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Abstract

Accurate identification and classification of nucleus subtypes is crucial for cell tracking and uncovering patterns
across cell types, such as local cell neighborhoods. Multiplexed immunofluorescence (MxIF) imaging is a process that
involves staining, imaging, and then bleaching the same tissue multiple times. Repeating MxIF staining with different
marker combinations enables subclassification of cells. However, repeated cycles of staining and bleaching can cause
deformation, movement, and tissue loss, resulting in misalignment of markers at the nucleus level. This misalignment
can lead to the exclusion of a significant number of cells during downstream analysis. We propose that applying
a post hoc deep learning-based deformable registration technique (VoxelMorph) on the respective 4',6-diamidino-2-
phenylindole (DAPI) image for each round of staining can reduce the number of nuclei that are excluded due to spatial
misalignment across successive staining rounds. By applying the registration transformations from different DAPI
rounds to their corresponding stains, we achieve stain registration at pixel-level. To tackle the challenge of large image
sizes, we propose a patch-based training and inference strategy. By analyzing residual displacement from bidirectional
registrations, we are able to mask out areas in the tissue with high residual displacement to indicate image regions
that should not be included for downstream analyses. For validation, we used a deterministic decision tree, based
on biological domain knowledge, to classify MxIF nuclei into either one of 13 different classes or an undefined class.
Our proposed registration approach effectively reduced the number of undefined nuclei, and we observed a 17.6%
increase in the number of successfully classified nuclei compared to a baseline rigid registration. Our code is available
at https://github.com/MASILab/MxIF_Registration.
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1. Introduction

ultiplexed Immunofluorescence (MxIF) is a piv-
I\/l otal imaging technique designed for the simultane-

ous detection of multiple biomarkers by leveraging
a cyclic staining process where fluorescently labeled anti-
bodies are applied, imaged, and subsequently quenched,
enabling successive rounds of staining and imaging within
the same sample (Lin et al., 2018). By allowing for the
visualization of a broad array of proteins, MxIF provides
a multifaceted view of biological interactions within tis-
sues, enhancing our understanding of cellular and molecular
dynamics critical for investigating pathological states and
therapeutic interventions(Goltsev et al., 2018). The layered
complexity made possible by MxIF is particularly invaluable
in fields like oncology and immunology, where understand-
ing spatial relationships and protein co-localization is essen-
tial(Schubert et al., 2006; Angelo et al., 2014). Each marker
and 4',6-diamidino-2-phenylindole (DAPI) image acquired
during the MxIF imaging process is itself a whole slide im-
age (WSI), capturing the entire tissue section stained for
a specific target. These individual WSIs provide detailed
information about the expression of specific proteins or
the location of nuclei. Through the combination of these
multiple WSlIs, each corresponding to a different marker or
nuclear stain, MxIF reveals a comprehensive picture of the
tissue's biological landscape.

Multiplexed immunofluorescence experiments typically
involve sequential rounds of staining and imaging the same
tissue section, necessitating image alignment across cycles.
In practice, most studies still rely on rigid or affine trans-
formations to register these multi-round images into one
composite dataset(Ghahremani et al., 2023). A common
strategy is to include a repeat nuclear stain (e.g. DAPI) in
every round and use it as the reference channel for align-
ment(Vizcarra et al., 2022). This approach assumes that
only global shifts or linear scaling occur between rounds. For
example, the cyclic immunofluorescence method (t-CyCIF)
aligns each imaging cycle by applying a rigid-body transform
based on the DAPI channel, effectively stacking 16 rounds
of staining with only slide wise rotation/translation adjust-
ments(Lin et al., 2018). Likewise, other multiplex protocols
explicitly instruct aligning images via a linear transform
using the recurrent nuclear or structural marker present in
all cycles(Mufioz-Castro et al., 2022).

Numerous recent studies underscore the dominance of
rigid/affine registration in MxIF. For instance, Lin et al.
(2018) and Mufioz-Castro et al. (2022) employed nuclear
markers from each cycle to compute rigid-body transforma-
tions, co-registering all cycles into a hyper-stack. Similarly,

in a recent multiplex IHC versus IF comparison, an affine
registration—allowing translation, rotation, and scaling—
was used to accurately align sequential scans and merge all
markers(Ghahremani et al., 2023). Muhlich et al. (2022)
performed registration of multiplexed WSI by dividing im-
ages into overlapping patches and registering each individual
patch. Their registration used a phase-correlation algorithm
proposed by Guizar-Sicairos et al. (2008), however this
method only accounted for translation and is not a com-
plete rigid registration. Gerdes et al. (2013) rigidly aligned
all rounds together using the nuclei in the different DAPI
images as fiducial points. Similarly, Lin et al. (2015, 2018)
performed their registration on cyclic immunofluorescence
images using Hoechst as the nuclear stain and applying
the transformation on other markers. Open-source tools
and pipelines further reinforce this trend: ASHLAR (Align-
ment by Harmonization of Layers)(Muhlich et al., 2022)
selects a representative nuclear channel (e.g., DAPI) to
perform adjacent tile and inter-cycle alignment via affine
registrations, and the MCMICRO pipeline(Schapiro et al.,
2022) employs ASHLAR as its default module for generating
stitched mosaic images.

