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ABSTRACT

Recent trends in computational pathology favour increasingly complex deep learning architectures, raising the question of whether
such complexity is necessary for routine diagnostic tasks. This study challenges this assumption through a comprehensive analysis
of the relationship between model complexity, data pre-processing, and performance across four fundamental digital pathology
tasks: nuclei counting, steatosis quantification, glomeruli detection, and Ki67 proliferation index (PI) assessment. We evaluated
five deep learning models of varying complexity (lightweight: MobileNetV2, U-Net, and more complex: ConvNeXt, K-Net, and
Swin Transformer) combined with different image pre-processing techniques. To evaluate model performance without extensive
ground truth (GT) annotations, we introduced a validation strategy utilizing the relative absolute deviation (RAD) between
network predictions and correlation of performance metrics. Our findings demonstrate that pre-processing strategies, particularly
stain normalization (NORM), can be more impactful than model complexity, reducing error rates by up to 50% compared to
processing original (ORIG) images. With appropriate pre-processing, lightweight models achieved comparable or superior results
to complex models while reducing processing times by up to 40%. Only specific tasks involving complex morphological features,
such as glomeruli detection, significantly benefited from more sophisticated architectures. This study provides an evidence-
based framework for selecting optimal model-pre-processing combinations in clinical settings, suggesting that investing in
pre-processing pipelines rather than model complexity may be more beneficial for routine computational pathology applications.

1 | Introduction as the Al research field evolves, there is a growing tendency to

develop increasingly complex deep learning models which, when
The integration of digital technologies has dramatically trans- reported, achieve only marginal performance improvements in
formed pathologist workflow, transitioning from traditional basic tasks such as, for instance, nuclei segmentation or cell
microscopy-based diagnostics to computational analysis of dig- counting, often without considering the implications of model

itized glass slides [1, 2]. Furthermore, the implementation of = implementation in a clinical setting [8, 9].

artificial intelligence (AI), particularly deep learning models,

has demonstrated significant potential in supporting procedures The transition from microscopy-based pathology to digital pathol-
performed manually by pathologists that are key in diagnosis  ogy workflows presents significant technical challenges. While
[3-5], prognostication and treatment planning [6, 7]. However, = WSI systems have achieved widespread adoption in pathology
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departments, the computational infrastructure required for
advanced AI model deployment remains a significant limitation
[10]. In fact, most healthcare institutions face considerable
constraints in terms of GPU availability, storage capacity, and pro-
cessing power, with typical pathology departments having access
to standard workstations rather than high-performance comput-
ing clusters [11, 12]. These hardware limitations, combined with
the need for rapid turnaround times, create practical barriers to
implementing complex deep learning architectures in a clinical
setting [13]. Furthermore, the cost of upgrading computational
infrastructure often exceeds departmental budgets, making it
crucial to develop efficient solutions that can operate within
existing resources.

In recent years, we have witnessed a trend towards developing
more complex deep learning models in computational pathology.
These models, while achieving superior benchmark perfor-
mance metrics, introduce substantial computational overhead
and extend inference times [14]. This emphasis on architectural
complexity has somewhat overshadowed the importance of pre-
processing techniques, such as NORM and colour augmentation
(CAUG), which can significantly impact model performance
regardless of architectural complexity [15].

However, routine slide analysis that, for instance, involves cell
counting, delineating cancer cells, or finding sclerotic glomeruli,
might not require complex architectures. Our experience gained
over several years in training different AI models for various seg-
mentation tasks suggests that simpler architectures—when prop-
erly optimized and combined with appropriate pre-processing
techniques—can achieve clinically acceptable accuracy [16-18].
We also noticed that a marginal difference in the intersection
over union (IoU) metric, computed for the prediction masks
generated by a simpler and that for a more complex model, can
lead to a negligible practical benefit in WSI analysis scenarios
[19].

Hence, we posit that the computational pathology workflows
need a systematic evaluation of the trade-off between the model
complexity and its clinical utility. Also, while maximizing the
model’s accuracy, its efficiency, computational complexity, and
impact on the diagnostic task improvement need to be assessed
as well [20].

Based on these considerations, this work aims to address the
following issues in computational pathology:

- Is increased model complexity necessary for achieving clin-
ically acceptable performance in tasks requiring WSI seg-
mentation? This fundamental question challenges current
trends in model development and has direct implications for
clinical implementation. We investigated whether lightweight
deep learning models could match the performance of more
complex models using pipelines with image pre-processing
techniques.

- What is the relative impact of data preprocessing on the accu-
racy of the lightweight and complex models? Understanding
this relationship is crucial for developing efficient clinical
solutions. To assess the impact, we examine if and how NORM
and CAUG affect the performance across different models.

- What are the practical trade-offs between the model’s com-
plexity and inference time? This question directly addresses
clinical workflow requirements. We analyse whether marginal
improvements in the model’s accuracy justify the increased
computational costs by complex models.

The rest of this paper is organized as follows. Section 2 provides
an exhaustive description of the proposed study, focusing on
five image segmentation models of varying complexity (from
lightweight MobileNetV2 to complex Swin Transformer) applied
to analyse image data using three different pre-processing tech-
niques (ORIG images, CAUG, and NORM). These models are
evaluated across four distinct digital pathology tasks: nuclei
counting, steatosis quantification, glomeruli detection, and Ki67
PI assessment. Key experiments include model performance
evaluation on both annotated image tiles and WSIs. Experimental
results are reported in Section 3, involving model testing and
performance both in terms of image tiles and entire WSIs,
along with comprehensive computational time analysis. Section 4
discusses the work as a whole with practical implementation
recommendations for clinical settings. Finally, in Section 5, the
key findings and their significance from the experimental results
are briefly summarized.

2 | Materials and Methods

In this study, we trained and evaluated five image segmentation
models of different complexity and used three data preprocessing
techniques to assess the impact of the models on segmentation
accuracy. The study design summarized in Figure 1 considers
four tasks: (i) nuclei segmentation and counting in hematoxylin
and eosin (H and E) stained multiorgan tissue images; (ii)
steatosis quantification in H and E-stained liver tissue images;
(iii) glomeruli segmentation and counting in periodic acid-Schiff
(PAS) stained kidney tissue images, and (iv) Ki67 PI assessment
in immunohistochemically (IHC) stained breast cancer images.
Model evaluation was carried out in two phases: using image
tiles with pathologist GT annotations (Figure 1a) and using WSIs
to simulate analysis in a clinical setting (Figure 1b). In the first
phase, stain perturbation was also applied to test image tiles
to simulate staining variability in slides from multiple centres.
Both analyses were quantitatively assessed with segmentation-
based and task-specific performance metrics to comprehensively
evaluate two key aspects: the impact of model complexity and the
relative importance of data pre-processing techniques.

