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Abstract Colorectal cancer (CRC) represents a persistent challenge for healthcare systems, and the development

of reliable deep learning systems for histopathology depends on unbiased datasets. The widely used NCT-CRC-

HE-100K dataset has been shown to contain color inconsistencies, distortion artifacts, and corrupted patches, yet

prior analyses offered only limited quantitative evidence. In this work, we extend these observations by evaluating

color signatures, stain-normalization behavior, and class-dependent image quality variations. We compare classical

and deep learning based stain normalization methods to identify their impact on image quality metrics and potential

reduction of class-specific biases in computational pathology. Our results show that while normalization reduces

color-based class distinguishability, none of the evaluated methods completely eliminate tissue-specific color

signatures. Additionally, this work demonstrates that distortion artifacts disproportionately affect one class in the

dataset, introducing technical biases unrelated to morphology. Also, a CNN classifier trained on each normalized

dataset indicates that model performance is not significantly changed across the normalization methods, including

the unnormalized dataset, despite reductions in color-based separability. Overall, our study provides quantitative

evidence that color, saturation, and distortion persist across normalization techniques, emphasizing the need for

caution when using NCT-CRC-HE-100K to assess histopathology models.

Keywords: Bias analysis, colorectal cancer, histopathology, stain normalization

1 Introduction

Cancer is a significant causes of mortality worldwide [Filho

et al., 2025]. Compounding this issue, an increase is expected

in the global cases of colorectal cancer from 1.9 million in

2019 to 3.2million in 2040 [Xi andXu, 2021]. Thus, early and

accurate cancer diagnosis is fundamental to improving public

health. To achieve this, advances in medical imaging and in

deep learning techniques have facilitated the development of

automated cancer detection [Jiang et al., 2023].

Evidence indicates that lifestyle factors, particularly diet,

are major contributors to the incidence of colon cancer [Yu

et al., 2022]. The consumption of ultra-processed foods

(UPF), such as soft drinks and reconstituted meat, has been

linked to an increased risk of gastrointestinal tract malignan-

cies [Levy et al., 2024]. These dietary components, character-

ized by high levels of additives and unhealthy fats, may induce

inflammation and alter gut microbiota. Processed foods are

known to be harmful, and growing evidence suggests they

may also contribute to cancer development, particularly in or-

gans like the colon [Meine et al., 2024; Cordova et al., 2023;

Wang et al., 2022b].

Furthermore, consumption of UPF has increased in the

United States over the past two decades [Juul et al., 2022],

and it is among the 20 most consumed foods in Brazil [Ro-

drigues et al., 2021]. This dietary trend is also observed

among infants in low- and middle-income countries [Popkin

and Laar, 2025], which emphasizes the need for improved

colon cancer screening and early detection methods to ad-

dress the potential rise in cases resulting from these lifestyle

changes.

Given this alarming dietary change, there is a need for

scalable diagnostic tools. Automated classification in med-

ical diagnostics assists doctors by providing information to

support their diagnostic reasoning. This leads to earlier and

more accurate disease detection, enabling timely, targeted

treatments that improve patient outcomes [Di Giammarco

et al., 2024]. With greater accuracy, clinicians can reduce

unnecessary tests and avoid misdiagnoses, enhancing patient

safety and healthcare efficiency.

To achieve this level of automated diagnostic precision,

large-scale, well-annotated datasets are fundamental. They

are necessary for advancing algorithm development, facili-

tating reproducible research, and establishing performance

benchmarks to meet the standards required for medical diag-

nostic applications. An example of such a dataset for colorec-

tal cancer is the NCT-CRC-HE-100K dataset [Kather et al.,

2018]. It has been used as a foundation for several studies
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[Uddin et al., 2024; Pacal and Attallah, 2025].

This dataset, however, contains class-dependent color sig-

natures, color oversaturation, and heterogeneous distortions,

as observed by Ignatov and Malivenko [2024]. These biases

may allow classifiers to exploit technical artifacts instead of

morphology. A color bias enables classifiers to achieve high

accuracy by learning staining artifacts rather than biological

morphology. Furthermore, the dataset contains inconsistent,

distorted, and corrupted images. Consequently, classifica-

tion models may learn to rely on these technical artifacts as

spurious correlates of tissue classes rather than on histopatho-

logical morphology.

In this work, we extend the observations of Ignatov and

Malivenko [2024] with a quantitative analysis of the biases

present in NCT-CRC-HE-100K-NONORM. We measure

class-dependent color signatures, compare the behavior of

stain-normalization methods, and quantify the prevalence and

severity of image corruptions and distortion artifacts across

the tissue types. This analysis identifies which classes are

most affected by these issues, which may correlate with mis-

classification patterns in deep learning models trained on this

dataset.

While prior studies have reported descriptive observations

of color artifacts and normalization effects in histopathology

datasets Ignatov and Malivenko [2024], this study provides a

statistically validated analysis that quantifies the prevalence

and severity of color bias and distortion artifacts and tests their

dependence on different color normalization implementations.

Additionally, we investigate whether distortion-related sig-

nals are sufficient to explain the observed bias by isolating

high-frequency components associated with compression ar-

tifacts.

1.1 Contributions and limitations of this work

While Ignatov andMalivenko [2024] identified color inconsis-

tencies, JPEG artifacts, and corrupted patches, their analysis

did not fully quantify their prevalence, severity, or class-

dependent structure, nor compare the behavior of different

stain-normalization strategies. Thus, this work contributes

a quantitative extension of the dataset analysis, focusing on

measuring these artifacts, with inferential statistical testing to

validate bias claims.

This work compares several stain-normalization ap-

proaches, including both classical and deep learning-based

methods, and evaluates how they reshape the color distribu-

tions across tissue classes, highlighting cases in which nor-

malization reduces bias and others where it fails to achieve

this reduction. We also quantify the severity and prevalence

of corrupted and distorted images, demonstrating that these

distortions are not uniformly distributed and exhibit class-

dependent patterns. Hence, this study extends previously

descriptive observations into reproducible and interpretable

evidence that clarifies how low-level image properties influ-

ence model predictions.