Despite the robustness and simplicity of rigid and affine
registrations, these methods inherently assume that only
global shifts occur and are unable to correct nonlinear tissue
deformations. Factors such as tissue swelling, shrinking, or
slight stretching between cycles can introduce local misalign-
ments that a single global transform cannot fully resolve.
Each staining cycle has the potential to slightly alter tissue
morphology, resulting in nuclei misalignment, tissue defor-
mation, and missing tissue (Figure 1), which cannot be
accounted for by rigid registration alone. The accumulation
of such artifacts across multiple staining cycles can signifi-
cantly degrade image quality. In previous works, Bao et al.
(2022) have introduced a biology-informed Q-score that as-
sesses the quality of MxIF images, while Jiang et al. (2023)
have used the consistency of 4/,6-diamidino-2-phenylindole
(DAPI) staining as a benchmark to evaluate the alignment
and integrity of tissue sections.

2. Related Works

To effectively manage the multifaceted challenges presented
by MxIF, it is essential to develop a robust method that not
only identifies and excludes areas of significant tissue defor-
mation but also aligns the markers from all staining rounds
into a unified space. Deformable registration is especially
effective for this task because it uses nonlinear transfor-
mations to align images from different staining rounds,
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Nuclei Misalignment

DAPI Stain from Round 0

DAPI Stain from Round 19
(Rigidly registered to Round 0)

Figure 1: Due to repeated rounds of staining and bleaching, some portions of the tissue are lost or deformed in the
later rounds. Moreover, despite the images being rigidly registered, local displacements in nuclei positions persist. Top
panel: Green markers manually annotated around nuclei in round 0 do not align with the nuclei expression in round
19, demonstrating a misalignment of nuclei positions. Bottom panel: In round 0, nuclei markers are clearly expressed
with well-defined, intact shapes. By round 19, due to the repeated staining process, these markers spread out, and lose
structural integrity, rendering them ineffective for further analysis.

ensuring that the tissue markers are accurately mapped into
a unified spatial framework. Deformable registration has
been an area of intense focus in medical image processing,
evolving from initial methods aimed at optimizing an en-
ergy function for pairs of moving and fixed images(Klein
et al., 2009), to more advanced deep learning techniques
that learns a universal function for estimating deformation
fields(Haskins et al., 2020; Fu et al., 2020; Hering et al.,
2022). However, the application of deformable registration
techniques to WSIs are often limited due to large image size
and high computational complexity(Borovec et al., 2018).
Traditional registration methods typically commence with
affine registration to correct major misalignments and rota-
tions, followed by deformable registration that fine-tunes
the alignment by addressing smaller tissue discrepancies.
These methods commonly use techniques such as B-spline
or feature matching(Gatenbee et al., 2023; Shafique et al.,
2021; Wodzinski et al., 2024). Roy et al. (2023) have
proposed a novel deep learning-based approach specifically
for co-registering paired immunohistochemistry (IHC) and
hematoxylin and eosin (H&E) images using a synthesis
network for stain conversion, coupled with a registration
network that calculates the deformation field necessary
for their co-registration. While these advances have pre-
dominantly focused on H&E and IHC images, non-rigid

188

registration has had a slow adoption in MxIF due to the
considerable challenges and unique necessities required by
histology slides, as discussed by Borovec et al. (2020).

In this study, we characterize the impact of deformable
registration on MxIF image alignment relative to the stan-
dard rigid registration pipeline. Rather than proposing
a brand-new registration method, we apply an existing
deep learning-based deformable registration approach Vox-
elMorph framework as described by Balakrishnan et al.
(2019) to estimate deformation fields between sequential
DAPI images, subsequently propagating these corrections to
associated marker channels. We also introduce a strategy to
identify and exclude areas of significant tissue deformation
by analyzing residual displacement fields. Our evaluation
focuses on the downstream effects of improved alignment
on cell-type classification and the preservation of essential
biological information across imaging rounds, providing a
systematic characterization of the benefits and limitations
of deformable registration in the context of MxIF.