2.1 | Datasets

This study utilized four datasets, each corresponding to a specific
segmentation task in computational pathology. Each dataset
included image tiles and WSIs organized in subsets as follows:

i. ORIG training, validation and test image tiles with patholo-
gist GT annotations;

ii. stain-perturbed test image tiles with pathologist GT annota-
tions to simulate staining variability;

iii. WSIs without GT annotations.
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FIGURE 1 |

Overview of the experimental design. (a) Five segmentation models were applied to analyse image data pre-processed using ORIG,

CAUG, and NORM techniques, and evaluated across four different digital pathology tasks. Stain perturbation was applied to simulate staining variability

typically encountered in multi-centre datasets. Performance assessment included both segmentation-based and task-specific metrics evaluation using the
relative absolute error (RAE); and (b) WSI processing to reproduce slide analysis in a clinical setting: an example of breast tissue WSI with segmentation
of Ki67-positive and Ki67-negative cell nuclei to evaluate the Ki67 PI. Correlation matrix and RAD metric were computed for performance comparison.

These datasets, which include a variety of tissue types and
different staining colorations, were gathered from different repos-
itories, and, when considered together, were used to comprehen-
sively evaluate model performance in different quantitative tasks
in pathology. Dataset characteristics are provided in Table 1.

2.1.1 | ORIG Image Tiles

For nuclei segmentation and counting, we employed the
MoNuSeg dataset [21], which comprises 30 H and E-stained
tiles from tissue samples of various organs (i.e., breast, liver,
kidney, prostate, bladder, colon, and stomach) with overall 21,713
nuclei with GT annotations. Captured at 40x magnification, this
dataset represents a variety of cell types, nuclear phenotypes,
and cell confluency, enabling development of nuclear instance
segmentation models that can also be used for nuclei counting.

The HEPASS dataset [22] was used for steatosis quantification.
It consists of 560 H and E-stained liver tissue tiles acquired at
20x magnification, with 10,952 lipid vesicles hand-annotated by
a pathologist. This dataset can be used to assess accuracy of
semantic segmentation models in identifying and delineating
lipid vesicles in liver specimens.

For glomeruli segmentation and counting, we used the RENTAG
dataset [16], which includes 610 PAS-stained kidney tissue tiles
captured at 10x magnification with 587 hand annotated glomeruli.
This dataset allows for the evaluation of instance segmentation
and counting of healthy and pathological glomeruli—a task
frequently performed by nephropathologists.

Finally, for the PI assessment in IHC stained images, we
employed a private dataset of Ki67-stained breast tissue images,
consisting of 179 image tiles captured at 20x magnification, with

38,734 and 44,553 cell nuclei manually delineated and labelled as
Ki67-positive or Ki67-negative, respectively.

21.2 | Stain-Perturbed Test Image Tiles

Coloration of tissue staining in images of glass slides can vary
due to differences in staining protocols and slide scanner settings.
To simulate the effect of stain colour changes and variability
in image appearance of the same slide scanned using different
devices, we perturbed the HSV colour channels in our test image
tiles four times; that is, for each test tile, 4 new image tiles with
altered staining coloration were generated [23, 24]. The stain
perturbation process involved converting the ORIG RGB image
into the HSV colour space, modifying the saturation and value
channels while preserving the hue component, and converting
the image with perturbed colour channels back to the RGB space.
The saturation and value channels were modified by respectively
increasing and decreasing their contrast by 50%. Figure 2 shows
example images from each of the four datasets along with
their corresponding stain-perturbed variants. The numbers of
stain-perturbed image tiles for model testing are summarized in
Table 1.

213 | WSIs
For each task we collected separate sets, 100 WSIs each (400 in
total). The set for evaluating nuclei segmentation and counting
consists of H and E-stained slides of breast, colon, lung, and
prostate tissue, including 66 WSIs sourced from The Cancer
Genome Atlas (TCGA) archive (https://portal.gdc.cancer.gov)
and 34 private WSIs acquired at the Michele and Pietro Fer-
rero Hospital (Cuneo, Italy) and A.O.U. Cittd Della Salute e
Della Scienza Hospital (Turin, Italy). Specifically, there were
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TABLE 1 | Dataset characteristics for the four digital pathology tasks. For each task, the number of ORIG image tiles in training, validation and test
sets is reported, along with scanning objective magnification and pixel size. The number of stain-perturbed test image tiles and WSIs used for evaluation

is also indicated.

Tiles and WSIs Pixel size Datasets (total
Task (stain) Organ (Subset) Quantity (magnification) quantity)
Nuclei counting Multiorgan Tiles (train) 13 0.25 pm (40x) MoNuSeg [21] (30)
(H and E) Tiles (validation) 3
Tiles (test) 14
Tiles (perturbed test) 56
WSIs (test) 100 0.25 um (40x) TCGA (66)
0.50 um (20x) Private (34)
Steatosis Liver Tiles (train) 454 0.47 um (20x) HEPASS [22] (560)
quantification Tiles (validation) 56
(H and E) .
Tiles (test) 50
Tiles (perturbed test) 200
WSISs (test) 100 0.25 um (40x) TCGA (50)
0.50 um (20x) Private (50)
Glomeruli Kidney Tiles (train) 430 0.93 um (10x) RENTAG [16] (610)
counting (PAS) Tiles (validation) 70
Tiles (test) 110
Tiles (perturbed test) 440
WSISs (test) 100 0.50 pum (20x) Private (100)
Ki67 proliferation Breast Tiles (train) 126 0.44 um (20x) Private (179)
index assessment Tiles (validation) 25
(IHC) .
Tiles (test) 28
Tiles (perturbed test) 112
WSISs (test) 100 0.22 um (40x) Private (100)
0.44 um (20x)

17 (private) and 8 (TCGA) WSIs with breast specimens, 25
(TCGA) WSIs with colon specimens, 25 (TCGA) WSIs with
lung specimens, and 17 (private) and 8 (TCGA) slides with
prostate specimens. For steatosis quantification, 50 H and E-
stained liver WSIs were sourced from TCGA and 50 private
WSIs from A.O.U. Citta Della Salute e Della Scienza Hospital
(Turin, Italy). Both, the 100 PAS-stained kidney WSIs used for
glomeruli counting and the 100 Ki67-stained breast tissue WSIs
used for Ki67 PI assessment were sourced privately from the
Michele and Pietro Ferrero Hospital (Cuneo, Italy) and A.O.U.
Citta Della Salute e Della Scienza Hospital (Turin, Italy). All WSIs
were digitized with 20x or 40x scanning object magnification
(Table 1).

2.2 | Model Architecture and Training

In this study, we compared five distinct deep learning model
architectures, both lightweight and complex. These models were
selected based on prior research to evaluate the relationship
between model complexity, performance, and computational
efficiency. Table 2 summarizes the key characteristics of each
model, ordered based on model complexity.

The MobileNetV2 [25] represents a lightweight convolutional
neural network (CNN) with depth-wise separable convolutions
designed for computational efficiency. The U-Net model [26]
comprises a standard encoder-decoder architecture with skip
connections. The ConvNeXt model [27] introduces an approach
that combines CNN with vision transformer (ViT) character-
istics. The K-Net model [28] further increases complexity by
implementing kernel updates and interaction mechanisms. The
Swin Transformer [29], which is the most complex of the five
models, represents a ViT architecture that employs a hierarchical
structure with shifted windows to efficiently perform local self-
attention. More details about the model architectures can be
found in Supplementary Material (Table S1).

