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Abstract 

Histopathology image diagnosis is vulnerable to shortcut learning because neural networks 

may capture staining protocols, scanner artifacts, tissue preparation differences, or 

hospital-specific color distributions rather than disease-related cellular morphology. This study 

examines causal shortcut reduction for robust tumor classification across heterogeneous pathology 

centers. We propose a Causal Morphology Constraint Network (CMCN), which identifies 

shortcut-sensitive features through inter-center risk variation, stain perturbation response, and 

patch-level attribution consistency. The model then suppresses shortcut dependence using 

morphology-preserving counterfactual augmentation and an invariant risk penalty across 

acquisition environments. Experiments were conducted on 86,420 whole-slide image patches 

collected from 12,760 patients across five medical centers, covering benign tissue, low-grade 

lesions, and malignant tumors. External validation used two unseen hospitals with different 

staining machines and scanning resolutions. Compared with a standard DenseNet-121 model, 

CMCN improved external AUC from 0.781 to 0.846 and reduced the performance gap between 

internal and external testing from 12.8% to 5.3%. Under synthetic stain shift, classification 

accuracy decreased by only 3.9%, compared with 14.6% for the baseline model. These results 

suggest that causal shortcut reduction can improve diagnostic stability in pathology image 

analysis. 
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1. Introduction 

Histopathological examination remains a fundamental component of tumor detection, grading, 

prognosis assessment, and treatment planning. The increasing adoption of digital whole-slide 

imaging has further enabled computational models to analyze tissue architecture and cellular 

morphology at both patch and slide levels. Convolutional neural networks have demonstrated 

strong performance in extracting discriminative histological features from digitized slides [1]. 

Multiple-instance learning has extended this capability by allowing slide-level classification from 
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weak labels without requiring exhaustive annotation of every image region [2]. Self-supervised 

learning has also become increasingly important because large pathology archives contain 

substantial amounts of unlabeled data. Contrastive learning can generate transferable 

representations from unlabeled tissue patches [3-6]. More broadly, causally motivated studies 

have shown that predictive models may simultaneously rely on multiple shortcut features and that 

identifying and removing these shortcuts can improve robustness under distribution shifts [4]. This 

issue is especially relevant in computational pathology because non-biological image 

characteristics can be strongly correlated with diagnostic labels during training. 

Transformer-based pathology models, including CTransPath and hierarchical architectures, have 

further improved the modeling of tissue structure across spatial scales and magnifications [5,6]. 

Large pathology foundation models have recently extended this direction by pretraining on 

extensive collections of whole-slide images and demonstrating transferable performance across 

several downstream tasks [7,8]. Despite these advances, high accuracy on an internal test set does 

not necessarily indicate that a model has learned stable disease-related morphology[9-12]. 

Histopathology images are influenced by numerous technical and institutional factors that are 

unrelated to the underlying disease. Fixation protocols, section thickness, staining duration, 

reagent concentration, laboratory procedures, scanner manufacturer, optical settings, image 

compression, and spatial resolution can all alter the visual appearance of a slide. These variations 

may change color distributions, texture statistics, contrast, edge sharpness, and image noise 

without changing the biological state of the tissue. A highly flexible model can therefore exploit 

such acquisition-related characteristics if they correlate with diagnostic labels in the training data. 

In this setting, stain color, scanner noise, tissue borders, focus patterns, or preparation artifacts 

may act as shortcuts that provide an easier predictive signal than disease-related nuclear and tissue 

morphology[13-16]. Deep representations extracted from pathology images have been shown to 

contain sufficient information to identify the originating medical center [9]. This finding suggests 

that institutional characteristics can become embedded in learned representations and may 

artificially increase performance when training and testing data are drawn from the same hospitals. 

Feature-selection strategies can reduce some forms of institutional bias [10], but their 

effectiveness depends on whether the relevant shortcut-sensitive features are known and correctly 

identified. Independent evaluation across patients and hospitals is therefore essential for assessing 

the actual generalizability of pathology models [11,12]. The problem is particularly important in 

multi-center deployment because a model that performs well within one laboratory environment 

may deteriorate when staining protocols, scanners, or tissue-processing procedures change. 

Existing approaches to this problem mainly focus on stain normalization, stain augmentation, 

domain generalization, and shortcut detection. Stain-normalization methods attempt to map tissue 

images into a more consistent color space, whereas augmentation methods deliberately introduce 

appearance variation during training[17-20]. HistAuGAN generates alternative stain styles while 

preserving tissue structure [13], and RandStainNA combines stain normalization and stochastic 



augmentation across multiple color spaces [14]. Automatic H&E augmentation has also been 

reported to improve classification performance across centers by increasing the range of staining 

conditions observed during training [15]. These methods can reduce sensitivity to color 

differences, but stain variation represents only one component of institutional shift. Scanner 

artifacts, focus quality, compression patterns[21-25], tissue sectioning, illumination characteristics, 

and laboratory-specific preparation procedures may remain unchanged after color normalization. 