Our study, however, is limited to the NCT-CRC-HE-100K

dataset and may not generalize to datasets with different stain-

ing or acquisition protocols. We focus on patch-level proper-

ties and do not analyze patient-level effects. Additionally, al-

though we compare the performance of several normalization

techniques, we do not propose new normalization algorithms

or dataset corrections.

In this study, all stain normalization methods that require a

reference use the same single reference image as the target,

to which the color distribution of all other images is normal-

ized, rather than multiple targets. Although consistent with

standard implementations, this choice may not adequately

represent the stain variability present across different tissue

types, potentially limiting the normalization results.

Furthermore, although stratified sampling reduces com-

putational costs while maintaining statistical properties, the

selected subset may not represent rare artifacts in the full

dataset. Consequently, our findings reflect statistically val-

idated tendencies within the sampled subset, rather than

exhaustive measurements of all potential distortions.

1.2 Structure of this work

The remainder of this work is structured as follows. Section 2

discusses related works. Section 3 presents the methodology

adopted in this study, whilst Section 4 details the results

obtained. Section 5 concludes the paper.

2 Literature review

Given the criticality of the disease, several works have pro-

posed deep learning models to diagnose colorectal cancer

(CRC), mainly because these Artificial Intelligence (AI) mod-

els have demonstrated to improve diagnostic accuracy in

histopathological analysis [Merabet et al., 2025].

To advance research in this area and ensure the devel-

opment of generalizable AI, large-scale, well-annotated

histopathological image datasets are necessary for training,

testing, and validating these models. For example, Borkowski

et al. [2019] proposed the LC25000 dataset, comprising

25,000 color images across 5 classes of benign and malignant

lung and colon tissues. Other datasets focused on CRC are

Sirinukunwattana et al. [2017]; Barbano et al. [2021]; Rezaei

et al. [2023]; Shi et al. [2023]; Mokhtari et al. [2023].

Another example of a CRC dataset is the NCT-CRC-HE-

100K [Kather et al., 2018], which has been used as a founda-

tion for several deep learning works. For instance, Li [2024]

proposes a Swin-Transformer V2 model for colorectal can-

cer tissue classification, achieving a top-l accuracy of 96.0%.

The approach incorporates self-supervised pre-training on

tumor-related datasets and employs a progressive layer-wise

distillation technique to transfer knowledge from a larger

teacher model.

Furthermore, Qin et al. [2024] integrates a skip feedback

connection structure into a U-Net framework and combines

it with the Swin Transformer for enhanced feature extraction,

aiming to improve the model’s multi-level feature learning ca-

pabilities. Their algorithm enables end-to-end recognition of

colorectal adenocarcinoma tissue images and achieves 95.8%

accuracy on the NCT-CRC-HE-100K dataset. Additionally,

Firildak et al. [2025] propose an architecture that combines

ReFeatureBlock, depthwise convolution, and global average

pooling to extract discriminative features while reducing com-

putational complexity. The model achieves 99.19% accuracy
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Table 1. Comparison between prior work and this study (3: yes, ◦: limited, 7: no). Statistical validation refers to the use of formal inferential
tests to support claims

Study Histopathology Quantify bias Statistical validation Compare color norm. tech.

Wang et al. [2022a] 7 3 3 7
Rinaldi et al. [2022] 3 7 7 3
Hoque et al. [2024] 3 7 7 3
Tellez et al. [2019] 3 ◦ ◦ 3
Ignatov and Malivenko [2024] 3 3 ◦ 7
This work 3 3 3 3

on NCT-CRC-HE-100K.

These works, however, may be exploiting class-dependent

biases present in the dataset, as Ignatov andMalivenko [2024]

reveals limitations that challenge the validity of reported deep

learning results in colorectal cancer histopathology using the

NCT-CRC-HE-100K dataset. The authors demonstrate the

presence of technical artifacts in the images that may intro-

duce class biases, including inappropriate color normalization,

inconsistent distortions, and corrupted tissue samples.

Their work also shows that models using only RGB color

intensities achieve over 50% accuracy on this 9-class classi-

fication task, while color histogram features yield 82% ac-

curacy without capturing any morphological information. A

basic EfficientNet-B0 model achieves 97.7% accuracy, out-

performing some of the previously proposed specialized ar-

chitectures. These findings question whether reported high

performances reflect genuine histological understanding or

merely the learning of dataset-specific technical artifacts, urg-

ing careful reinterpretation of results obtained on this widely

used benchmark. Our work extends the study of Ignatov and

Malivenko [2024] to quantify these biases and compare them

across several color normalization techniques.

These biases are also present in other datasets, such as in

The Cancer Genome Atlas (TCGA) [Dehkharghanian et al.,

2023]. This implies that the reported high performance mod-

els that use this dataset may not reflect genuine diagnostic ca-

pability but rather the model’s exploitation of dataset-specific

artifacts, which can evidence site-specific biases [Kheiri et al.,

2025]. In fact, most visual datasets suffer from some kind of

bias [Fabbrizzi et al., 2022].

One possible source of bias is staining variation in hema-

toxylin and eosin (H&E) images, which arises from differ-

ences in laboratory protocols, scanners, and chemical batches.

Without normalization, deep learning models may learn to

recognize specific staining patterns rather than pathological

features. Because of this, it is important to apply color normal-

ization in the images. Roy et al. [2018] compared some color

normalization methods in histopathology images and con-

cluded that the approach proposed by Vahadane et al. [2016]

achieved the best results in the evaluated metrics. Similar

results were obtained by Hoque et al. [2024].

Considering this, our work includes this color normal-

ization approach in the comparison for the NCT-CRC-HE-

NONORM dataset, along with several others. Distortion

artifacts may also introduce bias in the dataset [Liu and He,

2024].

Moreover, HistoQC is an open-source tool developed by

Janowczyk et al. [2019] for quality control of H&E-stained

whole-slide images (WSI). It automatically detects technical

artifacts, such as tissue folds, pen markings, blurring, and

uneven staining, and provides quantitative metrics for bright-

ness, contrast, color, and tissue coverage. Thus, HistoQC can

also help identify potential class-specific biases in datasets

that might otherwise lead models to learn technical artifacts

instead of biological features. However, HistoQC cannot

be applied in this work, as the available images are small,

single-resolution TIF files rather than multi-resolution WSI

compatible with OpenSlide.