For model training, the training and validation image tiles
(Table 1) were split into smaller patches with the patch size
selected for each task as follows:

- Nuclei segmentation and counting (H and E): 320 x 320 pixels,
2-class task (nuclei instances vs background);

- Steatosis quantification (H and E): 416 x 416 pixels, 2-class task
(steatosis vs background);
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FIGURE 2 | Examples of ORIG image tiles (first column) and stain-perturbed image tiles (from second to fifth column).

TABLE 2 | Main characteristics of the deep learning models used in the study.

Model Type Parameters (millions) Complexity (GFLOPs) Total size (MB)
MobileNetV2 [25] Lightweight CNN 9.7 2.0 37.1
U-Net [26] Simple CNN 28.9 8.6 110
ConvNeXt [27] Advanced CNN 60.13 25.1 229

K-Net [28] Deep CNN 79.6 35.2 303.9

Swin [29] ViT 121.2 19.9 462

- Glomeruli segmentation and counting (PAS): 512 X 512 pixels,
3-class task (healthy glomeruli vs pathological glomeruli vs
background);

- Ki67 PI assessment (IHC): 320 x 320 pixels, 3-class task (Ki67-
negative cells vs Ki67-positive cells vs background).

Model training was performed using datasets described in Table 1.
For each task, all five models (MobileNetV2, U-Net, ConvNeXt, K-
Net, and Swin) were trained using identical training sets of image
tiles to ensure a fair comparison of model performances. For
steatosis quantification (H and E) and glomeruli segmentation
and counting (PAS), the training and validation image tiles
were used, since the receptive field of each model matched the
image tile size. For nuclei segmentation and counting (H and
E), we prepared 468 patches for training and 108 patches for
validation from the image tiles. For Ki67 PI assessment (IHC),
1434 patches were used for training and 270 for validation.

During training, the on-the-fly data augmentation was applied,
including rotations and flips. All models were trained using Adam
optimizer with Dice score loss, which is particularly suited for
medical image segmentation tasks as it directly optimizes spatial
overlap between predicted and GT segmentations. The Dice loss
function is defined as:

2-IPNnG|+¢

TP+ G| +¢ )

Dicey,s =1

where P represents the predicted segmentation mask and G
represents the GT mask. I[P n Gl denotes the intersection between
prediction and GT, while IPI and |Gl represent their respective
cardinalities. € is a small constant added to avoid division by zero.
This loss function ranges from 0 to 1, where 0 indicates perfect
overlap between prediction and GT. The loss was monitored
during 50 epochs of training with an initial learning rate of le-4
and stepwise learning rate decay, and a batch size of 4 tiles.
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FIGURE 3 |
inference by five different deep learning models (MobileNetV2, U-Net, ConvNeXt, K-Net, and Swin).

To assess the impact of data preprocessing techniques on model
performance, we trained each model under three different sce-
narios (Figure 3). In the first scenario, only ORIG patches were
used in training. In the second scenario, CAUG was applied
to each patch by randomly modifying the hue, saturation, and
brightness of the images. Specifically, the hue was shifted by
a random value between -0.05 and 0.05, while saturation and
brightness were scaled by a random factor between 0.8 and 1.2.
This process allowed simulating various staining variations that
are encountered in real-world data, providing the model with
a more diverse and representative set of images. In the third
scenario, NORM was applied using a previously developed tool
[30]. In contrast to CAUG, NORM aims to standardize the color
appearance of the images, thereby reducing the variability in
staining patterns across different samples [31].

In total, 15 deep learning models were trained; each of the five
models listed in Table 2 was trained de novo using the ORIG,
CAUG, and NORM image data. This approach allowed us to
evaluate the impact of deep learning model complexity and data
pre-processing techniques on the segmentation accuracy and
inference times.

2.3 | Task Description
We focused on four distinct tasks in digital pathology, each with
its own specific requirements and clinical relevance (Figure 4):

- Nuclei segmentation and counting (H and E): performed in
H and E-stained images is crucial for various pathological
assessments, including nucleus-based cell profiling, tumor
grading, tumor proliferation, and cellularity assessment [32,
33]. This task involves instance segmentation to identify
individual nuclei and is challenging due to cell clustering,
overlapping, and variabilities in nuclear shape and size.

- Steatosis quantification (H and E) in H and E-stained liver
tissue is essential for assessing the severity of fatty liver
disease [17]. It requires semantic segmentation to identify and
measure the area of lipid vesicles which can vary in size and

= ?m‘ 2,';"_. Modeloric '

ST

,oU-Net
~__oConvNeXt
PO =~ ~oK-Net

o Swin

Examples of H and E-stained patches subjected to the three data preprocessing techniques (ORIG, CAUG, NORM) used during

confluency. According to Liquori et al. [34], measuring the
vesicle area is crucial in the assessment of steatosis, which,
based on the vesicle area, is classified as macrovesicular
(MACRO) steatosis (vesicle area > 175 um?) or microvesicular
(MICRO) steatosis (vesicle area < 175 um?).

- Glomeruli segmentation and counting (PAS) is vital for
assessing renal function and diagnosing kidney diseases [35].
This task involves instance segmentation, identifying and
delineating healthy and pathological glomeruli, which can be
challenging due to their complex structure and pathological
changes that can affect glomerular morphology.

- Ki67 PI assessment (IHC): determining this index, defined
as the ratio of Ki67-positive tumour cell nuclei to the total
tumor cell nuclei in THC stained specimen tissue is crucial
for assessing tumour aggressiveness, outcome prediction and
treatment planning in breast cancer [36]. This task requires
nuclei detection, segmentation, and quantification of marker
intensity inside the detected nuclei to determine tumor cells
that are Ki67-positive or Ki67-negative.

2.4 | Inference and Evaluation Metrics

During network inference, we applied classical post processing
techniques, including thresholding on the softmax output to
obtain a prediction mask, followed by mask refinement with
morphological operators. All task-specific post processing steps
are provided in the Supplementary Material (Figure S1). For the
WSI analysis, we first applied a tissue detection algorithm [17],
both for H and E, PAS, and THC stained slides, to identify tissue
area for analysis and exclude background, and subsequently
applied the models only to the tissue area. An example WSI
segmentation is provided in the Supplementary Material (Figure
S2).

To comprehensively evaluate model performance, we employed
both pixel-based metrics and task-specific segmentation accuracy
metrics (Table 3). For pixel-based evaluations, the precision,
recall, and IoU were used. These metrics were computed for
all detected instances disregarding the class type, that is, pixels
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FIGURE 4 | Examples for segmentation tasks evaluated in the study. (a) nuclei counting in H and E-stained tissue; (b) steatosis quantification in

H and E-stained liver tissue; (c) glomeruli counting in PAS-stained kidney tissue; and (d) Ki67 PI assessment in IHC stained breast cancer tissue. Each

panel shows the ORIG image, prediction mask with segmented and classified cellular structures, and an example quantification result.