3. Methods

3.1 Dataset

We conducted our analysis using anonymized samples ob-
tained from Vanderbilt University Medical Center, adhering
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Step 1: Generation of Tissue Deformation Mask

DAPI Stain from the first round

Residual Displacement throughout the Tissue Deformation Mask
tissue
- s Deformation
Trained —| O Step 2: Registration masl',‘ being
Voxelmorph applied
network S

Moving DAPI Image — from any
DAPI Stain from the last round subsequent round

All markers imaged alongside ¢
subsequent round of DAPI

Marker images divided into patches
corresponding to DAPI images

Fixed image patches

Moving image patches

Trained Voxelmorph
Network

Registered marker and DAPI
images in the unified space

Deformation fields for each patch

Figure 2: Workflow of the registration process. The initial step involves calculating the composition of bidirectional fields
between the first and last rounds of DAPI staining, followed by generating a mask to exclude regions of high residual
displacement. In the second step, DAPI images and corresponding markers are segmented into patches. Registration is
then calculated between each round of DAPI and the initial round, and the resulting deformations are applied to the
marker patches after applying the tissue deformation mask on all images. The second step is repeated for all rounds of
staining, aligning all the DAPI images and corresponding markers into a unified spatial framework.
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to ethical guidelines approved by the Institutional Review
Board (IRB #191738 and #191777). Each sample was
formalin-fixed and paraffin-embedded. The dataset featured
tissue samples from two intestinal regions: the ascending
colon (AC) and the terminal ileum (TI). Fluorescent, im-
munostained tissue slides were scanned using an Aperio
Versa 200 automated slide scanner (Leica Biosystems), with
tissue cores imaged at 20x magnification, yielding a spatial
resolution of 0.323 pm per pixel. Our study used 53 WSIs
captured at a resolution of 0.324 microns per pixel in 20x
magnification, derived from 31 subjects. Our imaging pro-
tocol included 17 to 19 staining rounds per sample (across
from 4 MxIF batches), starting each round with a DAPI stain
for nuclear visualization followed by three specific markers.
Each marker, along with the DAPI, is imaged in a separate
channel. The markers and DAPI are alternately stained and
imaged every other round. In the rounds without marker
staining, background elements were imaged across different
channels to capture autofluorescence, enhancing our ability
to effectively remove background during post-processing.
The dataset includes images acquired across four different
MxIF batches, reflecting realistic inter-batch acquisition
variability.

3.2 Preprocessing

Prior to training the neural network, we performed a se-
ries of preprocessing steps to ensure optimal image quality
and compatibility with our analytical framework. In the
preprocessing stage, all images, initially represented as un-
signed 8-bit grayscale with pixel intensity values ranging
from 0 to 255, underwent normalization to a standardized
floating-point scale. This is achieved by dividing each pixel
value by 255, effectively rescaling the intensity values to the
range between 0 and 1. Following normalization, the images
underwent a padding process. The amount of zero-padding
applied was calculated to enable the division of images into
patches of 1024 x 1024 pixels, while ensuring an overlapping
region of 200 pixels between adjacent patches. This over-
lap was crucial for maintaining continuity and alignment
across the image patches during the registration process,
facilitating accurate analysis and comparisons.

3.3 Rigid Registration of MxIF Images as a Baseline for
Comparative Analysis

Following the MxIF image processing protocol outlined by
McKinley et al.McKinley et al. (2017), we performed a
preliminary rigid registration to align all the MxIF images
with the first round. Rigid alignment was formulated as a
two-dimensional transformation consisting of an in-plane
rotation and translation to standardize the orientation and
position of each subsequent DAPI image relative to the
reference (Round 1). Transformation parameters were esti-
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mated using MATLAB's intensity-based image registration
function imregtform with the transformation type set to
rigid, optimizing the mean squared error between the fixed
and moving DAPI images. The resulting transformation,
represented as a rigid2d object, was then applied to both
the DAPI images and the corresponding marker images
acquired in the same round to rigidly align all imaging
rounds.

