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Background: Traditional liver fibrosis staging via percutaneous biopsy suffers from sampling bias and variable inter-

pathologist agreement, highlighting the need for more objective techniques. Deep learning models for disease staging 
from medical images have shown potential to decrease diagnostic variability, with recent weakly supervised learning 
strategies showing promising results even with limited manual annotation. 
Purpose: To study the clustering-constrained attention multiple instance learning (CLAM) approach for staging liver fi-
brosis on trichrome whole slide images (WSIs) of children and young adults. 
Methods: This is an ethics board approved retrospective study utilizing 217 trichrome WSI from pediatric liver biopsies 
for model development and testing. Two pediatric pathologists scored WSI using two liver fibrosis staging systems, 
METAVIR and Ishak. Cases were then secondarily categorized into either high- or low-stage liver fibrosis and used 
for model development. The CLAM pipeline was used to develop binary classification models for histological liver fi-
brosis. Model performance was evaluated using area under the curve (AUC), accuracy, sensitivity, specificity, and 
Cohen's Kappa. 
Results: The CLAM models showed strong diagnostic performance, with sensitivities up to 0.76 and AUCs up to 0.92 for 
distinguishing low- and high-stage fibrosis. The agreement between model predictions and average pathologist scores 
was moderate to substantial (Kappa: 0.57–0.69), whereas pathologist agreement on the METAVIR and Ishak scoring 
systems was only fair (Kappa: 0.39–0.46). 
Conclusions: CLAM pipeline showed promise in detecting features important for differentiating low- and high-stage fi-
brosis from trichrome WSI based on the results, offering a promising objective method for liver fibrosis detection in 
children and young adults. 
Introduction 

Chronic liver disease progression is indicated by liver fibrosis and is tra-
ditionally diagnosed through percutaneous liver biopsies. Even though this 
method of diagnosis is standard, it has several challenges that include sam-
pling errors, invasiveness, and variability in interpretation by pathologists. 
These challenges are compounded in pediatric and young adult patients be-
cause of the need for age specific considerations both in diagnosis and treat-
ment, emphasizing the need for more precise diagnostic methods. 
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In liver biopsy pathology, staining with Masson trichrome stain1 is rou-
tinely performed to visually detect collagen deposition (i.e., blue staining). 
Based on the extent and pattern of abnormal collagen deposition, different 
staging systems have been implemented to assess the extent of disease. All 
systems offer a structured framework for staging liver fibrosis, using numer-
ical scores that assess a continuum from no fibrosis to low-stage fibrosis 
(e.g., mild portal fibrosis) to high-stage fibrosis (e.g., bridging fibrosis and 
cirrhosis), which is likely to be clinically meaningful. The two most fre-
quently used fibrosis scoring systems are the METAVIR (i.e., scale F0–F4
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Fig. 1. METAVIR and Ishak scoring systems along with the respective binary 
grouping. The scores in green represent low-stage fibrosis and the scores in red 
represent high-stage fibrosis. (For interpretation of the references to colour in this 
figure legend, the reader is referred to the web version of this article.)
with no fibrosis = F0 to cirrhosis = F4) and Ishak (i.e., scale 0–6  with  no  
fibrosis = 0 to cirrhosis = 6).2 Whereas these assessments are based on 
morphological features observed in trichrome-stained tissue sections, rou-
tine pathology assessments are still fraught with intra- and inter-observer 
variability.3 Thus, a more reliable and consistent method for detecting 
and measuring the quantity and extent of fibrosis on whole slide images 
(WSIs) has been long sought after.4–6 

Computational pathology has heralded a new era in disease diagnosis 
aid and management and has offered tools that can increase pathologists' 
ability to improve diagnostic accuracy and efficiency. Deep learning7 has 
enabled the analysis of complex biomedical images in a more detailed 
and consistent manner than achieved by human experts alone.8–10 How-
ever, the effectiveness of initial deep learning models based on supervised 
learning are limited by their need for large, extensively annotated datasets. 
Obtaining well-curated annotated data has practical challenges, even more 
evident in pediatric cohorts with fewer available datasets. Especially for 
liver fibrosis quantification, previous methods11 have relied on patholo-
gists' annotation of the fibrosis regions in the WSI, a time-consuming 
process. 