Table 1 summarizes the main contributions of this study in

comparison with related work.

3 Methodology

The methodological framework adopted in this study, illus-

trated in Figure 1, follows a sequential approach to data pro-

cessing and analysis, which is further detailed in this section.

Python version 3.12.12 is used throughout the work.

All experiments were conducted on a Linux-based system

using a CPU-only configuration. The machine was equipped

with an x86-64 processor with 2 CPU cores and 16 GB of

RAM.

3.1 Dataset

The dataset1 published by Kather et al. [2018] is used in this

work. It comprises 100,000 non-overlapping H&E stained

histopathological image patches extracted from CRC tissue

samples, annotated across nine distinct tissues classes, namely

adipose (ADI), background (BACK), debris (DEB), lympho-

cytes (LYM), mucus (MUC), smooth muscle (MUS), normal

colon mucosa (NORM), cancer-associated stroma (STR), and

colorectal adenocarcinoma epithelium (TUM).

All histopathological TIF images in the dataset have a res-

olution of 224×224 pixels and a spatial resolution of 0.5 mi-

crons per pixel. The authors provide two distinct versions of

the dataset: the NCT-CRC-HE-100K collection, with images

normalized using the method proposed by Macenko et al.

[2009]; and the NCT-CRC-HE-100K-NONORM collection,

comprising the original images without color normalization.

In this work, we use the NCT-CRC-HE-100K-NONORM

to compare different color normalization techniques and NCT-

CRC-HE-100K for the other analyses. Table 2 summarizes

which dataset was used in each analysis.

1https://zenodo.org/records/1214456

https://zenodo.org/records/1214456
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Figure 1. Diagram representing the steps of this work

Table 2. Dataset usage across analyses. NONORM refers to NCT-

CRC-HE-100K-NONORM, while 100K refers to NCT-CRC-HE-

100K.

Analysis Sections Dataset

Color normalization 3.3.1, 4.1 NONORM

Color saturation 3.3.2, 4.1.3 100K

Distortion artifacts 3.3.3, 4.2 100K

3.2 Preprocessing

The used datasets present practical challenges for iterative

experimentation due to their substantial volume of 100,000

images. Therefore, a stratified sampling strategy is employed

to create a representative subset, as described in this section.

3.2.1 Sampling

Due to the class imbalance, with different tissue types occur-

ring at different frequencies, a stratified sampling approach

is adopted to preserve these proportional distributions [Lohr,

2021].

ε = z ·

√√√√ 9∑
h=1

(
Nh

N

)2
· p(1 − p)

nh
·
(

1 − nh

Nh

)
(1)

To determine the margin of error for the sampled dataset,

we applied the Equation defined in 1, where N is the total

population size (N = 100, 000), nh represents the number

of samples allocated to class h, Nh is the population size of

the class h, p = 0.5 is the expected proportion for maximum
variability, z = 1.96 is adopted to the corresponding 95%

confidence level, and ε is the achieved margin of error. Sam-
pling was performed once using a fixed random seed of 42,

and the same stratified subset was reused across all analyses

and experiments.

For a total sample size of 13,500 images, this stratified

approach yields a margin of error of approximately ±0.91%.

The resulting sample sizes per class are presented in Table 3.

3.2.2 Sample evaluation

A margin of error of ±0.91% provides a significant degree

of statistical precision for the sample’s representativeness.

However, to further validate that the sampled dataset pre-

serves the characteristics of the full population, we use the

Kolmogorov-Smirnov (KS) test and Mann-Whitney U test.

The KS test evaluates whether two distributions differ by

comparing their empirical cumulative distributions. The null

Table 3. Samples sizes per class

Class Original size Sample size

ADI 10,407 1,405

BACK 10,566 1,426

DEB 11,512 1,554

LYM 11,557 1,560

MUC 8,896 1,202

MUS 13,536 1,827

NORM 8,763 1,183

STR 10,446 1,410

TUM 14,317 1,933

Total 100,000 13,500

hypothesis (H0) states that there is no meaningful differ-

ence between the distributions of the sample and the refer-

ence group. Conversely, the Mann-Whitney U test evaluates

whether two groups differ by comparing their ranked ob-

servations. The null hypothesis (H0) states that there is no
systematic difference in central tendency between the two

groups.

In the context of sample evaluation, the KS test verifies

whether the sample preserves the overall distributional shape

of the group it represents. In contrast, the Mann-Whitney

U test examines whether the sample and the original dataset

differ in their central tendency.

Table 4. Statistical validation of sample representativeness

Feature KS p-value M-W p-value

Mean Intensity 0.954 0.900

Color STD 0.572 0.792

Entropy 0.947 0.623

Contrast 0.645 0.675

Color Range 0.946 0.855

The selected features were chosen because they reflect the

image properties investigated in this work, namely color bias

and distortion effects introduced by stain normalization.

As the p-values for both tests are above the 0.05 threshold

for the 95% confidence level for all measured features, as

shown in Table 4, the sample can be considered statistically

representative of the full dataset with respect to the color and

distortion-related properties analyzed in this study.

3.3 Analysis

For the dataset analysis, we focus on the problems identified

by Ignatov and Malivenko [2024].
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3.3.1 Color normalization

As observed by Ignatov and Malivenko [2024], even with the

Macenko et al. [2009] color normalization, the NCT-CRC-

HE-100K dataset still exhibits a color signature, which helps

classification models achieve higher accuracy.

To quantify this tissue class separability, we use a logistic

regression classification model based exclusively on intensity

and color histogram. As it does not consider any biological

structure, a good color normalization will reduce the accu-

racy of this model. We also measure the mean Wasserstein

distance and the mean Maximum Mean Discrepancy (MMD)

between the classes.

Each image is represented by a 40-dimensional color-only

feature vector composed of (i) mean and standard deviation

of RGB intensities (6 features); (ii) normalized RGB color

histograms with 10 bins per channel (30 features); and (iii)

mean and standard deviation of the hematoxylin and eosin

channels obtained via RGB-to-HED conversion (4 features).

