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Abstract 

Whole-slide pathological images contain gigapixel-level visual information, but only a small 

proportion of tissue regions are directly relevant to tumor grading. Processing all tiles at the same 

magnification creates heavy computational burden and may delay clinical screening. This study 

investigates efficient whole-slide tumor grading through magnification-scheduled tile routing. We 

propose HistoRoute, a tile-level routing model that assigns different magnification paths according 

to tissue foreground ratio, nuclear density, glandular boundary irregularity, and tumor-region 

uncertainty. Low-risk stromal and background regions are processed at low magnification, 

suspicious epithelial regions are examined at medium magnification, and high-uncertainty tumor 

margins are retained for high-magnification transformer encoding. A multiple-instance learning 

classifier then aggregates routed tile features into slide-level predictions. The study used 7,840 

whole-slide images from breast, colorectal, and gastric cancer cohorts, including 3.2 million 

annotated tissue tiles and 18,600 pathologist-marked tumor regions. HistoRoute examined only 

28.4% of all candidate high-resolution tiles while maintaining slide-level diagnostic performance. 

For tumor grading, the macro-AUC reached 0.914, compared with 0.919 for the full-tile 

transformer and 0.872 for a uniform low-resolution model. In external testing across two hospitals, 

grade-level agreement with pathologist labels improved from 0.781 to 0.836 Cohen’s kappa 

compared with random tile sampling. The average slide-processing time decreased from 96.5 

seconds to 38.7 seconds, and disk read volume was reduced by 52.1%. Small invasive foci below 

0.5 mm were still detected with 89.3% sensitivity. These findings suggest that 

magnification-aware tile routing can reduce computational cost while preserving clinically 

important pathological structures. 
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1. Introduction 

Whole-slide images (WSIs) preserve gigapixel-level tissue information and have become an 

important data source for computer-assisted diagnosis, tumor grading, biomarker assessment, and 
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large-scale pathological research. A single WSI, however, may contain tens of thousands of image 

tiles when processed at diagnostic magnification, resulting in substantial computational, memory, 

and storage requirements. This problem becomes more pronounced in slide-level learning because 

only a small proportion of regions may contain diagnostically decisive morphology. 

Multiple-instance learning (MIL) has therefore been widely adopted to learn slide-level 

representations without requiring exhaustive tile-level annotations. Representative approaches 

such as CLAM use attention-based clustering to identify discriminative instances [1], DSMIL 

combines instance-level and bag-level classifiers to improve slide representation [2], and 

TransMIL models correlations among tissue instances through transformer-based aggregation [3]. 

More broadly, adaptive computational systems have shown that allocating heterogeneous subtasks 

to specialized processing components can improve both efficiency and output quality [4]. This 

principle is particularly relevant to WSI analysis, where different tissue regions may not require 

the same computational resolution. Background areas, adipose tissue, and relatively homogeneous 

stroma can often be characterized at low magnification, whereas tumor margins, atypical glands, 

poorly differentiated regions, and small invasive foci may require substantially greater spatial 

detail. Advances in self-supervised learning and hierarchical modeling have further improved 

feature extraction from histopathology images. CTransPath learns transferable histological 

representations through transformer-based self-supervised pretraining [5], while HIPT captures 

tissue information through hierarchical representations spanning local cellular structures and 

larger tissue contexts [6]. DTFD-MIL improves slide-level classification through pseudo-bag 

construction and feature distillation [7], and H2-MIL incorporates hierarchical information to 

better model relationships among tissue regions at different spatial scales [8]. These methods 

demonstrate that integrating local morphology with broader tissue architecture can improve 

pathological classification. Nevertheless, many pipelines still begin by densely extracting 

high-resolution tiles from most or all foreground tissue. Feature selection, attention weighting, or 

instance pruning is then performed only after expensive image decoding and feature extraction 

have already occurred. As a result, substantial computational resources may be consumed by 

regions that contribute little to the final grading decision. 