TABLE 3 | Overview of segmentation tasks and evaluation metrics. IoU: intersection over union; Dicegp;: Object-based Dice index; AJT: aggregated

Jaccard Index; RAEoynt: relative absolute error for nuclei count; AEy4cro: absolute error for macro vesicular steatosis; AE)gcro: absolute error for

micro vesicular steatosis; AETor: absolute error for total steatosis; AEyparrHy: absolute error for healthy glomeruli count; AEp,ry: absolute error for

pathological glomeruli count; AEtqt: absolute error for total glomeruli count; RAEpqs: relative absolute error for Ki67-positive cells count; RAEngg:

relative absolute error for Ki67-negative cells count; and AEp;: absolute error for Ki67 PI.

Task (Stain) Segmentation type Pixel-based metrics Task-specific metrics
Nuclei (H and E) Instance segmentation Precision, Recall, IoU Diceggy, AJL, RAE ount
Steatosis (H and E) Semantic segmentation AEyacros AEvicros AETor
Glomeruli (PAS) Instance segmentation AEygartays AEparis AEror

Ki67 proliferation index (IHC) Instance segmentation

RAEpqs, RAENgg, AEp;

with predicted classes other than background were merged into
one. In addition to pixel-based metrics, we employed task-specific
metrics including the absolute error (AE) defined as the absolute
difference between GT and predicted values, and the RAE defined
as the ratio of the AE and the GT value. For each task, the
task-specific metrics are detailed as follows:

* Nuclei segmentation and counting: we used the object-based
Dice index (Diceyp;), which evaluates the object detection
quality using the harmonic mean of the object-based precision
and recall metrics. We also employed the aggregated Jaccard
index (AJI) [37] to measure the quality of instance segmen-
tation by overlaying the predicted and GT object instances.
Additionally, we calculated the RAE oyny to compare GT and
automatic nuclei counts.

» Steatosis quantification: we calculated the AE in terms of
relative area for MACRO, MICRO, and total steatosis. The AE
quantifies the AE between the percentage area occupied by

steatosis in the predicted and GT segmentation masks for each
vesicle category.

* Glomeruli segmentation and counting: for this task, we
computed the AE separately for healthy, pathological, and
total glomeruli counts to quantify the difference between the
predicted and GT counts of each glomerular type.

* Ki67 pi assessment: we used the RAE for Ki67-positive and
Ki67-negative nuclei count to assess the difference between
the predicted and GT counts. Additionally, we calculated the
AEp, for the Ki67 PI, defined as the ratio of the Ki67-positive
nuclei and the total number of tumour nuclei.

Taken together, the pixel-based and task-specific metrics allowed
for evaluating the performance of the five models and assessing
their usefulness in digital pathology. Paired-sample ¢-tests were
also carried out to identify differences and potential improve-
ments in the evaluation metrics yielded by the models trained
using patches processed by different preprocessing techniques.
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To evaluate model performance at the WSI level, due to the lack
of WSI-level GT, our primary goal was to quantitatively assess the
consistency between models, rather than the accuracy evaluated
using GT. For each task, we used the Pearson correlation coeffi-
cient (PCC) with paired-sample ¢-tests to evaluate the relationship
between the task-specific outputs of all possible pairs of deep
learning models used, and the proposed RAD metric to measure
the deviation in the task-specific outputs of all deep learning
networks with respect to a central average value (used in the
absence of GT). Mathematically, the RAD metric for each WSI
pre-processed using the ORIG, CAUG, or NORM technique is
defined as:

RAD, (%) = 100 =—=;p=12:CAUG  (2)
= y 3: NORM

where y; denotes the output of the i-th deep learning model
preprocessed using the p-th technique and y is the average value
of the outputs of the five models preprocessed using the same p-th
technique. More specifically:

* For nuclei counting, y; and y refer to the total number of
nuclei.

» For steatosis quantification, three types of RAD can be
computed, hence y; and y refer to the relative area occupied
by MACRO, MICRO, and total steatosis, respectively.

* For glomeruli counting, three types of RAD can be computed,
hence y; and y refer to the number of healthy, pathological and
total glomeruli, respectively.

* For Ki67 PI assessment, three types of RAD can be computed,
hence y; and y refer to the Ki67-positive and Ki67-negative
nuclei count, and the Ki67 PI, respectively.

Additionally, we measured WSI processing times by each deep
learning model.

2.5 | Experimental Setup

Our experimental setup was designed to reflect both state-of-
the-art research capabilities and practical clinical scenarios. We
trained and tested all models in Python (v. 3.8.19) using PyTorch
(v2.1.0) with the MM segmentation library (v1.2.2) [38] from the
OpenMMLab framework. For model training, we employed a
high-performance workstation equipped with an NVIDIA RTX
A6000 GPU (48 GB VRAM), an Intel Core i9-14900K CPU and
256 GB of RAM. To better simulate the computational capability
of hardware typically available in a clinical setting, we conducted
model testing and evaluation using a lower performance system.
This setup comprised an NVIDIA GeForce RTX 3090 GPU (24 GB
VRAM), an Intel Core i5-13600K CPU and 64 GB of RAM.

3 | Results

This section presents accuracy metrics gathered from numerical
experiments involving model testing using the original test image
tiles, stain-perturbed test image tiles, and WSIs. Since the test
image tiles (both the ORIG and stain-perturbed ones) had GT

annotations available, the pixel-based and task-specific metrics
were computed. For experiments with the WSIs, GT annotations
were not available, hence we used the PCC and paired-sample
t-tests, and the RAD metric (Equation 1) to compare quantita-
tive redouts derived from each model output for each of the
four segmentation tasks. The WSI-based analysis also includes
comparisons of WSI processing times. As outlined in Section 2
(Table 2), five deep learning models of various complexity, i.e.,
MobileNetV2 (lightweight CNN), U-Net (simple CNN), Con-
vNeXt (advanced CNN), K-Net (deep CNN), and Swin (ViT) were
tested.

3.1 | Performance Evaluation Using ORIG Test
Image Tiles

Table 4 presents the pixel-based metric (IoU) and the task-specific
metric (AE or RAE) across all tasks. For nuclei counting, we
report RAE oyyr between the manual and automatic nuclear
counts. For steatosis quantification, AEq; represents the differ-
ence between the predicted and manual percentage areas of total
steatosis. Glomeruli counting uses AE;,; between manual and
automatic counts, while Ki67 assessment employs AEp; between
manual and automatic proliferation indices. Complete metrics
are available in the supplementary material (Tables S2-S5).

In nuclei segmentation and counting, IoU values remained stable
around 0.674, while RAE-oynr showed a higher variation from
7.62% to 15.4%. ConvNeXt demonstrated consistent performance,
achieving the lowest RAE oy (7.68% with CAUG and 7.62% with
NORM).

Steatosis quantification presented the lowest IoUs (average 0.443)
among all tasks, indicating challenging lipid vesicle segmentation
regardless of the model or the pre-processing method applied.
However, the average AE;o; of 0.648% suggests excellent vesicle
detection capability across all models. ConvNeXt with CAUG
achieved the highest segmentation accuracy (IoU = 0.479),
followed closely by U-Net with NORM (IoU = 0.475). Notably, U-
Net showed the lowest AE;, values when trained on the ORIG
(0.338%) and stain normalized images (0.452%).