No spatial or morphological descriptors are used.

Color-only classification accuracy is estimated using 5-fold

stratified cross-validation with shuffled splits (random seed

42). Feature standardization is applied within each fold.

Complementarily, we use the mean Structural Similarity In-

dex (SSIM) and the mean Peak Signal-to-Noise Ratio (PSNR)

to assess image fidelity relative to the non-normalized corre-

sponding image.

Using these metrics, we compare different color normal-

ization techniques, encompassing both classical approaches,

including the methods by Ruifrok [2001], Reinhard et al.

[2002], Macenko et al. [2009], and Vahadane et al. [2016];

and deep learning based strategies, namely StainGAN [Sha-

ban et al., 2019] and StainNet [Kang et al., 2021]. For a

reproducible implementation of the classical methods, we

utilize the TIAToolbox [Pocock et al., 2022], version 1.6.0.

3.3.2 Color saturation

Ignatov and Malivenko [2024] concluded that the DEB class

exhibits variations in color saturation and channel-specific

artifacts. These colorimetric disparities may introduce biases

and potentially affect the performance of computational mod-

els by creating class-specific staining patterns. They also

suggest that it may be a consequence of the color normaliza-

tion process. Since it has been observed only in the DEB

class, we restrict the color saturation analysis to this class.

To quantify these color channel variations across different

normalization techniques, we measure the Blue Dominance

(BD) of the image, which quantifies the relative prominence

of blue staining, as defined per Equation 2.

BD = µB

µR + µG + ε
(2)

Where µB represents the mean intensity of the blue chan-

nel, µR represents the mean intensity of the red channel,

µG represents the mean intensity of the green channel, and

ε = 1 × 10−6 is a small constant added to prevent division
by zero. All intensity values are normalized to the range [0,1]

before calculation.

The theoretical range of the BD metric spans from 0 to

infinity. As the denominator approaches zero in pure blue

images, the metric approaches infinity, while completely blue-

free images approach zero.

3.3.3 Distortion artifacts

It has also been observed that certain tissue classes in

histopathological imaging datasets exhibit greater distortion

than others, due to the presence of JPEG compression artifacts

[Ignatov and Malivenko, 2024]. These quality disparities po-

tentially introduce class-specific biases that could confound

computational analysis.

To quantify these quality variations across tissue classes,

we calculate the Blind/Referenceless Image Spatial Quality

Evaluator (BRISQUE) using the Python Image Quality (PIQ)

library [Kastryulin et al., 2022], version 0.8.0. BRISQUE

operates in the spatial domain to detect distortion artifacts

without requiring a reference image [Mittal et al., 2012]. The

higher the BRISQUE score, the poorer the quality of the

assessed image, which may be due to blurring, noise, contrast

changes, compression artifacts, or color distortions.

Image distortions identified by BRISQUE may be more

noticeable in tissue regions with homogeneous texture, as

they become more pronounced. In contrast, regions with

more complex texture can mask these artifacts, making them

harder to detect. To quantify this, we compute Total Variation

(TV) as a measure of image homogeneity, as in Equation 3.

TV =
∑
i,j

(|∇xI(i, j)| + |∇yI(i, j)|) (3)

The calculation requires computing horizontal (∇xI(i, j))
and vertical (∇yI(i, j)) gradients at each pixel position (i, j),
which measure the rate of intensity change in their respective

directions. Lower TV values indicate more homogeneous

regions, while higher TV values correspond to textured areas

with abundant structural details.

These metrics are calculated per class to identify those with

a higher proportion of distortion artifacts.

4 Results

This section presents the results of the dataset analysis.

4.1 Color-based bias analysis

This section examines chromatic bias in the dataset, analyz-

ing the impact of stain normalization and channel-specific

saturation artifacts.

4.1.1 Normalization comparison

To mitigate class-specific color signatures in the dataset, sev-

eral color normalization techniques are applied. Among the

methods evaluated, Ruifrok, Vahadane, Macenko, and Rein-

hard require a target image that defines the desired color dis-

tribution. This reference image is not required for StainNet

nor StainGAN.

A single target image is selected to ensure consistency

across all normalization techniques. The selected target im-

age, TUM-AAPIVHNA.tif, shown in Figure 2a, exhibits bal-
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Table 5. Comparison of color normalization techniques using class separability and image quality metrics

Method Color Acc. Acc. 95% CI CLD Mean Wass. Mean MMD Mean SSIM Mean PSNR

Unnormalized 0.823 ± 0.009 (0.812-0.834) A 5.200 0.057 - -

B/W 0.604 ± 0.006 (0.595-0.609) B 5.476 0.061 0.943 24.75

Ruifrok 0.813 ± 0.005 (0.803-0.816) A 2.913 0.013 0.843 16.61

Vahadane 0.788 ± 0.010 (0.770-0.796) A 3.048 0.012 0.862 18.08

Macenko 0.787 ± 0.010 (0.774-0.799) A 2.193 0.018 0.812 17.28

Reinhard 0.773 ± 0.005 (0.764-0.777) B 0.328 0.309 0.843 15.20

StainNet 0.809 ± 0.009 (0.798-0.820) A 4.881 0.084 0.951 25.75

StainGAN 0.792 ± 0.008 (0.782-0.802) A 2.994 0.013 0.794 19.52

anced H&E staining with a clear distinction between purple-

blue nuclei and pink cytoplasmic regions. The tissue occupies

the frame with minimal background, providing robust ma-

terial for stain vector estimation. The image shows even

illumination with moderate brightness and contrast, free from

overexposure, artifacts, or scanning defects.

All classical stain normalization methods evaluated in this

study are defined with respect to a single reference image

and do not natively support multi-reference normalization.

Conversely, the learning-based approaches, such as Stain-

GAN and StainNet, implicitly consider the variability across

multiple reference images, rather than by normalization to a

single explicit target at inference time. Hence, comparisons

involving multiple reference images are considered outside

the scope of this evaluation.

