
structure of each TME is specific to different
types of tumours, and this is in part why
different cancers react in different ways to
the same treatments. For example, tumours
characterised by being particularly
vascularised would be best treated with a
drug which limits the development of new
blood vessels such as angiogenesis
inhibitors (National Cancer Institute, 2018),
while those with a greater proportion of
stroma would likely be best inhibited using
treatments which specifically target proteins
and receptors found more exclusively in
stroma, potentially like LRRC15.

Once activated, CAFs encourage
tumorigenesis, which is achieved through
immunomodaulation (this is the changing
availability of different types of immune cells
within the tumour, often leading to it having
a localised immunosuppressed state),
through angiogenesis (the growth of new
blood vessels which supply the tumour with
the required nutrients it needs to progress),
and metabolic remodelling (this involves a
shift from aerobic to anaerobic metabolism),
all of which encourage proliferation of the
tumour and resistance to therapy.

LRRC15 is also expressed on the apical
surface of trophoblast cells (Ray U et al.,
2022) — these are cells found on the surface
of the placenta which help it implant into the
uterine wall by infiltrating its surface. This
further exemplifies LRRC15’s likely role in
cell-to-cell adhesion and supports the theory
that LRRC15 may be involved in the
invasive nature of certain solid tumours.

This presence of LRRC15 in placental tissue
becomes even more interesting when we
consider the localised immunosuppression
found in pregnancy; while the mother is not
themselves immunosuppressed, there must
be an element of immunosuppression within
the uterus to prevent the maternal immune
system from attacking the developing foetus
whose paternal DNA is foreign to the
mother. This is achieved by the placenta,
which is another immune barrier.
Furthermore, fibroblasts are found in areas
of wound healing, producing collagen for the
formation of scar tissue to prevent bleeding
and cytokines for the recruitment of immune
cells to prevent infection (Ciadai F et al.,
2022).

The development of immunotherapy has
brought into scrutiny the immunology of the
tumour microenvironment. The presence of
different immune cells varies throughout the
stages of cancer, with exclusion of pro-
inflammatory immune cells and invasion of
anti-inflammatory immune cells being more
characteristic of later stage cancers with
worse prognoses — this results in the
reduced effectiveness of immunotherapy
against these later stage cancers. As noted
above, LRRC15 is implicated in having roles
in several different immunologically related
scenarios and since it is thought to also be
upregulated within the TME of certain
cancers, it has gained recent attention as a
possible localised immune regulator and
therefore a possible target for
immunotherapy. The three innate immune
cells which have been theorised within this
study to respond to the level of LRRC15 in
the TME, including M1 macrophages, M2
macrophages and myeloid-derived
suppressor cells (MDSCs). M1 and M2
macrophages are at opposite ends of an
inflammatory scale, with M1 macrophages
expressing primarily CD86 surface cell
markers and being the most pro-
inflammatory and phagocytic and M2
macrophages expressing primarily CD206
surface cell markers and being the most
anti-inflammatory and pro-fibrous repair.
However, macrophages can often be found
at a number of different positions along this
scale and their phenotype can shift along
the scale depending on environmental
conditions which are often determined by



CAFs in the stroma — this shift in phenotype
is called polarization (Strizova Z et al.,
2023). Moreover, MDSCs are
immunosuppressive cells which supress the
function of several cytotoxic immune cells
such as CD8+ T cells (Zhai Y et al., 2024)
and natural killer cells (Bruno A et al., 2019).
LRRC15 is theorised to aid in the decreased
occurrence of pro-inflammatory immune
cells such as M1 macrophages which are
thought to impede tumorigenesis, while it
decreases the expression of anti-
inflammatory immune cells which are
thought to contribute to tumorigenesis (Luo
F et al., 2025). This means that developing
a drug which could inhibit LRRC15 would
allow the re-entry of pro-inflammatory
immune cells into the TME in order to
destroy the cancer cells without causing
excessive adverse effects.

The purpose of this study is to investigate to
what extent LRRC15 controls the
immunological status of the TME by
controlling the presence of different innate
immune cells within the TME, and thereby
how LRRC15 may influence the metastasis
of tumours, which it has been noted to do
(Ray U et al., 2022). Understanding how
LRRC15’s role in controlling immunotherapy
affects prognosis would help us understand
which types of cancers would be most
susceptible to treatment by immunotherapy
and at which stage of their development.
Although we set out to use ovarian cancer
samples, we were not able to access the
necessary clinical data attached to the
samples to be able to complete our analysis,
therefore we have instead used melanoma
tissue samples.