All models demonstrated robust glomerular segmentation and
counting performance, with Swin achieving the highest average
accuracies (IoU = 0.892, AE oy = 0.064). U-Net performed slightly
lower but maintained consistent results (IoU = 0.852, AE;o; =
0.158) regardless of the preprocessing method used.

For Ki67 proliferation assessment, MobileNetV2 showed lower
average performance (IoU = 0.611, AE,, = 5.08%) compared
to other models. U-Net, ConvNeXt, K-Net, and Swin achieved
higher average IoUs (0.646, 0.658, 0.644, and 0.645, respectively)
and lower average AE,; values (3.90%, 3.77%, 3.79%, and 3.61%,
respectively). Swin with CAUG pre-processing, achieved the
lowest AE,; at 3.30%.

3.2 | Performance Evaluation Using
Stain-Perturbed Test Image Tiles

To simulate stain variability in histological images, we applied
the stain perturbation procedure to the ORIG test image tiles
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TABLE 4 | Pixel-based and task-specific metrics computed on ORIG test image tiles (average value) for all segmentation tasks in digital pathology.
Arrows denote direction of metric improvement and the best values for each metric are highlighted in bold. IoU: intersection over union; RAE-oynr:

relative absolute error for nuclei count; AEor: absolute error for total steatosis; AEror: absolute error for total glomeruli count; and AEp;: absolute error

for PI.
Ki67 proliferation
Nuclei (H and E) Steatosis (Hand E) Glomeruli (PAS) index (IHC)
Pre-processing Models IoUt RAE ounr (%) | 10UT AE;or(%)| I1oU?T AEpr)l IoUT AEp (%)
Original images  MobileNetV2  0.659 15.4 0.415 0.866 0.872 0.091 0.608 5.02
U-Net 0.690 8.62 0.447 0.338 0.847 0.100 0.647 3.77
ConvNeXt 0.687 8.63 0.461 0.475 0.886 0.073 0.661 3.50
K-Net 0.675 8.63 0.455 0.623 0.886 0.064 0.642 3.76
Swin 0.685 8.82 0.430 0.802 0.902 0.036 0.650 3.38
Color MobileNetV2  0.651 13.3 0.367 1.170 0.892 0.055 0.619 4.75
augmented U-Net 0.672 1.5 0.471 0.514 0.841 0.218 0.656 4.04
1mages ConvNeXt 0.676 7.68 0.479 0.726 0.876 0.091 0.656 3.89
K-Net 0.678 9.29 0.441 0.619 0.896 0.073 0.651 3.44
Swin 0.675 8.75 0.459 0.675 0.884 0.091 0.646 3.30
Stain MobileNetV2  0.646 12.2 0.400 0.653 0.889 0.082 0.607 5.48
normalized U-Net 0.671 1.8 0.475 0.452 0867 015  0.635 3.88
Hmages ConvNeXt 0.675 7.62 0.435 0.622 0.872 0.064 0.656 3.93
K-Net 0.671 9.01 0.455 0.542 0.875 0.091 0.638 4.17
Swin 0.692 12.2 0.453 0.649 0.890 0.064 0.638 4.15

and reassessed performances of the models using these stain-
perturbed image tiles. The goal was to assess the impact of the
simulated staining variability on model’s performance trained
using the ORIG, CAUG and stain normalized images. IoUs, AEs,
and RAESs specific for each segmentation task are reported in
Table 5. Additional results from these experiments can be found
in supplementary material (Tables S6-S9).

Table 5 shows that NORM improved both IoU and task-specific
metrics (AEs and RAEs) across all tasks, except for glomeruli
counting, where performance between the ORIG and normal-
ized images was comparable. To prove the significance of this
improvement, paired-sample t-tests were conducted to compare
the best configuration model for ORIG vs. stain normalized data
preprocessing. For both H and E-stained tasks, NORM led to
statistically significant improvements (p < 0.001), reducing the
RAEoynr in nuclei counting and the AE;,; in steatosis quan-
tification. In PAS-stained images, glomeruli counting showed no
significant improvement with NORM, which was an expected
outcome given the similar error values between preprocessing
approaches. The most pronounced effect was observed in IHC
stained images, where Ki67 PI assessment demonstrated a highly
significant reduction in the AE, (p < 0.001) under NORM
preprocessing.

Given these findings, we compared performance metrics of
the five models trained using the stain normalized data pre-
processing and tested using the stain-perturbed image tiles to
assess each model’s utility in counting of nuclei and quantifica-

tion of vesicles in H and E, glomeruli counting in PAS, and Ki67
PI assessment in THC stained images (Figure 5).

The results for pixel-based IoU metric showed comparable values
across models, except for steatosis quantification, where the
IoU fluctuated in the 0.381-0.450 range. Regarding the task-
specific metrics, the results for nuclei counting showed variations
between network outputs with a RAE oyyr ranging from 7.93%
(ConvNeXt) to 14.3% (U-Net). For total steatosis quantification,
the AE o values remained within a narrow range (0.523-0.719%),
with similar consistency observed in Ki67 PI assessment (AEp;
range: 5.09-6.87%). In total glomeruli counting, four of the five
models demonstrated comparable AE;,; values (0.084-0.107),
while U-Net showed a notably higher AE,; of 0.377.

3.3 | Performance Comparison on WSIs

Although tile-level analysis offers useful information, differences
observed in a limited number of tiles may either disappear or
become more pronounced when evaluating the entire WSIs.
This motivates the importance of extending our evaluation to
the WSI level, where the interplay between model architecture
and pre-processing methods can be observed across larger, more
representative tissue areas. However, since manual annotation
of entire WSIs is hard to collect and GT data at the WSI level
are often not available, we focused our analysis on measuring
the correlation between results yielded by different models when
combined with different pre-processing approaches.
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TABLE 5 | Pixel-based and task-specific metrics computed on stain-perturbed test image tiles (average value) for all segmentation tasks in digital
pathology. Arrows denote direction of metric improvement and the best values for each metric are highlighted in bold. IoU: intersection over union;
RAEoynr: relative absolute error for nuclei count; AEpp7: absolute error for total steatosis; AErpr: absolute error for total glomeruli count; and AEp;:
absolute error for PI.