Excessively strong color transformations may also disturb diagnostically useful nuclear or 

cytoplasmic information, which creates a trade-off between suppressing technical variation and 

preserving biological morphology[26-30]. Domain-generalization methods attempt to address a 

broader range of shifts by learning representations that remain effective on previously unseen 

hospitals or scanners [16,17]. Shortcut-testing approaches provide another strategy by evaluating 

whether predictions change when known nuisance variables are manipulated or removed [18,19]. 

These approaches have provided useful evidence that technical artifacts can influence pathology 

classifiers, but most studies investigate only one dominant source of variation at a time. A 

color-based shortcut, for instance, may coexist with scanner noise[31-34], tissue-border patterns, 

preparation artifacts, or center-specific imaging characteristics [20,21]. Controlling only one 

nuisance factor may therefore leave other shortcut relationships intact. The challenge becomes 

more difficult because shortcut features are not always visually obvious or statistically 

independent [22]. Several acquisition-related factors may occur together within the same hospital, 

allowing the model to construct a composite representation of institutional identity rather than 

relying on a single artifact[35-37]. A staining pattern may interact with scanner resolution, image 

sharpness, or tissue-processing characteristics and create a highly predictive but non-biological 

signal. Standard feature-importance methods cannot reliably distinguish such signals from genuine 

tumor morphology because they describe how a fitted model uses information rather than whether 

that information represents a stable disease mechanism. Similarly, a model may retain high 

internal AUC even when its attention gradually shifts away from nuclei or tissue architecture 

toward peripheral regions[38-40], empty background, or preparation artifacts [23,24]. Many 

published studies rely on public datasets collected from one institution, a small number of centers, 

or randomly partitioned samples. These designs can unintentionally preserve the same acquisition 

patterns in both training and test sets. As a result, reported accuracy may reflect similarity in 

laboratory conditions rather than true biological generalization. A more rigorous evaluation should 

therefore combine independent hospitals with controlled perturbations that alter 

acquisition-related appearance while preserving the underlying morphology. It should also 

examine whether the spatial evidence used by the model remains consistent after these 

perturbations rather than evaluating classification performance alone[41-43]. 

To address these limitations, this study proposes a Causal Morphology Constraint Network 

(CMCN) for stable tumor classification across pathology centers. The objective of CMCN is to 

reduce dependence on acquisition-related shortcuts while preserving morphological features that 



remain informative across institutions. The framework evaluates shortcut sensitivity from 

complementary perspectives, including variation in prediction risk across medical centers, changes 

in feature responses under controlled stain perturbations, and the consistency of patch-level 

attribution across environments. Features that show large center-dependent risk variation, 

excessive sensitivity to acquisition-related appearance changes, or unstable spatial attribution are 

treated as potential shortcut features. Their influence is reduced through morphology-preserving 

counterfactual augmentation and an invariant risk penalty. The counterfactual augmentation 

modifies acquisition-related appearance while retaining nuclear organization, cellular structure, 

and tissue architecture, allowing the model to observe alternative image appearances without 

changing the underlying pathological content. The invariant risk penalty further encourages the 

classifier to rely on representations that remain predictive across different institutional 

environments. This design is informed by recent advances in causal representation learning, but 

adapts causal robustness specifically to the multi-source technical variation present in 

histopathology images. The experiments include 86,420 patches from 12,760 patients collected at 

five medical centers, while data from two additional hospitals are reserved exclusively for external 

validation. The dataset contains benign tissue, low-grade lesions, and malignant tumors and 

includes differences in staining equipment, laboratory procedures, and scanning resolution. 

Performance is evaluated using external AUC, the gap between internal and external performance, 

and robustness under controlled synthetic stain shifts. Changes in patch-level attribution are also 

examined to determine whether improved generalization is associated with more stable attention 

to disease-relevant morphology. The study therefore investigates whether direct identification and 

suppression of shortcut-sensitive features can provide more reliable tumor classification than 

standard empirical training or stain augmentation alone. More broadly, the work aims to establish 

a pathology-specific framework for evaluating model robustness in terms of both predictive 

performance and morphological consistency. By linking causal shortcut control with cross-center 

validation, CMCN provides a practical approach for developing histopathology models that are 

less dependent on institutional acquisition patterns and more likely to maintain stable diagnostic 

performance when deployed in previously unseen clinical environments. 