Recent studies have attempted to reduce this redundancy through hard-instance mining, 

representative tile selection, adaptive sampling, and multi-scale analysis [9,10]. Such approaches 

are particularly important because diagnostically meaningful regions are often sparse and spatially 

heterogeneous. A small cluster of malignant cells or a narrow invasive boundary may occupy only 

a tiny fraction of the entire tissue area. Aggressive uniform sampling can therefore reduce 

computational cost but simultaneously increase the probability of excluding clinically important 

morphology [11,12]. SiiMIL addresses this problem by emphasizing small and informative lesions 

that may be underrepresented during conventional instance sampling [13,14]. MG-Trans uses 

multi-scale modeling to reduce redundant high-resolution processing while preserving contextual 

information. These developments indicate that computational efficiency should not be achieved 



simply by decreasing the total number of tiles; instead, processing resources should be 

concentrated on regions in which additional spatial resolution is most likely to change the 

diagnostic interpretation [15,16]. The emergence of pathology foundation models has further 

strengthened WSI representation learning. Models such as UNI, CONCH, and Prov-GigaPath 

provide transferable visual or vision-language representations across multiple tissue types and 

pathological tasks [17,18]. Their pretrained features can reduce dependence on task-specific 

annotation and improve downstream classification performance. However, stronger feature 

encoders do not fully resolve the computational problem associated with slide-scale inference. 

When thousands or tens of thousands of tiles are retained, repeated image decoding, disk access, 

high-resolution feature extraction, and MIL aggregation remain costly [19,20]. Moreover, many 

existing workflows use a predefined magnification level for all tissue regions or perform 

multi-scale extraction according to fixed sampling rules. Such strategies do not explicitly account 

for the fact that pathological information density varies substantially across a slide [21,22]. 

Uniform high-magnification processing may allocate excessive resources to low-risk tissue, 

whereas overly aggressive low-resolution sampling may obscure subtle glandular atypia, 

infiltrative tumor borders, isolated malignant clusters, or other small structures that are critical for 

grading. Another limitation concerns the evidence used to evaluate computationally efficient 

pathology models. Many studies focus primarily on classification accuracy within a single dataset, 

cancer type, or institutional cohort [23,24]. Such evaluations may not fully reflect clinical 

deployment, where tissue preparation, staining protocols, scanner manufacturers, image 

compression, and disease morphology can vary substantially between hospitals. Computational 

efficiency is also frequently reported through theoretical measures such as the number of retained 

instances or floating-point operations, while practical quantities such as slide processing time, 

disk-read volume, and the ability to preserve very small invasive lesions receive less attention. An 

efficient WSI system should therefore be assessed not only by whether it reduces the number of 

processed tiles, but also by whether the reduction remains reliable across institutions and tissue 

types and whether diagnostically important small lesions are retained during adaptive sampling. 

This study proposes HistoRoute, a magnification-scheduled tile-routing framework for 

computationally efficient whole-slide tumor grading. Instead of extracting all foreground regions 

at the same resolution and discarding uninformative tiles afterward, HistoRoute determines the 

required magnification before expensive high-resolution processing. Tissue foreground ratio, 

nuclear density, changes in gland boundaries, and model-estimated tumor uncertainty are jointly 

used to characterize the diagnostic complexity of individual regions. Areas with low 

morphological risk are routed to low-magnification processing, suspicious epithelial or 

structurally heterogeneous regions are analyzed at medium magnification, and uncertain tumor 

margins or regions with a high probability of containing diagnostically important fine structures 

are selectively escalated to high magnification. The resulting multi-resolution features are 

subsequently integrated through an MIL classifier to generate slide-level tumor grades. This 



design aims to align computational expenditure with regional diagnostic demand rather than 

treating all tissue as equally informative. The proposed framework is evaluated using 7,840 WSIs 

from breast, colorectal, and gastric cancer cohorts, allowing the routing strategy to be examined 

across substantially different glandular structures, tumor growth patterns, and tissue environments. 

The evaluation considers slide-level grading performance, agreement on external-hospital data, 

end-to-end processing time, disk-read volume, and the detection of invasive foci smaller than 0.5 

mm. Through these experiments, the study investigates whether adaptive magnification scheduling 

can reduce redundant high-resolution processing without sacrificing clinically relevant 

morphological information. The broader objective is to establish a more resource-aware paradigm 

for computational pathology in which image resolution is treated as a dynamically allocated 

resource rather than a fixed preprocessing parameter. Such a strategy may improve the scalability 

of WSI analysis for large retrospective cohorts and routine clinical workloads while preserving 

sensitivity to small but diagnostically important tumor regions. 