3.4 Deformable registration network and workflow

We trained our VoxelMorph(Balakrishnan et al., 2019) net-
work using data derived from 10 MxIF images. The WSIs
used for training were randomly sampled across three of the
four imaging batches. These MxIF WSI were segmented
into 1024 x 1024 patches, with the fixed images being
patches from the initial round and the moving images being
patches from the last round. We selected only those patches
where at least 50% of the area was non-zero, effectively
disregarding patches that contained zero intensities through-
out, as these areas outside the tissue in WSlIs typically show
zero intensities and contribute no meaningful information
to the network. After this selection, we obtained a total
of 1316 patches, which were then split into training and
validation sets with an 80:20 ratio. The trained network
was subsequently tested on the entire dataset of 53 MxIF
images to compare the number of labeled nuclei. The
network optimized a single objective function,

Loss =
. (), (F@)—F0) i) - i)’
se \ (5, (P00 = F0)?) (5, (wips) = 0(p)°)

+A Y IVu@)?, (1)

peN

where € is the 2-dimensional spatial domain, f is the
fixed image and w is the warped image defined over Q, u(p)
is the displacement that is applied on the moving image to
produce the warped image and X is the weight associated
to the regularization of the displacement field. The first
component of the loss function is the local cross-correlation,
where f(p) = 25 Y, f(p:) and b(p) = & 3, w(ps) rep-
resent the local mean intensities of the fixed and warped
image such that p; iterates over an area of n? around pixel
p. The second component was the L2 regularization term of
the displacement field produced by the network. This term
encouraged the network to generate a smooth deformation
field. In the original implementation, the weight assigned to
the smoothness loss was 0.01. The weight on the smooth-
ness loss was set as 1, and we used a window size of 128
for the local cross-correlation. The model was trained on
Nvidia Quadro RTX 5000 for a total of 25 epochs. The
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optimizer chosen was Adam(Kingma and Ba, 2014) and
the learning rate was set to 0.001.

The workflow for registering all markers into a common
space was done in two parts (Figure 2). The first part of
the process is to remove areas of tissue with significant
deformation. For this, we compare the first and last rounds
of DAPI-stained images. The network first generates a
deformation field (¢) mapping the first round of DAPI to
the last. Subsequently, a reverse deformation field () is
computed by registering the last round back to the first.
By composing these deformation fields (¢ o ), we calcu-
lated the L2 norm of the resultant field to measure residual
displacement per pixel across the tissue. We then elimi-
nated regions exhibiting a residual displacement exceeding
10 pixels (Supplementary material 2), to ensure that only
minimally deformed areas are retained for further analysis.
This design choice was motivated by the nature of mul-
tiplexed immunofluorescence imaging, in which cell-type
identification relies on the combined expression of markers
acquired across multiple staining rounds. Consequently,
only cells that remain intact and consistently present from
the first to the final staining round can be reliably classified.
While intermediate rounds can provide information about
round-to-round deformation, our objective was to preserve
cells suitable for downstream cell-type classification across
all markers. Therefore, we used the first and final rounds of
DAPI staining to identify and exclude regions affected by
cumulative tissue deformation, as deformation artifacts can
accumulate over successive staining and imaging rounds.

The next step in the workflow was to register all ele-
ments, including stains, background, and autofluorescence
images, into one common space. Each DAPI image was
subdivided into overlapping patches of size 1024 x 1024 pix-
els, with a 200-pixel overlap between adjacent patches. For
each patch, the network computed a deformation field that
was applied to warp the corresponding image patch into
the reference (first-round) space. During reconstruction
of the full-resolution registered image, overlapping regions
between neighboring warped patches were combined by
averaging the spatially averaging the overlapping registered
patches(Atkins et al., 2025), which reduces boundary arti-
facts and ensures smooth transitions across patch bound-
aries. The deformation fields, obtained from the DAPI
registration, were then applied to all other elements cap-
tured in conjunction with that round, including other stains
and background images. This process was repeated for all
subsequent rounds of imaging to align all data across the
round. After registering everything into a unified space,
autofluorescence removal and background subtraction were
performed. We made a design choice to use deep learning
based deformable registration for this analysis after eval-
uating traditional registration methods. Specifically, we
found that applying ANTs registration at the WSI scale was

computationally extensive. Given the gigapixel nature of
MxIF images and the presence of 17-19 rounds of staining
and bleaching per image, the total computation time for
registering all rounds of a single MxIF image using ANTs
ranged from 24 to 48 hours depending on image size. In
contrast, since Voxelmorph is a deep learning based model,
during inference it takes 2 to 4 min to per MxIF image
across all rounds.

3.5 Experimental Design

To standardize the variability observed in DAPI stain in-
tensities across different imaging rounds, we calculated
the intensity ratio between the DAPI stain from the initial
imaging round and those from all registered rounds (7).
This ratio is used to adjust the intensities of the registered
DAPI images to match those of the original round. Each
registered image is then multiplied by its respective intensity
ratio, ensuring that the intensities are approximately equal
to the baseline round. After this adjustment, we averaged
these normalized DAPI images to create a unified DAPI
image that represents all rounds post-registration (Dgug)

Do + Yn_1 YnDn @
N +1

where N is the total number of subsequent rounds of
DAPI staining and Dy is the DAPI image from the initial
round. Using this unified DAPI image, we then employed
the DeepCell Mesmer model(Greenwald et al., 2022) to per-
form instance segmentation of nuclei. This segmentation
allowed us to calculate the mean intensities of all markers
for each segmented nucleus accurately. Following segmen-
tation, we analyzed the intensities to determine if they were
positive or negative for each stain using a semi-automatic
marker gating approach called GammaGateR, with the pos-
terior probability threshold for marker expression set at 0.5
as suggested by Xiong et al. (2024).