Methodology

1) Multiplex Immunofluorescence

Three 4 micrometre-thick sections were cut
from a tissue microarray (TMA) formalin-
fixed paraffin-embedded (FFPE) recipient
block - which was created using 44
melanoma tumour sample cores of
melanoma tumour tissue with a diameter of
0.6mm - and dried onto glass slides at 65 °C
in an oven. Between the three sections this
gave a total of 132 cores. These slides were
dewaxed at 72°C for 30 seconds in dewax

solution (Leica biosystems, AR9222) and
then rehydrated using absolute alcohol and
0.5% Tris-buffered saline with Tween 20
(TBST) buffer. Antigens within the tissue
cores often become masked during fixation
into the FFPE blocks, so antigen retrieval
must be performed for 20 minutes at 100°C
using Epitope Retrieval solution 1 (ER1)
buffer (Leica biosystems, AR9961) to re-
expose these antigens so that they can later
be bound to by antibodies and identified
(Biotechne et al, 2019). 3% Peroxide block
(Sigma, H1009) was used for 8 minutes to
quench the endogenous peroxidase enzyme
naturally present in the tissue to prevent
false background staining (Biognost, 2023),
followed by Serum-free protein block
(Sigma-Aldrich, B6429) for 10 minutes in
order to further avoid non-specific
background staining.

Rabbit-raised LRRC15 primary antibody
(Abcam, ab150376, 1:1500), was then
incubated on the slide for 40 minutes; these
antibodies bind to LRRC15 proteins in the
tissue samples. An anti-rabbit secondary
antibody reagent (polymer), conjugated with
the horseradish peroxidase enzyme (HRP)
was incubated on the slide for 30 minutes.
Tyramide signal amplification (TSA) using
Cy5 fluorophore-conjugated tyramide
(Akoya Biosciences, NEL745001KT), was
used for 7 minutes to visualise LRRC15
(See Fig.1).

Heat-induced stripping was undertaken at
95 °C using ER1 buffer in order to remove
redundant antibodies and to avoid cross-
reactions with second primary antibodies
and with secondary antibodies.

A Leica Bond RX Autostainer (Leica
Biosystems) was used to perform
automated multiplex immunofluorescence to
enable sequential cycles of the technique
described, first using CD86 primary antibody
(CST 91882, 1:400) with Cy3 fluorophore-
conjugated tyramide (Akoya Biosciences,
NEL744001KT) to enable visualisation and
finally using CD11b primary antibody
(Abcam, ab52478, 1:1500) with FITC-
fluorophore conjugated tyramide (Akoya
Biosciences, NEL741001KT) to enable
visualisation.

The multiplex immunofluorescence (mIF)
cycle was concluded with Hoechst (H3570)
counterstaining for 15 minutes. The slides
were then mounted using Prolong gold



antifade reagent (Life Technologies
Corporation, Invitrogen P36930).

2) Image Acquisition of fluorescence images
Scanning using a fluorescence profile with
Zeiss Axio Scan Z1 Digital Slide Scanner
(Catalog #000000-2085-000) was done with
acquisition at 2x2 binning at 20
magnification. For LRRC15, CD86 , CD11b,
and Hoechst a fluorescence profile was
used to produce four fluorescence images
which were then superimposed to make a
single fluorescence multiplex image with
four channels.

3) Immunohistochemistry

Upon completion of mIF scanning, the
sections were un-coverslipped in TBST
buffer and heat-induced stripping of bound
antibodies was performed using ER1 buffer.
Rabbit-raised CD206 primary antibody
(abcam, ab64693, 1:12000) was incubated
on the sides for 30 min. An anti-rabbit-
polymer (Leica Biosystems, DS9800)
conjugated with horseradish peroxidase
(HRP) was then incubated for 15 minutes. 3,
3’-diaminobenzidine (DAB) (Leica
Biosystems, DS9800 kit) was incubated for
5 minutes.