(a) Target image (b) Unnormalized (c) Black and white

(d) Ruifrok (e) Vahadane (f)Macenko

(g) Reinhard (h) StainNet (i) StainGAN

Figure 2. Target image and example source image for the different normal-

ization methods

Figure 2 presents the same source image, TUM-
YYWKMWNE.tif, normalized with the different approaches.
For benchmarking purposes, a black-and-white version of

the image is included in the analysis, as shown in Figure 2c.

The metrics to evaluate the reduction in color bias with

each normalization technique are shown in Table 5. The 95%

confidence intervals for classification accuracy were calcu-

lated using the Student’s t-distribution with n − 1 degrees of
freedom based on the 5-fold cross-validation accuracy scores,

whilst the Critical Letter Difference (CLD) was determined

using the Friedman test followed by the Nemenyi post-hoc

multiple comparison procedure, where methods sharing the

same letter are not significantly different at α = 0.05.

The unnormalized dataset achieves high color-only classi-

fication accuracy, indicating that a simple classifier trained

solely on color statistics can predict tissue classes without

accessing biological structure. Color normalization aims to

remove exactly this type of bias.

Conversely, black-and-white conversion serves as a theoret-

ical lower bound for color-bias removal because it eliminates

all chromatic information. Once every image is reduced to

luminance values, no class can be distinguished by color, only

by actual tissue structure. However, grayscale images cannot

be used in real-world pathology workflows because clinically

meaningful stain contrasts are lost. As a reference point, the

black-and-white illustration shows how much of the original

dataset’s separability is due to color alone and provides a

conceptual limit against which the effectiveness of practical

normalization methods can be evaluated.

All stain normalization methods reduce color accuracy

relative to unnormalized images, with Reinhard achieving the

lowest color accuracy, suggesting better color bias mitigation.

All Wasserstein and MMD values are computed using the

same color-only feature representation and identical kernel

settings across normalization methods. Nevertheless, Rein-

hard presents a highMeanMMD value, indicating suboptimal

distribution alignment between normalized images and refer-

ences, despite showing the lowest MeanWasserstein distance.

This suggests that while Reinhard normalizes some aspects of

the color distribution effectively, it may distort others, leading

to a higher statistical discrepancy in MMD terms.

While the Wasserstein distance indicates that Reinhard

normalization reduces global chromatic shifts across tissue

classes, the higherMMDvalues reveal that local distributional

differences persist. This disparity suggests that Reinhard

aligns the centroids of the class color distributions but does

not harmonize their internal structure. In practice, this means

that convolutional models may still exploit fine-grained stain

or tissue-specific color signatures after Reinhard normaliza-

tion. Therefore, the low Wasserstein values should not be

interpreted as evidence that color has been completely miti-
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gated as a confounding factor.

(a) Unnormalized (b) Black and white

(c) Ruifrok (d) Vahadane

(e)Macenko (f) Reinhard

(g) StainNet (h) StainGAN

Figure 3. UMAP visualization of feature embeddings colored by tissue class

for different normalization methods.

The other classical approaches, namely Macenko, Va-

hadane, and Ruifrok, reduce inter-class Wasserstein and

MMD distances and lower the color-only accuracy, indicating

a stain harmonization.

In contrast, deep-learning approaches preserve visual ap-

pearance well, achieving the highest SSIM and PSNR values,

but do not substantially diminish color-based separability.

Thus, the results indicate that normalization reduces color

bias, but no method can eliminate it from the NCT-CRC-HE-

100K-NONORM dataset.

Because these metrics indicate that color bias persists

across methods, we use Uniform Manifold Approximation

and Projection (UMAP) projections to explore how this bias

distributes across classes and to determine which tissue types

remain most easily distinguishable.

The UMAP projection is computed using the RGB chan-

nel statistics, perceptually uniform Lab color statistics, and

Optical Density (OD) features. These descriptors summarize

raw color, perceptual chromaticity, and stain absorbance, and

provide a representation of how these color characteristics

cluster by class, revealing the persistent color bias.

Figure 3 shows that most tissue classes collapse into an

overlapping manifold, especially under the classical meth-

ods. Their separation in the unnormalized dataset appears

to be due to stain-induced color differences that normaliza-

tion removes. In contrast, BACK and ADI classes remain

outliers regardless of the method applied, demonstrating that

their distinctiveness is robust to stain harmonization and re-

flects intrinsic properties rather than removable color bias.

Thus, the observed color signatures primarily arise from these

specific classes.

This observation is corroborated by Figure 4, which dis-

plays inter-class centroid distances in the unified UMAP em-

bedding space and illustrates the global separation between

tissue classes across all normalization methods.

Figure 4. Inter-class centroid distance matrix in unified UMAP space

Larger values in Figure 4 indicate stronger separability

between classes. As a consequence, BACK and ADI may

be interpreted as the most distinct. Their mutual distance is

the highest in the matrix, and both show large distances to all

other classes.

In contrast, the other tissue classes exhibit smaller distances

between one another, suggesting that once color variation is

reduced, many tissue types become difficult to distinguish

based solely on the color-derived features used in the UMAP.

The global silhouette score when clustering by normaliza-

tion method is 0.115, suggesting that the different techniques

produce technically distinct outputs. Conversely, the silhou-

ette score for clustering by tissue class is -0.051, indicating

that, overall, the normalized color features fail to form dis-

tinct clusters by biological class. This is a desirable outcome,

as it demonstrates that color-based bias has been reduced

across most tissue types. However, Figure 4 indicates that

two classes, ADI and BACK, remain separated from the oth-

ers and from each other.

This demonstrates that normalization mitigates spurious

color biases for the majority of classes, but it cannot eliminate

the color signature of these specific tissues.

This is because stain variability in histopathology arises

from interactions among biological, chemical, and scanner-

dependent factors, which cannot be completely homogenized

by post-processing normalization. As a result, these classes

remain well separated in feature space even after normaliza-

tion, indicating that a portion of the color signature encodes
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Table 6. Classification performance comparison of normalization methods.