Post-segmentation, each nucleus was annotated into
one of 13 sub-types based on a biology-informed decision
tree previously established by our group(Remedios et al.,
2024b,a). We used 15 of the 27 markers available in
our data for nucleus subtype classification: NaKAT Pase,
PanCK, CgA, Vimentin, SMA, Sox9, OLFM4, Lysozome,
CD45, CD20, CD68, CD11B, CD3d, CD8, and CD4. These
markers facilitated the classification of nuclei into the fol-
lowing subtypes: enteroendocrine, enterocytes, fibroblasts,
stromal(undetermined), myeloid, helper T, cytotoxic T,
CD3%tCD4-CD8™ T cell nuclei, monocytes, macrophages,
B cell nuclei, leukocytes, and progenitor. Nuclei that did
not conform to any specified categories were labeled as
unknown as per Table 1.

Davg =

4. Results
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Table 1: The nuclei in MxIF were classified into 13 distinct subtypes through a sequential deterministic decision tree and

the nuclei which did not confirm to the above subtypes were labelled as undefined.
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Step

Purpose

Stain Combinations

1
2
3

4

11
12
13
14
15
16
17
18
19
20

21

22

23

24

25

26

27

28

29

Group Epi™ nuclei

Group Stroma™ nuclei
Exclude nuclei that are both
Epi™ and Stroma™

Group Immune™ nuclei

Remove immune conflicts for
macrophage nuclei across all nu-
clei

Remove immune conflicts for
monocyte nuclei across all nu-
clei

Remove immune conflicts for B
cell nuclei across all nuclei
Remove conflicts for helper T
and cytotoxic T nuclei across
all nuclei

Group Progenitor™ nuclei
Exclude nuclei that are not in
either the epithelium or stroma
Remove conflicts for endocrine
nuclei across all nuclei

Remove conflicts for fibroblasts
across all nuclei

Remove conflicts for progeni-
tors across all nuclei

Remove nuclei that are nega-
tive for all the large groupings
Remove any immune nuclei
from Epi™ group

Final annotation for endocrine
cells

Final annotation for enterocytes
Group stromal /fibroblasts
Final annotation for fibroblasts
Final annotation for stro-
mal(undefined) nuclei

Final annotation for myeloid nu-
clei

Final annotation for helper T
nuclei

Final annotation for cytotoxic
T nuclei

Final annotation for
CD3TCD4~CD8~ T  cell
nuclei

Final annotation for monocyte
nuclei

Final annotation for
macrophage nuclei

Final annotation for B cell nu-
clei

Final annotation for leukocyte
nuclei

Final annotation for progenitor
nuclei

NaKATPase™ or PanCK™ or CgA™
Vimentin® or SMA™
Exclude nuclei that are marked as (Epi* and Stroma™)

Group nuclei that are CD45% or CD20% or CD68% or CD11B™ or
Lysozyme™t or CD3d* or CD8* or CD4™

Exclude nuclei where (CD68™ and CD3d™), (CD68™ and CD20™T),
(CD68* and CD47), (CD68' and CD8"), or (CD68" and
CD11B*)

Exclude nuclei where (CD11B* and CD3d*), (CD11B* and
CD20*), (CD11B* and CD4%), (CD11B* and CD8T), or
(CD11B* and CD68™)

Exclude nuclei where (CD20" and CD3d™), (CD20" and CD4™1),
or (CD20* and CD8)

Exclude nuclei where (CD3d™ and CD45~ and CD4™"), (CD3d~
and CD45~ and CD8%), or (CD4™ and CD8™")

Sox9" or OLFM4+
Exclude nuclei that are (Epi~ and Stroma™)

Exclude nuclei where (CgAt and Immune™), (CgAt and SMA™),
(CgA™ and Progenitor™)
Exclude nuclei that are (SMA* and Immune™)

Exclude nuclei where (Immune™ and Progenitor™)

Exclude nuclei where (Epi~ and Stroma~ and Progenitor~ and
Immune™)
Exclude Epi™ nuclei where (Epi* and Immune™)

Group Epi™ nuclei where (CgA™t and Progenitor™)

Group Epi™ nuclei where (CgA~ and Progenitor™)