Heat induced stripping was performed
again, followed by S100 primary antibody
(Leica Biosystems, PA0031, 1:12000)
incubation, visualised by Green chromogen.
Haematoxylin counterstain was undertaken
and the sections were mounted with Prolong
gold anti-fade reagent.

4) Image acquisition of brightfield images

A brightfield profile was used with a Zeiss
Axio Scan Z1 Digital Slide Scanner (Catalog
#000000-2085-000) to scan CD206 (brown)
and S100 (green) under 10 magnification to
produce two brightfield images.

5) Image Analysis

Halo Al ™ image analysis platforms (v
4.0.5107.488) (Halo Al) were used to carry
out images analysis on the scanned
multiplex images. The brightfield images
were deconvoluted to convert CD206 and
S100 channels into pseudo-fluorescence
channels (See Figure 2). The deconvolved
images were registered with their respective
multiplex immunofluorescence image,
allowing the two to be mapped on to each

other and thereby superimposed precisely to
avoid blurring in the final fused image (See
Figure 3). These images are then fused to
produce one Al-generated image with six
channels including DAPI, CD11b, CD86,
LRRD15, CD206 and S100 (DAPI refers to
Hoechst (H3570), the stain used to identify
all nuclei by staining DNA) (See Figure 4).
After image fusion, the TMA cores are
segmented so that the computer was able to
recognise each core within each tumour
microarray image as separate, so that the
cores could be individually analysed.

To carry out the analysis, a Random Forest-
Tissue vs Background (RF-Tissue VS BG)
classifier was made. Random Forest is a
model which utilises between 500 — 1000
decision trees to enable a computer to
predict future outcomes based on data it has
encountered before (Donges N, 2021). A
classifier is an algorithm which the Halo Al
can use to analyse what is contained within
a digital image. These algorithms were
created by highlighting samples of different
tissue types or cells so that the Al
programme might be able to “learn” what in

Figure 2.

- 1aand 2a: two brightfield images.

- 1b and 2b: the same two images once
deconvolved; they now contain two
pseudo-fluorescence channels of CD206
(green) and S100 (orange).

[Images by author]




the image refers to different cells or types of
tissue. This particular classifier allowed Halo
Al to distinguish tumour tissue from the
glass background of the slide (See Figure
5). Once all the cores had been analysed
with this classifier, they were quality
controlled. To achieve this all the cores were
checked and any areas of the images which
were deemed to show false staining, such
as necrotic regions, areas of folded tissue or
the outer border of the cores where any
surplus antibody can soak back into the
tissue, were manually edited out — all these
examples, if not removed before final batch
processing, can make it seem that target
receptors are expressed more strongly in
these areas than they really are. Two new
classifiers — RF-Tumour VS NO-Tumour and
RF-LRRC15 VS NO-LRRC15 - were then
created to distinguish between sections of
S100-positive sections and S100-negative
sections, and to identify the location of the
LRRC15 protein within the tissue cores,
respectively (See Figure 6). These were
used to enable Halo Al to calculate the
proportion and relative location of the
targeted innate immune cells in relation to
LRRC15.

In order to create analysis algorithms which
could phenotype CD11b, CD86 and CD206
positive cells, individual nuclei were first

Figure 4.
LRRC15 and DAPI
and S100

make one image containing six channels.
[Images by author]

1a: a multiplex immunofluorescence image with four channels: CD11b, CD86,
- 1b: a deconvolved brightfield image with two pseudo-fluorescent channels: CD206

- 1c: the two images, both of which were images of the same tissue core, fused to

Figure 3.

Registering of an immunofluorescence image
and it’s respective deconvolved brightfield image
so that they can map precisely on to each other
and then be fused.

[Image by author]

identified by Halo Al Default Nuclear
segmentation classifier (v 4.0.5107.488)
using the DAPI channel. Then membrane
segmentation was undertaken using a Halo
Al default membrane segmentation classifier
(v 4.0.5107.488) for three different channels
— CD11b, CD86 and CD206. Batch
processing was then undertaken by Halo Al
to quantify the expression of CD206, CD86
and CD11b, corresponding to the
expression of M2 macrophages, M1
macrophages and myeloid-derived
suppressor cells, respectively, within the
tissue samples.

Figure 5.