Method Acc. W. Precision W. F1

Unnormalized 0.910 ± 0.007 0.910 ± 0.007 0.910 ± 0.007

B/W 0.895 ± 0.007 0.898 ± 0.007 0.896 ± 0.007

Ruifrok 0.900 ± 0.007 0.904 ± 0.007 0.901 ± 0.007

Vahadane 0.895 ± 0.007 0.896 ± 0.007 0.894 ± 0.007

Macenko 0.893 ± 0.007 0.894 ± 0.007 0.892 ± 0.007

Reinhard 0.894 ± 0.007 0.896 ± 0.007 0.894 ± 0.007

StainNet 0.905 ± 0.007 0.907 ± 0.007 0.905 ± 0.007

StainGAN 0.894 ± 0.007 0.894 ± 0.007 0.893 ± 0.007

irreducible, biologically grounded differences rather than cor-

rectable technical artifacts.

4.1.2 Impact on classification performance

To quantitatively evaluate the impact of stain normalization

on classification performance, we trained and tested an Ef-

ficientNetB0 Convolutional Neural Network (CNN) on the

different unnormalized and normalized versions of the dataset

[Tan and Le, 2019]. The evaluation protocol uses a fixed

70/15/15 train-validation-test split with the same subset of

data and the same preprocessing.

The model architecture consists of the base EfficientNetB0

with global average pooling, followed by a dropout layer (0.4

rate) and a final dense softmax classification layer. The model

was trained for 12 epochs with an Adam optimizer (learning

rate 1e-4), batch size of 32, and incorporated early stopping

and learning rate reduction on plateau. The dataset was split

into 70% training, 15% validation, and 15% test sets with

stratification.

The performance of each method, evaluated by accuracy,

weighted precision, and weighted F1 score, is compared in

Table 6. The values correspond to the mean performance on

the fixed test set, with standard deviations estimated via boot-

strap resampling (2,000 iterations). The CNN demonstrated

no significant performance differences across the various nor-

malization techniques, as evidenced by two-proportion z-tests

on the F1 scores achieved with all methods in comparison

to the unnormalized dataset, followed by Holm correction

for multiple comparisons. After correction, all pairwise com-

parisons yielded adjusted p-values equal to 1.0, indicating

no statistically significant differences between normalization

strategies.

Table 7. F1 scores across different normalization methods

Method ADI BACK Avg other classes

Unnormalized 0.97 0.99 0.89

B/W 0.99 0.99 0.87

Ruifrok 0.98 0.99 0.88

Vahadane 0.97 0.98 0.87

Macenko 0.97 0.98 0.87

Reinhard 0.98 0.99 0.87

StainNet 0.98 0.99 0.88

StainGAN 0.99 0.99 0.87

This finding is consistent with prior studies showing that

there is no statistically significant difference in the effective-

ness of stain-normalized and non-normalized histopathologi-

cal images [Voon et al., 2023].

A biased behavior, however, is observed in the model, fa-

voring the classes ADI and BACK, as seen in Table 7. This

is likely due to the discriminability of these classes seen in

Figure 4, which suggests that the model leverages these more

distinct visual features. This class-specific bias persists across

all normalization methods, suggesting that the performance

patterns are caused by dataset characteristics rather than nor-

malization artifacts.

Table 8. Global and class-conditional ECE

Method Global ADI BACK

Unnormalized 0.061 0.022 0.024

B/W 0.058 0.023 0.020

Ruifrok 0.057 0.019 0.031

Vahadane 0.054 0.029 0.028

Macenko 0.064 0.012 0.040

Reinhard 0.057 0.025 0.038

StainNet 0.061 0.026 0.022

StainGAN 0.073 0.032 0.052

This bias is reinforced by Table 8, which presents the

Expected Calibration Error (ECE) for each normalization

method. Globally, calibration remains relatively stable across

methods, indicating that normalization does not substantially

affect overall confidence reliability. However, ADI and

BACK exhibit lower ECE values compared to the global met-

ric, reflecting more reliable confidence estimates for these

classes.

Despite the reductions in color-based separability observed

in Section 4.1, these differences did not produce meaningful

changes in the CNN performance. This is expected, as the

metrics in Table 5 quantify color bias in isolation using color-

only descriptors, whereas the EfficientNetB0 model learns a

richer set of morphological and textural features that are not

affected by normalization.

4.1.3 Blue dominance in stain normalization

The DEB class of the NCT-CRC-HE-100K dataset suffers

from hematoxylin oversaturation, producing a strong blue-

purple cast and suppressing eosin contrast, likely resultant

from the color normalization process [Ignatov andMalivenko,

2024].

The Macenko algorithm, used in the original dataset, may

introduce blue artifacts in the source image [Khan et al., 2025].
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The propagation of these color artifacts may happen, for in-

stance, if the chosen reference is suboptimal [Jawad and Khur-

sheed, 2024].

Figure 5. Empirical ECDF of Blue Dominance scores

The empirical Cumulative Distribution Function (CDF)

plot, depicted in Figure 5, shows that a BD value of 0.8 lies

in the upper tail of the distribution of the class DEB in the

original Macenko dataset. At this threshold, the cumulative

probability is approximately 97.7%, meaning that about 2.3%

of all samples exceed it. Thus, 0.8 is used as a threshold to

detect highly blue-dominant images in the datasets.

(a) DEB-GFNEVMQL.tif (b) DEB-THAKCKKD.tif (c) DEB-CCEHQYAV.tif

(d) DEB-AILNQVEC.tif (e) DEB-APPITQWG.tif (f) DEB-CARVSHCH.tif

Figure 6. Images in DEB class with blue color over saturation in the original

dataset

Examples of stain-normalized images with extreme blue

dominance values are shown in Figure 6. Figure 6a illustrates

an example at the blue dominance threshold of 0.80. Con-

versely, Figure 6b represents the highest BD score observed

in the dataset (2.22). The image in Figure 2f, as a reference,

has a BD score of 0.59.

Saturation artifacts observed in the DEB class have been

associated with blue-channel clipping caused by intensity

overflow during color normalization, which manifests as pix-

els capped at the maximum 8-bit value (255) Ignatov and

Malivenko [2024]. However, this criterion alone lacks sen-

sitivity to detect the range of color distortions introduced by

normalization. As examples, approximately 99.85% of the

pixels in the image shown in Figure 6b have the blue channel

capped at the maximum value of 255, whereas only 8.35% of

the pixels in Figure 6a reach this limit, despite this image ly-

ing in the upper tail of the blue-dominance distribution shown

in Figure 5.