 

2. Materials and Methods 

2.1. Study Samples and Whole-Slide Images 

The study included 7,840 whole-slide images from breast, colorectal, and gastric cancer 

cohorts. All tissue samples were fixed in formalin, embedded in paraffin, and stained with 

hematoxylin and eosin. The dataset contained about 3.2 million tissue tiles and 18,600 tumor 

regions marked by pathologists. The slides covered different tumor grades, tissue sizes, stromal 

levels, and tumor proportions. Slides with severe scanning errors, large blurred areas, incomplete 

tissue regions, or missing grade labels were removed. Slides from the same patient were assigned 

to only one data subset. Two hospital cohorts were kept for external testing to examine model 

performance under different tissue preparation and scanner settings. 

 

2.2. Experimental Design and Control Models 

HistoRoute was compared with a full-tile Transformer, a uniform low-magnification model, 

and a random tile-sampling model. The full-tile Transformer processed all candidate tissue tiles at 

high magnification and was used as the accuracy control. The uniform low-magnification model 

processed all tissue regions at one low magnification and was used to measure the effect of limited 

image detail. The random sampling model selected the same number of tiles as HistoRoute 

without using tissue features. Ablation tests were also performed by removing nuclear density, 

gland boundary irregularity, tumor uncertainty, and tissue foreground ratio separately. All models 

used the same training cases, test cases, optimizer, feature size, and slide-level labels. This setting 

allowed direct comparison of the tile-routing methods under the same training conditions. 

 



2.3. Image Processing and Quality Control 

Tissue regions were separated from the white slide background using color and intensity 

thresholds. The selected tissue areas were divided into non-overlapping tiles at low, medium, and 

high magnification. Color normalization was used to reduce staining differences among slides. 

Random rotation, horizontal flipping, vertical flipping, and small color changes were applied only 

during training. Tiles with severe blur, pen marks, tissue folds, or very low tissue content were 

removed before feature extraction. Pathologist-marked tumor regions were used to check whether 

important regions remained after tile routing. Two pathologists reviewed unclear tumor 

boundaries and small invasive foci used in the test set. Slide-level tumor grades followed the final 

pathology reports. Processing time and disk-read volume were measured under the same hardware 

and storage settings for all models. 

 

2.4. Tile Routing and Model Formulation 

For each candidate tile, HistoRoute calculated a routing score using tissue foreground ratio, 

nuclear density, gland boundary irregularity, and tumor uncertainty. The routing score was defined 

as: 

Ri=αFi+βNi+γGi+δUi 

where Ri is the routing score of tile i, Fi is the tissue foreground ratio, Ni is nuclear 

density, G_i is gland boundary irregularity, and Ui is tumor uncertainty. The terms α, β, γ, and 

δ are weight parameters. Tiles with low Ri were processed at low magnification. Tiles with 

medium Ri were sent to the medium-magnification path. Tiles with high Ri  were kept for 

high-magnification Transformer encoding. The routed tile features were then combined by a 

multiple-instance learning classifier. The slide-level output was calculated as: 

ŷ=∑ ai
N

i=1
fi 

where fi is the feature vector of tile i, ai is its attention weight, and N is the number of 

retained tiles. The routing thresholds and weight parameters were selected using the validation set 

and kept unchanged during final testing. 

 

2.5. Model Evaluation and Statistical Analysis 

Tumor-grading performance was measured by macro-AUC, sensitivity, specificity, and 

Cohen’s kappa. Small invasive foci below 0.5 mm were tested separately because they are more 

likely to be lost during tile reduction. Model cost was measured by the proportion of 

high-magnification tiles, mean processing time per slide, GPU memory use, and disk-read volume. 

External testing used slides from two hospitals that were not included in model training. Results 

from repeated experiments were reported as mean ± standard deviation. Paired comparisons were 

performed using the same test slides. The paired t-test was used when the differences were close 

to a normal distribution. The Wilcoxon signed-rank test was used for other cases. Statistical 



significance was set at p<0.05. Tumor-grading accuracy and processing cost were considered 

together when comparing the models. 