Random Forrest-Tissue vs
Background classifier being
used to distinguish between
sections of the image
pertaining to tissue and those
pertaining to background.
[Images by author]




Figure 6.
- 1a: animage of a tissue core displaying only the DAPI channel
- 1b: an image of the same tissue core displaying both DAPI and LRRC15 channels
- 1c and 1d: real-time tuning being used to allow observation of the areas which the Al platform has
identified as being LRRC15 positive. The real-time tuning function can be used while creating a
classifier to ascertain the accuracy of the Al's “understanding” of what is LRRC15 positive.
[Images by author]

Average densities were calculated for each immune cell in Excel, along with LRRC15
histoscores using the expression levels collected by Halo Al.

Two-tailed Mann Whitney tests was completed in Excel and thus p-values were calculated to
ascertain the statistical significance of the difference between the density of each of the
three immune cells and of LRRC15 expression within non-metastatic samples versus
metastatic samples. Correlation coefficients were calculated to quantify the existence or
absence of any correlations between the expression of each immune cell and the presence
of LRRC15 within the tissue cores. Two-tailed T tests were carried out to ascertain the
statistical significance of the potential correlations observed.

Results

While these results display several observations which were and several which were not
predicted when the study was initiated, none were statistically significant. Note that S100 is a
surface receptor primarily found on melanoma cells; it has been used in this study to
distinguish patterns of expression within areas of TME made up of tumour cells or those
made up of surrounding stroma.
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Figure 7.

7a and 7b: These graphs show that the average CD11b density is higher in metastatic S100-positive and S100-
negative tissue than in non-metastatic. However, there is considerable overlap between the box plots in each
graph. Furthermore, their respective p-values are 0.36812 and 0.41222 for S100-positive and S100-negative
data, respectively; both these values show that the difference within both graphs is not statistically significant.
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Figure 8.

8a: This displays a positive trend between the density of CD11b-positive cells and the presence of LRRC15 among
cancer cells in non-metastatic tumour samples, with a correlation coefficient of +0.286063 (6.s.f) and a p-value of
0.915832; this p-value suggests that there is no statistically significant correlation.

8b: This displays a negative trend between the density of CD11b-positive cells and the presence of LRRC15 within
the stroma in non-metastatic tumour samples, with a correlation coefficient of -0.180947 (6.s.f) and a p-value of
0.458489; this p-value suggests that there is no statistically significant correlation.
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Figure 9.

9a and 9b: These display negative trends between the density of CD11b-positive cells and the presence of LRRC15
among cancer cells and within stroma in metastatic tumour samples. The correlation coefficient within S100-positive
tissue is -0.305826 with a p-value of 0.189752. The correlation coefficient within S100-negative tissue is -0.498138
with a p-value of 0.025398. These p-values suggest that there is no statistically significant correlation
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10a and 10b: Both these graphs show that there was a higher average of CD206-positive cells present in both
the S100-positive and the S100-negative metastatic tumour samples than in the non-metastatic samples.
However, both box plots in both graphs visibly overlap. Furthermore, the p-values for S100-positive and S100-
negative tissues are 0.09296 and 0.72786, respectively; both these values show that the difference within both
graphs is not statistically significant.
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11a and 11b: These display negative trends between the density of CD206-positive cells and LRRC15
expression within both S100-positive and S100-negative regions of non-metastatic tumour samples. The
correlation coefficient within S100-positive tissue is -0.053317 with a p-value of 0.828380. The correlation
coefficient within S100-negative tissue is -0.082531 with a p-value of 0.736951. These p-values suggest that
there is no statistically significant correlation.
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12a: This displays a negative trend between the density of CD206-positive cells and LRRC15 expression in
S100-positive regions of non-metastatic tumour samples with a correlation coefficient of -0.261021 and a p-
value of 0.280420. This p-value suggests that there is no statistically significant correlation.

12b displays a positive trend between the density of CD206-positive cells and LRRC15 expression in S100-
negative regions of non-metastatic tumour samples with a correlation coefficient of +0.037804 and a p-value of
0.874272. This p-value suggests that there is no statistically significant correlation.
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Although there was a higher average of CD86-positive cells present in both the S100-positive and the S100-
negative metastatic tumour samples than there was in the non-metastatic samples, there is evidently overlap
between the box plots in both graphs. Furthermore, the p-values are 0.84148 and 0.94420 for S100-positive and
S100-negative tissues, respectively, both of which show that the difference between non-metastasic and
metastatic samples in both graphs is not statistically significant.
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14a: This displays a positive trend between the density of CD86-positive cells and LRRC15 expression in
S100-positive regions of non-metastatic tumour samples with a correlation coefficient of +0.378702 and a p-
value of 0.109849. This p-value suggests that there is no statistically significant correlation.