It is also noted that for the original Macenko implementa-

tion and for Ruifrok, the DEB class exhibits a higher sensi-

tivity to blue over-representation than the dataset as a whole,

indicating that color artifacts introduced by these normaliza-

tion methods are not uniformly distributed across tissue types.

However, blue-dominant images are not exclusive to this

class and are also observed in other tissue classes, although

in lower frequencies. Conversely, other methods are able to

suppress extreme blue dominance for both DEB and the full

dataset.

Table 9. Blue dominant images across color normalization methods

Method
DEB

(BD ≥ 0.8)
All classes

(BD ≥ 0.8)
Unnormalized 0% 0%

Macenko (original) 2.30% 0.28%

Ruifrok 14.00% 8.52%

Vahadane 0% 2.21%

Macenko 0% 0.02%

Reinhard 0% 0%

StainNet 0% 0.75%

StainGAN 0% 0%

As noted from Table 9, the DEB class of the original NCT-

CRC-HE-100K dataset contains 2.30% of the images with

greater blue dominance than that of Figure 6a. No blue-

dominant images are detected when the Macenko method is

re-applied in this study fromNCT-CRC-HE-100k-NONORM.

This indicates that the observed saturation is not a limitation

of the Macenko algorithm itself, but a consequence of the

specific normalization configuration or reference selection

used during the dataset’s original preprocessing.

Furthermore, among the tested color normalization tech-

niques in this work, Ruifrok returns the highest number of

images with a blue dominance score exceeding the thresh-

old. This can also be observed in Figure 2d, which appears

bluer than the resulting images from the other normalization

methods.

This blue saturation in Ruifrok is shown in Figure 7 along-

side the same images from the Macenko normalization. For

DEB-HALIKIAN.tif, a blue dominance of 0.64 is achieved
in Macenko and 0.90 for Ruifrok; for DEB-AKIRDPGV.tif,
Macenko achieves a 0.62 score, whereas Ruifrok results in

0.81. Ultimately, DEB-YIHRIMAS.tif has a blue dominance
score of 0.63 for Macenko and 0.81 for Ruifrok.

A greater proportion of blue-dominant images is found

in Ruifrok than in the original dataset. This, however, oc-

curs more homogeneously across Ruifrok images, reducing

potential biases in subsequent analysis.

The statistical evidence presented in Table 10 corroborates

this observation. While Ruifrok normalization produces a

higher mean blue dominance score than the unnormalized

images and the original Macenko dataset, it maintains a lower



Quantifying Color and Distortion Biases in the NCT-CRC-HE-100K

Histopathology Dataset Rodrigues et al. 2026

(a) DEB-HALIKIAN.tif (b) DEB-AKIRDPGV.tif (c) DEB-YIHRIMAS.tif

(d) DEB-HALIKIAN.tif (e) DEB-AKIRDPGV.tif (f) DEB-YIHRIMAS.tif

Figure 7. Ruifrok (top row) blue dominance in comparison with Macenko

(bottom row)

standard deviation and a shorter min-max range than the

original dataset. This suggests that Ruifrok introduces a

more homogeneous color shift, rather than unpredictable arti-

facts, thus reducing unpredictability compared to the original

dataset configuration.

Table 10. Blue dominance score statistics per normalization method

(all classes aggregated)

Normalization method Min Max Mean Std

Unnormalized 0.24 0.68 0.52 0.05

Macenko (original) 0.24 2.22 0.56 0.08

Ruifrok 0.50 1.68 0.71 0.17

Vahadane 0.51 0.88 0.60 0.06

Macenko 0.51 0.83 0.59 0.03

Reinhard 0.58 0.60 0.59 0.01

StainNet 0.43 0.89 0.57 0.07

StainGAN 0.48 0.72 0.58 0.04

This consistent normalization effect is visually confirmed

in Figure 3. The UMAP projection reveals that Ruifrok suc-

cessfully aggregates all other classes, including DEB, into a

coherent cluster, effectively separating them from ADI and

BACK. This level of class separation is comparable to that

achieved by other normalization methods.

Conversely, the unpredictable color distribution in the orig-

inal dataset is a challenge for computational pathology. The

unpredictability observed in the DEB class may impedemodel

generalization, as algorithms may learn spurious color-based

correlations rather than robust morphological features.

4.2 Distortion-based bias analysis

To evaluate the presence of distortion-related artifacts in the

CRC-HE-100K dataset, we compute the BRISQUE score for

all images across the nine tissue classes.

Figure 8 shows the distribution of BRISQUE values per

tissue class, with a noticeable heterogeneity in image quality

across classes. The BACK class exhibits the highest median

BRISQUE scores, suggesting that this group contains a larger

proportion of images affected by distortions. Examples of

these lower-quality images in BACK are shown in Figure 9.

Figure 8. Distribution of BRISQUE scores across tissue classes

(a) BACK-AECPLTMV.tif (b) BACK-FLIHYDKI.tif (c) BACK-PDVTCLTQ.tif

Figure 9. Examples of images in BACK class with distortion artifacts

In contrast, the other classes exhibit lower BRISQUEmedi-

ans, indicating fewer detectable distortion anomalies. There-

fore, the analysis demonstrates that these artifacts are not

uniformly distributed across the dataset. This non-uniformity

introduces a potential source of technical bias, as models may

learn class-specific noise patterns rather than biologically

meaningful morphology [Dehkharghanian et al., 2023].

Figure 10. Total Variation distribution per class

AKruskal–Wallis test confirmed that the nine tissue classes

do not share a common BRISQUE distribution (H = 5749.13,

p < 0.001), indicating firm global heterogeneity in distortion-

related artifacts. Post hoc Dunn tests with Bonferroni cor-

rection showed that almost all tissue classes differed signif-

icantly from one another. Only three class pairs did not ex-

hibit statistically significant differences: ADI–STR (p = 0.75),

DEB–MUC (p = 1.00), and NORM–TUM (p = 0.45), suggest-

ing that these groups share similar levels of artifacts. In con-

trast, the BACK class differed from all others with p-values

as low as 10−165, confirming that BACK contains signifi-

cantly higher BRISQUE scores. These results reinforce the

finding that distortion artifacts are highly class-dependent in
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this dataset, with BACK being the most severely affected.