 

2. Materials and Methods 

2.1 Study Cohort and Setting 

The retrospective dataset contained 86,420 image patches from 12,760 patients at five 

medical centers. Each patient had a final diagnosis of benign tissue, a low-grade lesion, or a 

malignant tumor. The slides came from biopsy or surgical samples and were stained with 

hematoxylin and eosin. The centers used different staining machines, slide scanners, and scanning 

resolutions. These differences were kept in the dataset to reflect hospital-level variation. Slides 

were included if the diagnosis was available and enough tissue was present. Slides with severe 

folds, blur, tissue damage, or poor staining were excluded. Patient age, sex, sample type, and 



medical center were recorded but were not used as model inputs. Data from two other hospitals 

were reserved for external testing. Their staining and scanning settings were not included in model 

training. 

2.2 Experimental Design and Control Models 

Patients from the five development centers were assigned to training, validation, and internal 

test sets at a ratio of 70:15:15. The class and center distributions were balanced across the three 

sets. All patches from one patient were placed in the same set to prevent data leakage. The two 

external cohorts were not used for training or model selection. A DenseNet-121 model with 

standard image augmentation was used as the main control. A second control used stain 

augmentation without shortcut removal. Three reduced versions of CMCN were also evaluated. 

They removed counterfactual augmentation, the invariant risk penalty, or the attribution 

consistency term, respectively. All models used the same data splits, initial weights, optimizer, 

and stopping rule. Models were trained with AdamW using an initial learning rate of 1×10−4, a 

batch size of 64, and no more than 100 epochs. Training stopped if the validation loss did not 

decrease for 10 epochs. 

 

2.3 Image Measurement and Quality Control 

Whole-slide images were processed at 20× magnification. Tissue areas were separated from 

the white background in the HSV color space. Patches of 224×224 pixels were then taken from the 

detected tissue areas. Images were resized when scanner resolution differed. Patches with little 

tissue, severe blur, pen marks, folds, bubbles, or abnormal staining were removed using fixed 

quality limits. Two pathologists checked the diagnostic labels and reviewed a random sample of 

included and excluded patches. Disagreements were settled through joint review. The final 

pathology report was used as the correct diagnosis. Pixel values were scaled using the mean and 

standard deviation of the training set. Information from the validation and test sets was not used 

during this step. Counterfactual images were produced by changing hematoxylin and eosin levels 

within the range found in the five development centers. Nuclear boundaries and tissue structure 

were kept unchanged. Images that failed the structure and edge checks were removed. 

 

2.4 Data Processing and Model Formulation 

DenseNet-121 was used to extract image features. Global average pooling and a three-class 

output layer were used for classification. CMCN calculated a shortcut score for each feature 

channel. The score was defined as follows: sk=αVare(ΔRe,k)+β
1

N
∑ |zi,k−z̃i,k|

N
i=1 +γ[1−Corr(Ai,Ãi)]. 

Here, sk  is the shortcut score for feature channel k. The term ΔRe,k  is the change in 

classification loss after channel k is removed from center e. The variables zi,k and z̃i,k are the 

feature values of the original and stain-changed images, respectively. The variables Ai and Ãi 

are their attribution maps. A high value of s_k indicates that the feature may depend on the 

medical center or staining condition. Features with high shortcut scores were assigned lower 



weights. The total training loss was defined as follows: 

ℒ=ℒCE+λcf
1

N
∑ DKL

N
i=1 (pi∥pi

cf)+λinv
1

E
∑ (Re−R̄)

2E
e=1 .Here,ℒCE  is the weighted classification loss. 

The term DKL(pi∥pi
cf) measures the difference between the predictions for the original and 

counterfactual images. The variables Re and R̄ denote the center-specific risk and the mean risk 

across all centers, respectively. The coefficients λcf and λinv control the two penalty terms. Their 

values were selected using the validation set. 

 

2.5 Statistical Analysis 

Patch probabilities were averaged to obtain one prediction for each patient. The main 

outcome was the macro-average area under the receiver operating characteristic curve. Other 

measures included accuracy, macro-F1 score, sensitivity, specificity, Brier score, and calibration 

error. The difference between internal and external performance was also calculated. Patient-level 

bootstrap sampling with 2,000 repeats was used to calculate 95% confidence intervals. AUC 

values were compared with the DeLong test. Accuracy values were compared with McNemar’s 

test. Resistance to stain change was measured as the decrease in accuracy between original and 

stain-changed images. Results were examined by hospital, diagnostic class, sample type, and 

scanner resolution. Each experiment was repeated with five random seeds. All tests were 

two-sided. P<0.05 was treated as statistically significant. The Holm method was used when 

several comparisons were performed. 