14b: This displays a negative trend between the density of CD86-positive cells and LRRC15 expression in
S100-negative regions of non-metastatic tumour samples with a correlation coefficient of -0.074438 and a p-
value of 0.761996. This p-value suggests there is no statistically significant correlation.
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15a and 15b: These display a negative trend between the density of CD86-positive cells and LRRC15
expression within both S100-positive and S100-negative regions of non-metastatic tumour samples. Within
S100-positive tissue the correlation coefficient is -0.198946 with a p-value of 0.400415. The correlation
coefficient within S100-negative tissue is -0.233834 with a p-value of 0.321076. Both these p-values suggest
that there are no statistically significant correlations.
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This shows that there was a greater density of LRRC15 present on S100-positive non-metastatic cells than on
S100-positive. However, there is evidently considerable overlap between the non-metastatic and metastatic
sample sets within each graph. Furthermore, the p-values for the S100-positive and S100-negative samples
are 0.88866 and 0.86502, respectively; these show that there is no statistically significant difference between
non-metastatic and metastatic samples in S100-positive or S100-negative tissue.

Discussion

The numbers of myeloid-derived suppressor
cells (MDSCs), M1 macrophages and M2
macrophages and the expression of
LRRC15 within tissue samples of melanoma
were measured using the HALO Al ™ image
analysis platforms (v 4.0.5107.488) and
from these the average cellular density in
the TME was calculated for each immune
cell. From the expression levels of LRRC15
a histoscore was calculated using Excel,
allowing both the quantity and location of
LRRC15 expression to be taken into
account. Using the densities of these
immune cells and the LRRC15 histoscores,
correlation coefficients were calculated to
analyse the role of LRRC15 in controlling
the presence of the three aforementioned
innate immune cells and T Tests were done
to assess the significance of any
correlations.

Although some trends were seen, there
were no meaningful correlations between
the cellular density of any of the innate
immune cells and the presence of LRRC15.
In light of this, it is important to assess the
methods used in this study to explore
whether they or how they were executed
could explain the absence of hypothesised

correlations. In this study there were three
main points within the methodology which
must be considered. These were (i) the
creation of the Random Forrest Tissue vs
Background classifier, (ii) the quality
controlling of the tissue cores and (iii) the
creation of a LRRC15 vs NO LRRC15
classifier. These all involve human expertise
and have within them subjective
judgements, which of course leaves room
for human error.

Furthermore, when creating classifiers,
multiple examples of each tissue type were
provided to ensure that the Al platform was
able to accurately identify these same
tissues in the future using this classifier — in
practicality this creates a running mean,
where the longer the mean runs (that is, the
more examples provided for the Al platform),
the more precise it is likely to be. However,
the mean’s accuracy is still dependent on
the examples provided for the Al platform by
the human operating it. To avoid as much
human error as possible, it was made sure
that expertise was gained from other more
experienced members of the team who were
more well practiced in interpreting tissue
samples using the Halo Al ™ image analysis
platforms (v 4.0.5107.488). However, it is
plausible that not all human error was
removed and if considerable error was




made this would have noticeably impacted
the results. For example, if an area of
necrosis in one of the tissue cores was
missed during quality control and not
removed before batch processing, then the
density of all immune cells would have been
measured to be much higher than they were
in reality, thus skewing the results.
Furthermore, since none of the antigens
used to identify any of the innate immune
cells observed in this study are expressed
solely on these immune cells, false staining
can occur and be measured, where these
antigens are bound to while expressed on
cells other than the specific innate immune
cell they were used to identify in this study
and which they are primarily expressed on.
This is considerably difficult to pick up on
when, as in the case of this research, only
one antigen is being targeted to identify
each immune cell. Moreover, due to it being
such a small sample size, if this were to
happen with even one core it would cause a
significant change to the results. Another
less avoidable outcome of the quality control
process is that every time an area perceived
to contain false staining is edited out of the
digital images then a small amount of usable
tissue is lost, thereby shrinking the already
small sample size even further and making it
harder to produce representative results.