Ki67 proliferation
Nuclei (H and E) Steatosis (Hand E) Glomeruli (PAS) index (IHC)

Pre-processing Models IoUT RAE ouny (%)) 10UT AEpor (%) | IoU?T AEpor) IoUT  AEp (%)

Original images  MobileNetV2  0.608 17.9 0.314 1.320 0.723 0.582 0.511 19.9
U-Net 0.614 152 0.391 0.671 0.633 1.210 0.561 1.6
ConvNeXt  0.650 13.7 0.395 0.734 0.851 0.168 0.587 8.56
K-Net 0.630 12.5 0.398 0.759 0.840  0.295 0.577 9.39
Swin 0.660 12.0 0.364 0.926 0.883  0.09 0.577 8.57
Color MobileNetV2  0.615 14.6 0.307 1.460 0.727  0.664 0.535 12.8
augmented U-Net 0.610 14.7 0.402 0.806 0.718 1.140 0.582 10.4
1mages
& ConvNeXt  0.651 12.2 0.426 0.813 0.849 0.193 0.587 8.34
K-Net 0.653 1.3 0.398 0.696 0.854 0.491 0.584 7.32
Swin 0.653 11.0 0.413 0.784 0.873 0.125 0.573 9.33
Stain MobileNetV2  0.640 12.2 0.381 0.719 0.871 0.093 0.562 6.87
normalized U-Net 0.658 143 0450  0.523 0812 0377 0576 5.93
1mages
& ConvNeXt  0.670 7.93 0.419 0.668 0.867 0.091 0.607 5.43
K-Net 0.667 8.94 0.446 0.595 0.860 0.107 0.591 5.09
Swin 0.688 11.4 0.423 0.717 0.880  0.084  0.589 5.46
(@) Nuclei (H&E) Steatosis (H&E) Glomeruli (PAS) Ki67 proliferation index (IHC)
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FIGURE 5 | Pixel-based IoU metric (a) and task-specific error metrics; (b) comparison of the five models trained using stain normalized data pre-
processing technique and benchmarked using stain-perturbed test image tiles across four segmentation tasks. The bar height and whiskers represent
the mean + standard error. RAEoynr (first column), AEpor (second column), AEror (third column), and AEp; (fourth column), represent the nuclear
count error, total steatosis percentage area error, total glomeruli count error, and Ki67 PI error, respectively.
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FIGURE 6 | Correlation matrix (PCC averaged over data pre-processing) with paired-sample t-tests assessing bias between quantitative results
produced by any two deep learning models on WSIs for the segmentation task: nuclei count (first column), total steatosis relative area (second column),
total glomeruli count (third column) and Ki67 PI (last column). Correlation matrix is by definition a square and symmetrical matrix. Legend: no statistical

significance (ns); p < 0.05 (*); p < 0.001 (**); and p < 0.0001 (***).

For each task, we carried out two performance analyses: the
PCC with paired-sample t-tests averaged over pre-processing
techniques, to measure the relationships between all possible
pairs of deep learning models, and the RAD metric (as defined in
Equation 1) to measure the model deviation in prediction using
different pre-processing techniques.

Figure 6 presents correlation matrices comparing network archi-
tecture performances across the four segmentation tasks at the
WSI level. Each matrix shows the PCC averaged over all pre-
processing techniques, followed by the paired-sample t-tests
evaluating quantitative outputs yielded by two different models.
The PCC indicates the strength of linear correlation between
model outputs, while t-tests reveal potential systematic biases
between model pairs.

For nuclei counting, all models showed extremely high correla-
tion (PCC > 0.99), indicating strong agreement in their count
predictions across WSIs. However, the t-test results revealed that
only certain model pairs achieved unbiased predictions, suggest-
ing that while the counting patterns were highly correlated, some
models systematically produced higher or lower counts than
others.

The Ki67 PI assessment and steatosis quantification demon-
strated similarly high correlations (PCC > 0.95) across all model
pairs. Notably, the more complex architectures K-Net and Swin
showed no significant bias in their pairwise comparison, while
most other comparisons revealed systematic differences despite
strong correlations observed between the measurements.

Glomerular counts were more diverse. The lightweight models
(MobileNetV2 and U-Net) exhibited lower PCC values with
higher variability in these correlations compared to other archi-
tectures. In contrast, the more complex networks (ConvNeXt,
K-Net, and Swin) maintained strong correlations among them-
selves (PCC > 0.89). Notably, only ConvNeXt and Swin achieved
unbiased predictions in their pairwise comparison, suggesting
these architectures might be more reliable for this specific task.

Figure 7 illustrates the RAD distribution on WSIs (mean values
with standard error bars) across deep learning models for all

quantitative measurements. This plot allows for the evaluation of
the impact of pre-processing independently of network complex-
ity. NORM consistently led to the lowest RAD values across most
tasks: 7.14% in nuclei counting (compared to 9.65-9.82% for other
pre-processing methods), 19.1% for total steatosis measurements
(compared to 52.2-53.4%), and 36.7% for total glomeruli counts
(compared to 58.0-49.0%). These results suggest that the NORM
pre-processing step reduces the variability between the outputs
of different networks, making them more consistent regardless of
model complexity. The only exception was observed for the Ki67
PI assessment, where CAUG showed slightly better performance,
though all pre-processing methods produced comparable results
with RAD values ranging between 6.21% and 7.37%.

NORM consistently led to the lowest mean RAD values; hence,
we compared the RAD distribution among the five segmentation
models trained using the stain normalized data pre-processing
technique (Figure 8). In terms of RAD distribution on WSIs,
for the nuclei (H and E) task, ConvNeXt showed the best
performance (upper whisker: 10.2%), while lightweight models
(MobileNetV2 and U-Net) showed the poorest performance
(maximum upper whisker: 29.5%). For Steatosis (H and E) task,
all networks showed comparable distributions (maximum upper
whisker: 62.8%). For the Glomeruli (PAS) task, complex models
(ConvNeXt, K-Net, and Swin) outperformed others (maximum
upper whisker: 117%). For the Ki67 proliferation index (IHC) task,
ConvNeXt achieved the best results (upper whisker: 14.8%), while
lightweight models performed worst (maximum upper whisker:
26.5%).

Finally, we performed a computational time analysis on WSISs,
summarized in Figure 9. The processing times for a single
WSI across different models and pre-processing techniques are
provided in the supplementary material (Table S10). For the ORIG
and colour augmented images, the total time includes tissue
detection, network inference, and post processing steps. For stain-
normalized images, an additional normalization step (30-50 s,
depending on WSI dimensions) is included.

As expected, model complexity directly impacts WSI processing
time. The lightweight MobileNetV2 was the fastest for all tasks
and regardless of the pre-processing technique used, while the
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FIGURE 7 |

Quantitative comparison of different data pre-processing techniques: ORIG, CAUG and NORM. Distribution of RAD (mean value with

standard error bars) among various network models on WSIs: (a) nuclei count; (b) relative area of MACRO, MICRO, and total (TOT) steatosis; (c) count
of healthy, pathological (PATH) and total (TOT) glomeruli; and (d) Ki67-positive (POS) and Ki67-negative (NEG) cells count and Ki67 PI.
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FIGURE 8 |
for each segmentation task: nuclei count (first column), total steatosis relative area (second column), total glomeruli count (third column), and Ki67 PI
(last column).