Group nuclei that are Stroma™ and Immune~

Group stromal/fibroblast nuclei where (SMA™ and Progenitor™)
Group stromal/fibroblast nuclei where (SMA~ and Progenitor™)

Group Immune™ nuclei that are ((Lysozyme™ and CD68~ and
CD11B~ and Progenitor~ and CD207~) and CD3d~ and CD8~
and CD47))

Group Immune™ nuclei where (CD4™ and Progenitor™)

Group Immune™ nuclei where (CD8* and Progenitor™)

Group Immune™ nuclei where (CD3d™ and CD4~ and CD8™)

Group Immunet nuclei where (CD11lb* and CD3d~ and
Progenitor~ and CD4~ and CD87)

Group Immune®™ nuclei where (CD68" and CD3d~ and
Progenitor~ and CD4~ and CD87)

Group Immune™ nuclei where (CD20" and CD68~ and CD3d™
and Progenitor~ and CD4~ and CD87)

Group Immune™ nuclei where (CD45% and CD20~ and CD68™
and CD3d~ and Progenitor™ and CD4~ and CD8™ and CD11B~
and Lysozyme™)

Group all nuclei that are Progenitor™
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Figure 3: Image similarity quantified using normalized cross-correlation (NCC) between the first-round DAPI image
and all subsequent imaging rounds. As repeated staining and imaging introduce cumulative tissue deformation, rigid
registration exhibits a progressive decline in similarity, with the lower quartile (25th percentile) dropping to approximately
0.7 in later rounds. In contrast, deformable registration consistently preserves higher similarity across rounds, with the
lower quartile remaining near 0.8 even at later stages. Deformable registration achieved significantly higher NCC than

rigid registration across rounds (p < 0.01).

4.1 Impact of Rigid vs. Deformable Registration on DAPI
Image Similarity

We quantified image similarity using NCC between the
first-round DAPI image and all subsequent rounds across
43 MxIF images in our dataset, excluding the 10 MxIF
images whose patches were used to train the deformable
registration network. Deformable registration consistently
produced higher NCC values than rigid registration across all
imaging rounds (Figure 3), indicating improved alignment
between successive DAPI stains. This improvement was
statistically significant across rounds (p < 0.01, Wilcoxon
signed-rank test). Notably, while rigid registration exhib-
ited a pronounced decline in similarity in later rounds due
to cumulative tissue deformation, deformable registration
maintained higher similarity throughout repeated staining
and imaging cycles.

4.2 Evaluation of Rigid vs. Deformable Registration on
Cell Annotation

We applied both rigid and deformable registration through
our proposed pipeline to our dataset of 53 WSI. The perfor-
mance of each method was evaluated by comparing the total
number of cells annotated, as shown in Figure 4. Visual
comparisons revealed that deformable registration typically
enhanced the labelled nuclei counts for the majority of the
slides. Additionally, the tissue deformation mask excluded

6.65 + 4.46% of the WSI area, depending on the extent of
deformation and tissue loss observed in the tissues.

25000

20000

Training Data

25000

20000

Testing Data

15000 15000

10000 10000

Number of labelled nuclei
Number of labelled nuclei

5000 5000

1

p<0.001 o0 p<0.005
=5

Rigid(Baseline)  Deformable(Proposed Method) i D
Type of registration applied Type of registration applied

-5000

Method)

Figure 4: Comparison of number of classified nuclei us-
ing rigid registration and deformable registration via the
proposed deformable registration pipeline for all 53 MxIF
images. We observe an increase in the number of classified
nuclei for most images when deformable registration is used,
as highlighted by the correspondence lines. A Wilcoxon
signed rank test yields a statistically significant difference
(p < 0.01 on testing data and p < 0.005 on the training
data) between the two methods.

The variations in increases and decreases in nuclei sub-
type classification primarily stemmed from nuclei transition-
ing between undefined and defined states as a result of
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After Deformable Registration

Figure 5: We find that deformable registration results in nuclei transitions between subtypes. (Left) A directed graph
displaying cell interactions, with edges weighted by the square root of the number of transitions and scaled down by a
factor of 50. The edges are colored based on the subtype classification from rigid registration, and the transparency
of each edge is adjusted according to the edge weights. We observe that transitions out from the “Undefined” state
are more heavily weighted than other transitions. (Right) A matrix visualizing the dynamics of cell type changes
post-deformable registration. Values are shown using natural log scaling for enhanced clarity. The main diagonal entries
denote cells retaining their classification pre- and post- deformable registration. The last row indicates the number of
cells transitioning from an undefined state before deformable registration to defined classes after, highlighting the gains
for each cell type. Conversely, the last column shows the cells that shifted from specific classes to an undefined state,
reflecting losses per class. Other entries detail the transitions between different cell types. As the last row and column
are relatively darker than corresponding rows and columns, most transitions happen with respect to the “Undefined”
state.