The use of artificial intelligence in modern
medicine is fast increasing (Basu k et al.,
2020). The form of machine deep learning
used in this study has only recently become
readily available as a tool used for
researching digital images of tissues and yet
it has the potential to change essential
elements of diagnostic oncology. In this
study, it was used to more efficiently and
accurately calculate the expression of
different cell markers within tumour
samples, and while even this added
efficiency is hugely helpful in assisting
researchers in their role of “manually”
analyzing patient biopsies, the role of Al
need not end here. Using past patient data,
platforms such as HALO Al could be used to
generate algorithms using biomarkers - such
as the potential biomarker LRRC15 - within
digitalized images to predict the stage,
likelihood of metastasis and prognosis of a
tumour, all within a matter of moments.
Using this method, it would also be possible

to predict the effectiveness of different
immunotherapies by either calculating the
number of pro-inflammatory immune cells in
the TME directly from digitalized images of
tumour samples, or by creating an algorithm
which utilizes past data to quantify the
relationship between the level of LRRC15
expression and the level of immune cell
invasion into the TME to accurately estimate
the availability of immune cells within the
tumour. This analysis would further develop
the extent to which doctors can deliver
medical treatment personalized to each
patient, increasing treatment effectivity and
decreasing the need for toxic and non-
discriminatory chemotherapies.

What must be noted however is the risk of
unidentified human error. Once algorithms
are made, it may become easy to rely solely
on them and because these algorithms are
only as good as the skills and expertise of
the person who created them, they should
be used with this in mind to avoid missed
diagnoses.

Despite there being no significant
correlations, there were differences which,
while unable to imply a correlation
themselves, are interesting and worthy of
further research. One example is the level of
LRRC15 in S100-positive and S100-
negative cells when observed in both non-
metastatic versus metastatic states. While in
S100-postive tissue — therefore among
cancer cells - less LRRC15 was observed in
metastatic tumour samples than in non-
metastatic samples, in S100-negative tissue
— therefore stroma — this trend was
reversed, and more LRRC15 was recorded
in metastatic samples in comparison to non-
metastatic samples. Assuming momentarily
that this trend might also be seen in a bigger
cohort, it would suggest that LRRC15 has
potential as a biomarker for cancer
prognosis, where an increased stromal
LRRC15 expression is indicative of a more
progressed disease and therefore a worse
prognosis. To explore more about how this
pattern of expression reflects how LRRC15
would stimulate tumour development, we
have to consider LRRC15’s role on CAFs. It
has been mentioned that CAF’s make up a
large proportion of the stroma within the
TME and contribute to its structure and
characteristics by producing angiogenic



factors, growth factors, chemokines and
cytokines (Kwa M.Q et al., 2019). LRRC15’s
expression on CAFs can be induced by
TGF-B (Storey C.M et al., 2024), a signaling
molecule which, as well as encouraging
other tumorigenic features such as avoiding
apoptosis, promoting cell proliferation and
silencing pro-inflammatory immune cells
(Chan M.K et al., 2023), promotes the
upregulation of vascular endothelial growth
factor (VEGF) which stimulates the
development of more blood vessels. This
supplies the cancer with more substances
such as glucose so it can continue
metabolizing in the absence of oxygen
(Fang L et al., 2020). It is possible that the
reason that more LRRC15 is observed in
the stroma compared to among cancer cells
is because the cancer cells are less
exposed to TGF-B, which is produced by
CAFs in the stroma. This highlights the
potential for LRRC15 to be used both as a
marker of prognosis which identifies areas
of increased TGF-f production, but also as
a therapeutic target to be utilized by
potential therapies which aim to limit the
production of TGF-B and hence limit the
tumorigenic features that TGF- promotes.
However, it must be stressed that this
cannot be confirmed by the results of this
study owing to the lack of statistically
significant differences between the
metastatic and non-metastatic sample sets
in both S100-positive and S100-negative
tissue. It therefore remains speculation
which requires confirmation by further
research.