Boxplots of the RAD metric on WSIs among various network models trained using stain normalized data pre-processing technique,
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FIGURE 9 | Average WSI processing times by the five models (MobileNetV2, U-Net, ConvNeXt, K-Net, Swin) as a function of the WSI pre-processing

technique (ORIG, CAUG, NORM) and analysed across four distinct digital pathology tasks.
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Swin architecture consistently required more time to process
WSIs. For example, to perform nuclei segmentation in WSIs,
MobileNetV2 required on average 249 s/WSI, compared to Swin,
which required 393 s/WSI. The NORM induced a moderate
processing overhead when compared to the ORIG tile and color
augmented tile processing approaches due to the additional nor-
malization step. This is particularly evident in tasks like glomeruli
detection with MobileNetV2 where processing time increased
from 76.4 s (ORIG tile processing) to 129 s (processing of stain
normalized WSIs). Task complexity increased computational
overhead as well: segmentation of nuclei typically required longer
processing times due to the large number of objects to be detected
and counted in H&E WSIs. Notably, for most applications,
both lightweight (MobileNetV2) and moderately complex mod-
els (U-Net, ConvNeXt, K-Net) with NORM maintained shorter
computational times compared to the more complex Swin trained
using either ORIG or color augmented tiles. This suggests that
implementing NORM with simpler architectures can provide an
efficient balance between performance and processing speed.

4 | Discussion

The in-depth examination of four digital pathology tasks ques-
tions common assumptions about the need for advanced deep
learning architectures for daily segmentation applications. Our
findings challenge the common assumption that more complex
deep learning architectures are necessary for achieving optimal
performance in computational pathology. Instead, we demon-
strate that for many routine diagnostic tasks, the combination of
appropriate pre-processing techniques with lightweight architec-
tures can achieve comparable or superior results to more complex
models. This represents a significant shift from current trends in
the field and has important implications for the practical imple-
mentation of Al in clinical settings. Our results provide important
new information about how pre-processing techniques, model
complexity, and real-world performance influence one another.

4.1 | Impact of Model Complexity and Data
Preprocessing

By examining the results obtained on the ORIG test image tiles
without stain perturbation (Table 4)—which resemble images
from a single-centre environment—we observed that higher
performance (more accurate segmentation and/or counting) is
not always attributed to a higher model complexity. ConvNeXt,
for example, had the lowest RAE oyt (7.62%) in nuclei counting,
but this error was only slightly lower when compared to U-
Net (8.62%) and K-Net (8.63%). Similarly, the U-Net architecture
performed better than more complex models in steatosis quantifi-
cation, with an AE,; of 0.338% as opposed to 0.475% achieved by
ConvNeXt.

Our findings strongly suggest that model performance is more
significantly affected by data pre-processing techniques than by
the model complexity alone. This is especially evident in the eval-
uation involving stain-perturbed tiles (Table 5), where training
of the models using stain normalized tiles led to lower errors
when compared to the errors of models trained using the ORIG
images and/or color augmented tiles. The effect was particularly

evident in the evaluation of the Ki67 PI, where the NORM
decreased the AEp; across all models from ranges of 8.56-19.9%
(ORIG images) to 5.09-6.87% (normalized images). In addition,
lightweight architectures benefit greatly from the inclusion of
NORM as pre-processing. For example, MobileNetV2 trained
using stain normalized tiles outperformed the same network
trained on ORIG images and achieved a RAE oyyr Of 12.2% in
nuclei counting, which was similar to Swin’s performance (11.4%).

CAUG showed an intermediate position in terms of effectiveness:
it provided moderate performance improvements compared to
using ORIG images, but did not reach the accuracy gains achieved
with NORM. For instance, CAUG decreased the AE, range
in Ki67 PI assessment from 8.56-19.9% (ORIG images) to 7.32—
12.8%, but it fell short of the improvement attained with stain
normalization (5.09-6.87%).

The main advantage of CAUG lies in its computational efficiency
during the inference phase. While NORM requires additional
processing time during inference (increasing processing time by
roughly 5-10% per image), CAUG adds no computational over-
head during deployment since it is applied only during training.
At inference time, models trained with CAUG process images
without any additional computational overhead compared to
models trained on ORIG images. This makes CAUG an attractive
option for scenarios where processing time is critical, offering
a balance between improved performance and computational
efficiency.

While our general findings favour simpler architecture with
proper pre-processing, our analysis reveals a more nuanced
relationship between the task and model complexity. For less
challenging tasks like nuclei counting and steatosis quantifi-
cation, lightweight architectures with proper pre-processing
achieve comparable or superior results to complex models. How-
ever, tasks involving learning of complex morphological features
(such as the glomerular morphology) benefit from applying
more complex models, which yield more accurate results than
simpler or less complex models. This is particularly evident
in glomeruli segmentation, where the target structures present
intricate internal architecture including capillary tufts, Bowman’s
space, and various cellular components, combined with the
challenge of multiclass classification (healthy vs. pathological
glomeruli). This complexity in both structure and classification
demands higher model capacity to effectively capture and process
these sophisticated morphological features. This is evidenced
by the correlation analysis (Figure 6), where complex networks
(ConvNeXt, K-Net, and Swin) maintain high correlations (PCC >
0.89) and achieve superior performance compared to lightweight
architectures regardless of the pre-processing technique. This
task-model dependency suggests that only some, but not all
digital pathology applications can benefit from a one-model-fits-
all-analytical-tasks strategy.

4.2 | Practical Implementation
Recommendations

The computational time analysis reveals significant differences
in processing requirements between architectures. With a proper
training tile pre-processing strategy, MobileNetV2 can maintain
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FIGURE 10 | Proposed strategy forimplementing deep learning models in clinical digital pathology workflows. The approach emphasizes balancing

model complexity with preprocessing techniques to achieve optimal performance while maintaining practical computational efficiency. The workflow

shows the nuclei segmentation and counting task in H and E-stained images: if the aim is the optimization of segmentation performances, NORM

preprocessing technique should be selected and, after model evaluation, ConvNeXt proves to be the best one, since it reaches the lowest RAD metric

and shows high PCC values with no bias introduction across the five AlI-based models.

high and acceptable performance levels, and process WSIs about
1.6 times faster than Swin. In light of these findings, we offer
a practical strategy for integrating deep learning into digital
pathology workflows:

1. Establish a robust WSI and tile pre-processing pipeline,
preferably including NORM (or CAUG for applications with
very limited computational resources).

2. Evaluate the performance of all candidate models using
correlation metrics and statistical tests (PCC and t-test) along
with the RAD metric to ensure performance stability.

3. Select the least complex model that demonstrates no statisti-
cally significant difference in performance compared to more
complex alternatives.

This approach can help maintain balance between model accu-
racy and its computational efficiency, which can be particularly
important in clinical settings where quick turnaround times are
crucial (Figure 10). Furthermore, such optimization strategies can
contribute to the democratization and widespread adoption of
digital and computational pathology, making advanced analysis
tools accessible to a broader range of healthcare institutions,
including those with limited computational infrastructure.

Correlation coefficients and t-test results can help find the
optimal balance between model performance and inference times
(Figure 6). If correlation values are consistently high (PCC >
0.95) across the correlation matrix and t-tests show no significant
differences, this indicates that even simple models can achieve
performance levels similar to those of complex models, without
systematic biases. However, when a model is not suitable for
a particular task, a clear correlation drop-off will emerge in
the correlation matrices, where less complex models show poor
correlation with more complex models, or statistical tests reveal
significant differences in predictions. Such correlation degrada-
tion indicates when model simplification compromises reliability.
This pattern is clearly demonstrated in our study: nuclei counting,
steatosis quantification, and Ki67 assessment showed consis-

tently high correlations (PCC > 0.95) across all model pairs,
indicating that lightweight models were sufficient. In contrast, for
glomeruli detection, only the more complex models (ConvNeXt,
K-Net, and Swin) maintained high correlations (PCC > 0.89),
while lightweight models showed poor correlation, suggesting
that this task requires more sophisticated architectures.