applying deformable registration. Additionally, changes in the range [0,255]. Additional images from multiple MxIF
subtype classification post-registration also impacted these images showing the transitions for all classes are provided
results. To quantitatively assess the significance of these in the supplementary figures.

registration-induced changes, a Wilcoxon signed rank test Within the immune cell groupings, we observed increases
was performed on the number of labeled nuclei before and i annotation counts for B cell nuclei (2.8%), monocytes
after applying deformable registration. This test revealed (12.3%), leukocytes (18.1%), helper T cell nuclei (25.7%),

a statistically significant increase in labeled nuclei with a  macrophages (24.5%), and myeloid cell nuclei (8.6%). Con-
p < 0.01, emphasizing the effectiveness of the deformable ersely, there was a decrease of 21% in cytotoxic T cell

registration technique. Shifts in marker position due to pyclei and 2.29% in CD3TCD4-CD8™ T cell nuclei. In the
deformable registration can change the class of a nuclei

from its initial designation with rigid registration. Figure 5
provides an illustration of the transitions that happened be-
tween nuclei subtypes due to the application of deformable
registration. A few instances of this effect are shown in
Figure 6, where we pick some nuclei at random and show
how the classification of the nuclei changed due to the
application of deformable registration. For visualization

purposes, the intensity of the marker signal in these figures \We investigated the impact of varying the smoothness hy-
has been increased by a factor of 20 and clipped within perparameter weight on the performance of our deformable

stromal grouping, fibroblasts showed a 40% increase, and
the stromal (undefined) class saw a 37.6% increase. Among
epithelial cells, enterocytes increased by 6.8%, whereas en-
teroendocrine nuclei decreased by 24%. The progenitor
group exhibited a 19.4% increase in the number of nuclei.

4.3 Sensitivity Analysis
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Class change from “Progenitor” with rigid registration to “Enterocyte” with deformable registration

NaKATPase positive PanCK positive

Sox9 positive OLFM4 negative

RIGID
(Baseline)

NaKATPase positive PanCK positive

Sox9 negative OLFM4 negative

DEFORMABLE
(Proposed pipeline)

Class change from “Enterocyte” with rigid registration to
“Undefined” with deformable registration

Class change from “Undefined” with rigid registration to
“Enterocyte” with deformable registration

PanCK positive CD45 negatlve
8
o3
23

PanCK positive CD45 positive

DEFORMABLE
(Proposed pipeline)

PanCK positive SMA positive
e
0%
23

PanCK positive SMA negative

DEFORMABLE
(Proposed pipeline)

Figure 6: The type of registration applied has a profound effect on nucleus sub-type classification. The targeted nucleus
is highlighted in green, surrounding nuclei in blue, and marker expressions in red.(Top) Under rigid registration, the
nucleus was initially labeled as Progenitor being positive for NaKATPase, PanCK and Sox9. After alignment using
deformable registration, the nucleus was negative for Sox9, changing its classification to Enterocyte.(Bottom Left) Here,
rigid registration identified the nucleus positively with only PanCK, classifying it as an Enterocyte. However, deformable
registration caused the marker for CD45 to become more pronounced, creating an epithelial and immune conflict and
leading to an undefined label.(Bottom Right) Initially, with rigid registration, the nucleus tested positive for PanCK and
SMA, classified as Undefined due to epithelial and stromal conflict. Deformable registration subsequently aligned the
marker from SMA more closely around the nucleus causing it to be negative for SMA, thus classifying it as Enterocyte.

registration pipeline, using the number of nuclei labels
gained as a measure of registration effectiveness. This
sensitivity analysis involved training models with different
smoothness weights, applying each model to perform reg-
istration, and quantifying the resulting gain in classified

nuclei. We observed that the number of nuclei labels gained
peaked at a smoothness weight of 0.5, with reduced gains
observed for both lower and higher values (Figure 7). How-
ever, as the optimal smoothness weight can vary depend-
ing on dataset quality, tissue characteristics, and imaging
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conditions—consistent with the behavior of hyperparame-
ters in deep learning models—we conservatively selected
a smoothness weight of 1 for all experiments reported in
this study. This choice lies toward the edge of the op-
timal region and was intentionally made to demonstrate
that the observed improvements in registration quality and
downstream nucleus subtype classification are not overly
dependent on a finely tuned hyperparameter value.