The average level of MDSCs, M1
macrophages and M2 macrophages in both
S100-positive and S100-negative tissues
were seen to be slightly higher in metastatic
samples compared to in non-metastatic
samples, raising the possibility that all three
innate immune cells may have tumorigenic
capabilities. While this cannot be confirmed
using this data due to its lack in statistical
significance, it is interesting to consider the
potential roles of these immune cells in
facilitating the development of cancer.
MDSCs have been seen to reduce the pro-
inflammatory capabilities of CD8+ T cells
and Natural Killer cells (Joshi S et al., 2022),
lowering the body’s natural defense against

the growing tumour. M2 macrophages are
anti-inflammatory and promote angiogenesis
and TME remodeling (Cendrowicz E et al.,
2021), encouraging tumour growth. M1
macrophages, are pro-inflammatory and
generally thought to encourage an immune
response within the TME and therefore
reduce cancer development (Liu J et al,
2021) — this is interesting considering the
fact they were also observed more
commonly in metastatic samples rather than
non-metastatic samples, but as these
results aren’t conclusive we cannot draw
any conclusions from this and more
extensive research is needed to ascertain
whether M1 macrophages can truly
encourage tumour development. Even just
considering their known roles, all three
seem to have the potential to be targets of
immunotherapies against cancer to some
extent. It would therefore be interesting to
understand more about how the roles of
these immune cells determine how they
impact the development of cancer and
whether, when observed in larger sample
sizes or in the context of other cancer types,
there are any significant correlations
between their expression and LRRC15
expression. If correlations were to be found
in the future, this would likely encourage
further research into how LRRC15 would
achieve this function; the significance of this
being that it would encourage the
development of immunotherapies which
target LRRC15 in a method similar to that of
checkpoint inhibitors — checkpoints are
molecules present on certain immune cells
which allow them to identify your cells as
“self” and they usually serve to deactivate
pro-inflammatory immune cells so that your
immune system doesn’t destroy your own
cells (Benelli R et al., 2023). However,
cancer cells often also express these
checkpoints, and therefore they remain
undetected and undestroyed by the immune
system (Taefehshokr N et al., 2020).
Checkpoint inhibitors prevent this binding
between cancer cells and immune cells.
Assuming that there were correlations
between LRRC15 expression and the
density of immune cells within the TME, this
inhibition might result in an increased
effectiveness of immune cells to impede the
development of the tumour.



It has been mentioned that one of the
locations where LRRC15 is found in healthy
tissue is on trophoblasts cells, at the
periphery of the placenta as it implants into
the uterine wall. It would therefore be
interesting to find out more about the
immediate cellular environment within and
around trophoblast cells at the end of the
first trimester once the placenta is fully
implanted; if LRRC15 is even in part
responsible for the invasive nature of
trophoblast cells, then it seems necessary to
consider which factors prevent the
trophoblast cells from invading further than
the uterine wall, like they might do in an
invasive cancer. Once understood, this
knowledge might provide further
opportunities for the development of
LRRC15-inhibiting cancer therapies in the
future, assuming that a link between
LRRC15 expression and increased invasive
cellular behavior is confirmed.

From our results, we are unable to confirm
or refute the role of LRRC15 in regulating
the innate immune system and thus it has
no potential to be utilised as a biomarker to
predict cancer prognosis. Further research
is needed to ascertain whether this is
because LRRC15 truly plays no meaningful
role in orchestrating the immune system and
is not reliably over-expressed in metastatic
cancers or whether it is because our sample
size was simply too small to provide results
which displayed these functions. If the latter,
then the likelihood of LRRC15 being a
biomarker is very low. It is also possible that
LRRC15 plays a role in regulating the
immunological environment of types of
cancer other than melanoma or that it
orchestrates other immune cell types. A
further area of exploration is that LRRC15
on its own is not a biomarker, but in
combination with other phenotypic features
may indicate that particular molecular
pathways are active in some cases and not
others.

Conclusion

Although a range of both expected and
unexpected trends have been observed
within the results of this study, none of them

have statistically significance and therefore
we cannot be reliably assured that there
should be a link between LRRC15
expression and the density of MDSCs, M2
macrophages and M1 macrophages. Solely
based on this research, we cannot reject the
null hypothesis due to the results of our
statistical tests, but this study may indicate
that with more extensive research and
access to bigger data-sets, there may be
potential for the discovery of patterns of
expression to come to light in the future.
Further research is needed to more
completely comprehend the true extent and
causation of these trends so that the
function of LRRC15 in regulating the innate
immune system can be properly understood.
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