 

3. Results and Discussion 

3.1. Tumor-Grading Performance 

HistoRoute reached a macro-AUC of 0.914 for tumor grading, compared with 0.919 for the 

full-tile Transformer and 0.872 for the uniform low-magnification model. The AUC difference 

between HistoRoute and the full-tile model was only 0.005. In contrast, the low-magnification 

model showed a larger loss in grading accuracy. This indicates that low-resolution tissue structure 

alone cannot provide enough detail for tumor grading [25,26]. Nuclear shape, gland structure, and 

tumor margins still require higher magnification in selected areas. Fig.1 compares grading 

accuracy with processing cost. HistoRoute kept nearly the same grading performance as the 

full-tile Transformer while using fewer high-resolution tiles. Liang et al. (2026) also reported that 

WSI magnification affects both cancer recognition and inference time, and that the highest 

magnification is not always necessary for all tissue regions. 

 

Fig. 1. Tumor-grading accuracy and processing cost of HistoRoute and the control models. 

 

3.2. High-Magnification Tile Use and Processing Cost 

HistoRoute processed only 28.4% of candidate tiles at high magnification. Other regions 

remained at lower magnification when their grading risk was low. Mean slide-processing time 

decreased from 96.5 s to 38.7 s, a reduction of 59.9%. Disk-read volume decreased by 52.1%. 

These results indicate that WSI processing cost depends on both model computation and the 

amount of image data read from storage. This is important for gigapixel slides because loading 

high-resolution tiles can take a large part of the total processing time. Gensbigler et al. (2025) also 

found clear differences in prediction time across WSI magnification levels. HistoRoute avoids 

using one fixed magnification for the whole slide and keeps high-resolution processing only for 

regions that need more tissue detail [27,28]. 

 

3.3. External Hospital Testing and Tile Selection 

In the two external hospital cohorts, HistoRoute reached a Cohen’s kappa of 0.836 with 

pathologist grades, compared with 0.781 for random tile sampling. The increase of 0.055 indicates 



better grade agreement after tissue-based tile selection. Random sampling can miss small tumor 

areas because all candidate tiles have the same selection chance. HistoRoute gives higher priority 

to regions with dense nuclei, irregular gland boundaries, and uncertain tumor features. As shown 

in Fig.2, low-risk regions remain at low magnification, while suspicious regions receive medium- 

or high-magnification processing. Previous MIL studies have also found that tissue-guided 

attention can locate tumor-related regions more reliably than unguided sampling. The external 

results suggest that HistoRoute is less affected by differences in slide appearance between 

hospitals [29,30]. 

 

Fig. 2. Tile-routing results at three magnification levels in representative whole-slide images. 

 

3.4. Detection of Small Invasive Foci 

HistoRoute achieved 89.3% sensitivity for invasive foci below 0.5 mm, although less than 

one-third of candidate tiles were processed at high magnification. Small invasive regions may 

occupy only a few tiles and can be missed by random or fixed-ratio sampling. Previous WSI 

studies have also reported that tile selection affects the detection of small tumor regions. 

HistoRoute reduces this problem by keeping uncertain tumor margins and dense epithelial regions 

in the high-magnification path. However, 10.7% of small foci were still missed. This remains an 

important limit of the current routing method. Further studies should include more tumor types, 

scanners, staining methods, and external hospitals to test the stability of the routing rules. 

 

4. Conclusion 

This study developed HistoRoute for whole-slide tumor grading with magnification-based 

tile routing. The model selects low, medium, or high magnification according to tissue foreground 

ratio, nuclear density, gland boundary changes, and tumor uncertainty. HistoRoute achieved a 



macro-AUC of 0.914, compared with 0.919 for the full-tile Transformer, while only 28.4% of 

candidate tiles were processed at high magnification. Mean slide-processing time decreased from 

96.5 s to 38.7 s, and disk-read volume decreased by 52.1%. In external hospital testing, Cohen’s 

kappa increased from 0.781 with random sampling to 0.836. Sensitivity for invasive foci below 

0.5 mm reached 89.3%. These results show that tissue regions can be processed at different 

magnification levels without a large loss in grading accuracy. HistoRoute can reduce 

image-reading and computing costs in digital pathology. However, some small invasive foci were 

still missed, and the study included a limited number of hospitals and scanner types. Future studies 

should test the method on more cancer types, scanners, staining settings, and external clinical 

datasets. 
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