5. Discussion and Conclusion

Our study underscores the significance of registration on the
classification and interpretation of MxIF data. Our hypoth-
esis that improved alignment of markers with nuclei would
enhance the proportion of nuclei classified was supported
through both quantitative and qualitative analyses. The
deployment of deformable registration markedly increased
number of labelled nuclei. Additionally, our approach aids
in identifying areas of tissue loss and deformation, allowing
for their exclusion from the analysis.

Sensitivity Analysis

-/'\\@
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3500 A
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2000 1 &
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Number of nuclei labels gained

1000 A

500 A

’

0 0.001 0.01 0.1 0.175 0.25 0.5 0.625 0.75 1 10
Smoothness hyperparameter weight

O

100 1000

Figure 7: Variation in the weight of the smoothness hyper-
parameter effects the number of nuclei gained. This impact
is illustrated on one WSl in the figure. The number of labels
is maximized is maximized at 0.5 and falls off beyond 1 and
below 0.1. Lower weights lead to non-realistic deformation
fields, while higher weights overly constrain the vector fields,
resulting in suboptimal registration.

In our manuscript, we aim to show the impact of de-
formable registration on the quantification of cells in MxIF
images. One of the key benefits of using VoxelMorph,
which is a deep learning-based method, over numerical op-
timization is that during inference, the method is faster
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than numerical optimization. Considering that each MxIF
image in our dataset consists of around 17-19 rounds of
imaging, and owing to the size of WSI images, numerical
optimization techniques would require significantly more
computational time highlighting the efficiency and prac-
ticality of deep learning-based registration. We used the
VoxelMorph framework to quantify how effectively deep
learning based deformable registration helps in classifying
the nuclei in MxIF. Our approach involved training the
model on a subset of 10 images, then applying the model to
both the training subset and the remaining images to eval-
uate its overall performance. This inclusion of the training
data in our results aligns with principles from classical regis-
tration methods, where the algorithm typically minimizes a
metric between the moving and fixed images directly. This
approach is supported by the concept of instance-specific
optimization(Balakrishnan et al., 2019), which suggests
that optimizing on a per-instance basis can enhance perfor-
mance. Our results indicated that once trained, the model
could be applied to new images from the same dataset
without the need for re-training, suggesting a reasonable
level of generalizability within data acquired from the same
site.

Interestingly, the transition matrix shows rare reclassi-
fications between the stromal and epithelial groups, rein-
forcing the delineation between them. Furthermore, few
transitions were noted between the immune and epithe-
lial groups, suggesting that the application of deformable
registration maintains the distinct groupings, with reclas-
sifications predominantly occurring within nuclei subtypes
that belong to the same group.

In our sensitivity analysis, we observed that when we
reduce or increase the weight of the smoothness hyper-
parameter by a large factor, the gains in the nuclei labels
became very low. This could be because reducing the weight
of the smoothness parameter leads the network to prioritize
image matching, which can generate non-realistic defor-
mation fields. These deformation fields, when applied to
the marker images, cause the images to spread out sporadi-
cally instead of moving coherently with the nucleus signal.
Conversely, increasing the parameter too much results in
applying excessive constraint on the vector fields, leading
the network to learn suboptimal registration that almost
approaches rigid registration . While it is relatively robust
in reasonable ranges, the optimal smoothness weight might
be dataset- and image-quality dependent, as variations in
tissue integrity, staining consistency, and imaging noise
can influence the balance between deformation flexibility
and regularization. Therefore, we recommend performing a
small hyperparameter sweep to identify a smoothness weight
that yields satisfactory performance for a given dataset.

Our findings are consistent with prior studies in mul-
tiplexed immunofluorescence and digital pathology that
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rely predominantly on rigid or affine registration for marker
alignment across staining rounds. Several existing MxIF
workflows repeatedly acquire a nuclear or structural marker
and apply rigid registration to align successive imaging cy-
cles into a common coordinate system(Lin et al., 2018;
Mufioz-Castro et al., 2022; Liu and Ding, 2025). While
these approaches are effective for correcting global shifts
and rotations, they do not explicitly address the local, non-
linear tissue deformations that can accumulate over repeated
staining, bleaching, and imaging cycles(Bao et al., 2022).
More broadly, prior work in histological image registration
has shown that deformable registration can improve lo-
cal alignment and downstream quantitative analyses in the
presence of tissue distortion, albeit often at substantial com-
putational cost when using numerical optimization—based
methods(Elhaminia et al., 2025). Our results extend these
observations to the MxIF setting by demonstrating that deep
learning—based deformable registration can improve marker—
nucleus alignment and nucleus classification at whole-slide
scale, while remaining computationally feasible for datasets
involving many imaging rounds.
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