 

3. Results and Discussion 

3.1 Overall Classification Performance 

CMCN performed better than the standard DenseNet-121 model. On the two external 

hospital datasets, the AUC increased from 0.781 to 0.846. The absolute increase was 0.065. Both 

hospitals used staining machines and scanning resolutions that were not included in the training 

data. Therefore, the performance gain was maintained outside the five training centers. As shown 

in Fig. 1, DenseNet-121 had a larger performance loss after transfer to the external hospitals. The 

baseline model may have learned color patterns, scanner noise, or tissue preparation features that 

were linked to certain centers. CMCN reduced the effect of these features by giving lower weights 

to shortcut-sensitive channels. The model therefore placed more weight on cell shape and tissue 

structure. A similar problem was reported by Emam et al. (2026). Their study found that 

site-related image features could increase internal accuracy but reduce accuracy when data from 

different centers were tested separately [25,26]. 



 

Fig. 1. External AUC and internal–external performance gap for DenseNet-121 and CMCN. 

 

3.2 Stability across Medical Centers 

The performance gap between internal and external testing decreased from 12.8% for 

DenseNet-121 to 5.3% for CMCN. This was a decrease of 7.5 percentage points, or 58.6% relative 

to the baseline. A smaller gap means that the model produced more stable results across hospitals. 

It also shows that internal testing alone may overestimate model performance. Bilal et al. (2026) 

reported an average AUROC decrease of 0.069 when standard cross-validation was replaced with 



center-separated validation. They also found lower performance for 51 of 56 predictable clinical 

or molecular outcomes. The DenseNet-121 results in this study followed the same pattern. CMCN 

reduced this loss through inter-center risk control and feature weighting. However, the remaining 

5.3% gap shows that center effects were not fully removed. Differences in patient groups, tissue 

processing, and scanner settings may still affect the model [27,28]. 

 

3.3 Response to Stain Changes 

Under synthetic stain changes, the accuracy of DenseNet-121 decreased by 14.6%, whereas 

the accuracy of CMCN decreased by only 3.9% (Fig. 2). The difference was 10.7 percentage 

points. This represents a 73.3% reduction in accuracy loss compared with the baseline. The result 

supports the use of morphology-preserving counterfactual images [29,30]. These images changed 

the stain color but kept the cell borders, nuclear shape, and tissue structure unchanged. As a result, 

color became less useful as a shortcut during training. The attribution consistency term also kept 

the model focused on similar tissue regions before and after the stain change. Ceylan et al. (2026) 

also reported better cross-center classification using Fourier-based domain adaptation than using 

color normalization or standard augmentation. Their method aligned source and target features. In 

contrast, CMCN identified and controlled shortcut-sensitive channels without using data from the 

two external hospitals. 



 

Fig. 2. Accuracy decrease of DenseNet-121 and CMCN after synthetic stain changes. 

 

3.4 Clinical Meaning and Study Limitations 

The results indicate that shortcut control can improve tumor classification across different 

pathology centers. The study included 86,420 patches from 12,760 patients. Data from five centers 

were used for model development, and data from two other hospitals were used for external 

testing. This design tested both real hospital differences and synthetic stain changes. However, the 

study has several limitations. First, the data were collected retrospectively. The seven hospitals 

may not represent all staining systems and scanners used in clinical practice. Second, synthetic 

stain changes cannot reproduce tissue folds, focus errors, image compression, or poor tissue 

fixation. Third, the three diagnostic classes were broad. More testing is needed for tumor types 

that have similar tissue features. Finally, reducing measured shortcut use does not prove that every 

feature retained by the model is directly related to disease. Future studies should use prospective 

data and more medical centers. They should also examine patient-level accuracy, probability 

calibration, subgroup results, and common failure cases. 

 



4. Conclusion 

CMCN was developed to reduce shortcut learning in multi-center histopathology 

classification. The method measured feature responses to center differences, stain changes, and 

attribution maps. Features linked to these unwanted image patterns received lower weights. 

Counterfactual images and a risk penalty were also used during training. On the external datasets, 

CMCN increased the AUC from 0.781 to 0.846. It also reduced the internal–external performance 

gap from 12.8% to 5.3%. After synthetic stain changes, accuracy decreased by 3.9% for CMCN 

and by 14.6% for DenseNet-121. CMCN was therefore less affected by staining and 

hospital-specific image features. It could help provide stable tumor classification in hospitals that 

use different staining and scanning systems. However, this retrospective study included seven 

hospitals, three broad classes, and patch-level images. Synthetic changes also cannot cover all 

errors found in clinical slides. Future studies should test CMCN on whole-slide images, more 

tumor types, and prospective multi-center data. 
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