The greater BRISQUE score for BACK is consistent with

the observation that this class includes large homogeneous

regions where processing artifacts become more perceptible.

As shown in Figure 10, the BACK class has significantly

lower TV values than other tissue classes.

Correlation analyses between BRISQUE and TV scores

evidence the statistical significance of these quality dispar-

ities. There exists a moderate negative Pearson correla-

tion (r = −0.495, p < 0.001) and Spearman correlation
(ρ = −0.351, p < 0.001), quantitatively confirming that
images with lower texture complexity in the dataset tend to

exhibit more pronounced distortion artifacts.

Hence, it is noted that the BACK class contains signifi-

cantly more processing artifacts than the other classes of the

original dataset, thereby introducing a potential confounding

signal.

4.2.1 Isolation of high-frequency distortion cues

To investigate whether compression-related distortion arti-

facts contribute to the observed class-specific bias, we isolate

distortion-related cues using FFT-based high-pass filtering to

retain high-frequency content, while low-pass filtering was

applied to suppress these components and preserve lower-

frequency morphological structure. This is because compres-

sion artifacts are characterized by abrupt local intensity tran-

sitions, which predominantly contribute to high-frequency

components in the spatial frequency spectrum.

For each normalization method, BRISQUE-based distor-

tion descriptors were extracted from high-pass and low-pass

filtered images, and a classifier was trained to assess whether

high-frequency distortion cues alone are sufficient to sustain

classification performance.

Table 11 reports the resulting accuracies. It is important

to note that these accuracies are lower than those obtained in

Section 4.1.2, as the classifier in this experiment is trained

exclusively on distortion-related descriptors, and not on the

full image content.

Across all normalization methods, high-pass filtering re-

duced performance relative to the original condition, which

indicates that high-frequency components alone are insuffi-

cient to maintain classification accuracy. In contrast, low-

pass filtering preserved performance to a large extent. Since

low-pass filtering attenuates high-frequency components as-

sociated with compression artifacts, these results suggest

that distortion-related signals are not the primary features

exploited by the classifier.

Taken together, these findings indicate that although the

BACK class exhibits elevated distortion metrics, the ob-

served class-specific bias cannot be attributed solely to high-

frequency artifact content. Instead, the persistence of clas-

sification performance under low-pass filtering supports the

interpretation that intrinsic morphological and structural char-

acteristics of the dataset are the dominant drivers of the bias,

rather than compression-induced distortions.

Thus, while it remains possible that high-capacity mod-

els may partially leverage subtle artifact-related cues, our

controlled frequency-isolation experiment indicates that such

cues are not sufficient to account for the class-specific bias ob-

Table 11. Classification accuracy under frequency isolation condi-

tions

Normalization method Filter type Accuracy

B/W

Original 0.563

High-pass 0.371

Low-pass 0.521

Macenko (original)

Original 0.554

High-pass 0.400

Low-pass 0.567

Ruifrok

Original 0.492

High-pass 0.379

Low-pass 0.475

Vahadane

Original 0.513

High-pass 0.354

Low-pass 0.525

Macenko

Original 0.396

High-pass 0.346

Low-pass 0.504

Reinhard

Original 0.504

High-pass 0.392

Low-pass 0.542

StainNet

Original 0.571

High-pass 0.433

Low-pass 0.525

StainGAN

Original 0.546

High-pass 0.333

Low-pass 0.563

served in this dataset. Furthermore, no normalization method

sustained performance under high-pass filtering. This indi-

cates that the elevated distortion metrics observed for the

BACK class do not imply that discriminability is attributable

to distortion.

5 Conclusions and future works

This work presents a quantitative assessment of color bias,

stain-normalization behavior, and distortion-related artifacts

in the widely used NCT-CRC-HE-100K and NCT-CRC-HE-

100K-NONORM histopathology datasets. The analysis ex-

tended previous observations by providing reproducible evi-

dence that low-level image characteristics can significantly

influence tissue class separability in this dataset.

It demonstrates that all evaluated normalization methods re-

duced, but did not eliminate, class-dependent color signatures.

The UMAP projections further revealed persistent clustering

patterns, with BACK and ADI consistently forming distinct

manifolds irrespective of normalization approach.

Complementing these findings, the CNN classification ex-

periment showed that model performance is maintained stable

across all normalization techniques, including the unnormal-

ized version. This indicates that even when color separability

decreases, convolutional networks still extract discriminative

information from morphological patterns.

Additionally, the analysis on the DEB class confirmed the

presence of hematoxylin oversaturation and its amplification

under specific normalization strategies. While the original

dataset exhibited heterogeneous blue-dominance artifacts,

Ruifrok normalization introduced a more uniform chromatic
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shift.

Ultimately, the assessment of distortion artifacts showed a

non-uniform distribution across tissue classes, with BACK

containing significantly more low-quality regions, possi-

bly due to image compression. The combination of high

BRISQUE scores and low Total Variation suggests that these

smooth background patches are particularly vulnerable to

distortion effects. Although distortion artifacts are unevenly

distributed across classes, frequency isolation experiments in-

dicate that high-frequency artifact cues alone are insufficient

to explain class-specific classification bias.

These results reinforce the need for careful dataset curation

and more robust benchmarking practices in computational

pathology. The persistence of color and distortion biases

implies that high classification accuracies reported on NCT-

CRC-HE-100K may overestimate the biological validity and

generalizability of trained models.

Future works may examine whether the observed color in-

consistencies, distortion artifacts, and class-dependent biases

generalize to other datasets, such as LC25000 or CRC-ICM.

Further research could also investigate whether previously

reported high-accuracy models maintain their performance

as dataset biases are mitigated. It is also proposed to use a

multi-reference or adaptive target color normalization on a

similar experiment.
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