Since GT annotations at the WSI level are often not available
for many tasks (e.g., nuclei segmentation), we propose using
the RAD as a metric to evaluate the ‘similarity’ of network
outputs from a clinical/application perspective. This approach
does not require the availability of GT, making it especially
useful in situations where manual annotation of large-scale WSIs
is impractical. This is exactly what happened in the glomeruli
counting task (Figure 6), where lightweight networks like U-
Net and MobileNetV2 exhibited weak correlation with more
complex models and significant t-test results, suggesting that
more complex networks may be necessary for achieving clinically
relevant accuracy. In contrast, ConvNeXt, with intermediate
complexity, showed strong correlation with the more complex
models and no significant differences in the t-tests, offering a
potential balance between speed and accuracy.

4.3 | Clinical Implications

There are several clinical implications that can be derived from
our study. By assuming that more complex models performed
better, and neglecting the relevance of pre-processing steps,
pathologists (and investigators at large) may obtain suboptimal
results. Multiple diagnostic histopathological criteria rely on the
accurate identification (i.e., segmentation) and quantification
(i.e., counting) of cells and structures (i.e., objects), both in
neoplastic and non-neoplastic diseases [39-43]. Even small devia-
tions from GT in nuclei detection, classification, and counting can
significantly impact patient management, affecting diagnosis,
tumor grading, and prognosis in various cancer types [44, 45].
This is particularly critical in tasks such as Ki67 PI assessment,
where accuracy directly influences clinical decision-making. In
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such cases, models achieving optimal IoU and lowest AE; should
be prioritized for clinical implementation.

Differences in object counts, as those observed in nuclei count,
and in the estimation of Ki67 PI, could have significant diagnostic
consequences, especially for tumour diagnosis and grading.
Exemplificative of this consideration are the grading system
of neuroendocrine tumors [44, 45], prognostic and predictive
evaluation of breast cancers in the adjuvant and neoadjuvant
settings [46], but also more practical tasks such as the evaluation
of tumour tissue samples cellularity for subsequent molecular
testing [47-49]. Our approach could also benefit tasks requir-
ing precise quantitative assessment of histological patterns,
which are notoriously challenging when performed manually
[50].

Furthermore, our analysis of multicentric-like images suggests
that, in certain contexts, pre-processing approaches may be
more important than model complexity. We believe that this
evidence should be highly emphasized, especially considering
the crucial role of pathologists and histopathologic analysis
in multicentric clinical trials development [51, 52]. Lastly, the
computational time analysis of WSIs underscores the need to
tailor both pre-processing methods and deep learning models to
the clinical-diagnostic context, particularly from a time-sensitive
perspective. Some areas of pathology require rapid, thorough
evaluation of tissue samples, such as in intraoperative consulta-
tions (e.g., frozen section analysis) or donor organ assessments
for transplantation [17, 53]. The additional time needed for tissue
slide scanning and AI analysis could be a barrier in these sce-
narios. As the digital pathology field moves forward, we showed
that Al-based approaches balancing improved performance with
computational efficiency may be a potential solution to this
technological challenge.

4.4 | Limitations and Future Directions

The main limitation of the study is that it was focused on specific
segmentation tasks and established pre-processing techniques.
This, however, left room to explore alternative approaches.
For example, further research can include domain adaptation
strategies [54], which specifically address domain shifts between
centres, and self-supervised learning approaches [55], which use
unlabelled data to increase model robustness.

As demonstrated in this work, the impact of preprocessing
techniques cannot be predicted a priori, as it is a task and context
dependent. In our experiments, NORM consistently improved
performance; however, the extent of this improvement differed
significantly between tasks. The complexity of multi-centre stud-
ies is evident in how performance varies by specific task. Stain
variations across institutions stem from several interconnected
factors: differences in laboratory procedures, reagent variability,
scanner-specific characteristics, and inconsistencies in tissue
preparation protocols. Different histological features and tasks
may also be impacted differently by each of these factors too.
Our findings suggest that pre-processing strategies should be
evaluated on a task-specific basis, as their effectiveness cannot
be generalized across all digital pathology applications. These
findings highlight how crucial it is to conduct a systematic

evaluation of pre-processing when creating solutions for clinical
applications, especially in multi-centre settings.

Several important avenues for further investigation arise from
these results. First, consideration should be given to the creation
of lightweight, task-adaptive architectures. These designs could
provide the best balance between performance and computa-
tional efficiency by dynamically adjusting their complexity in
response to task requirements. For example, these networks
could automatically scale their depth or width depending on
the specific pathology feature being analysed. Second, research
into more effective pre-processing techniques is still needed.
Current NORM methods, while effective, introduce slight compu-
tational overhead (around 5-10%). Future methods could leverage
recent advancements in lightweight real-time image processing
frameworks and efficient neural style transfer approaches (which
can adapt image styles with minimal computational overhead)
to achieve similar pre-processing benefits while reducing com-
putational cost. Third, this research field could benefit from
new metrics that specifically assess clinical significance of seg-
mentation networks. While metrics like RAE and AE provide
technical performance measures, translating these into clinically
meaningful thresholds remains challenging. Such benchmarks
should incorporate input from pathologists regarding acceptable
performance variations for different diagnostic tasks.

In this study, we did not consider the tile size. For some models,
doubling the patch size does not necessarily result in a x4
increase in computational time. Future research should explore
the utilization of models that are insensitive to tile size and/or can
scale tiles without performance degradation—a desirable feature
in analysing WSIs.

These future directions align with the broader goal of democratiz-
ing digital and computational pathology by making WSI analysis
more accessible and reliable in the clinical setting. Our results
strongly suggest that, for many routine digital pathology tasks,
investing in robust pre-processing pipelines may be more ben-
eficial than pursuing increasingly complex model architectures,
particularly when considering the current constraints of clinical
implementation.

5 | Conclusion

This study emphasizes the importance of pre-processing tech-
niques, such as NORM, in enhancing the consistency and perfor-
mance of deep learning models in digital pathology. While more
complex models do not always outperform lightweight ones,
NORM consistently reduced variability across all segmentation
tasks. This work provides a paradigm shift from the prevailing
‘bigger is better’ approach towards more efficient, task-optimized
solutions suitable for routine clinical implementation. This high-
lights the need to balance model complexity with computational
efficiency, especially in time-sensitive clinical contexts. We also
provide practical recommendations for the development and
deployment of AI models in digital pathology. Lightweight mod-
els should be prioritized, with complexity tailored to specific task
requirements. Additionally, the proposed RAD metric and PCC
with t-test matrix can help ensure reliable performance across
different network architectures. By focusing on pre-processing
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and efficiency, we offer a pathway to more reliable, clinically
applicable Al solutions in pathology.
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