Recently, techniques to learn visual representations without relying 
heavily on annotated data have become popular. These techniques can be 
broadly classified into semi-supervised, self-supervised, or weakly super-
vised techniques. Semi-supervised learning12 combines labeled and unla-
beled data to iteratively improve model performance without requiring a 
large quantity of manual annotations. Self-supervised learning13 techniques 
involve designing learning objectives that do not require annotation, such 
as masking image patches and requiring the model to learn the masked 
patch resulting in models that learn useful features which can be adapted 
to downstream tasks with a small, annotated dataset. Weakly supervised 
learning14 derives concepts from both self- and semi-supervised approaches 
and uses higher level annotations for supervision, such as using slide-level 
labels without requiring pixel level annotations. 

The clustering-constrained attention multiple instance learning (CLAM) 
pipeline15 uses the weakly supervised learning approach to perform 
multi-instance classification of WSI with slide-level labels and was origi-
nally introduced for cancer classification and sub-typing tasks with impres-
sive results. The CLAM pipeline can also identify sample regions in the WSI 
that are important for a given classification, enabling a mechanism to verify 
model predictions. 

In this work, we explore the feasibility of using the CLAM pipeline to de-
velop a classifier model for liver fibrosis staging on trichrome WSI from pe-
diatric patients. Specific objectives include to: (1) establish pediatric 
pathologist agreement in liver fibrosis staging of trichrome WSI in pediatric 
patients using two scoring systems, METAVIR and Ishak; and (2) explore 
the performance of the CLAM pipeline to perform binary classification of 
trichrome WSI into high- and low-stage fibrosis categories and compare 
against pathologist's performance. 

Materials and methods 

This was an institutional review board approved, retrospective study. 
The need for participant informed consent was waived. 

Dataset 

Patients who underwent liver biopsies for the diagnosis of liver disease 
between January 2011 and December 2020 were included in this study. 
Trichrome staining was performed for all liver biopsies, and all 
trichrome-stained slides were scanned using the Leica Aperio® AT2 scan-
ner. WSI was performed with a 40× objective lens at a maximum scanning 
resolution of 0.25 μm/pixel. The scanned images, saved in SVS file format, 
were reviewed by study pathologists using the Leica Imaging Management 
System,16 eSlide Manager, on a high-definition monitor with a resolution of 
1920 × 1080 pixels. Scanned images were stored and exported to an exter-
nal storage device for additional image analysis. 227 pediatric percutane-
ous liver biopsies were separately reviewed by the two fellowship-trained 
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pediatric hepatopathologists, blinded to one another, during this manual 
annotation process. 

Manual scoring 

Manual fibrosis staging from scanned trichrome WSI was performed by 
study pathologists (A.B.—12 years of experience and S.R.—39 years of ex-
perience) using two staging systems, METAVIR (5 fibrosis levels, F0–F4) 
and Ishak (7 fibrosis levels, 0–6). Images that were inadequate for proper 
diagnosis (e.g., due to poor staining) were flagged during manual annota-
tion and were excluded from additional image analysis. 

Ground-truth binary labels 

In this feasibility study, due to the unbalanced number of cases with 
scores across the different fibrosis levels in both scoring systems, partici-
pants were placed into two groups: (1) non-significant/low-stage fibrosis 
and (2) clinically significant/high-stage fibrosis. The cut-off points for 
each staging system were determined through expert consultation with 
the study pathologists. For both scoring systems, scores less than 2 (<2) 
(for both METAVIR and Ishak) were defined as non-significant/ 
low-stage fibrosis, and scores greater than or equal to 2 (≥2) (for both 
METAVIR and Ishak) were defined as clinically significant/high-stage fi-
brosis, as shown in Fig. 1. Notably, for CLAM model training, participant 
grouping was performed after averaging the two pathologists' scores from 
each case for both the METAVIR and Ishak systems. For example, an aver-
age Ishak score of 1.5 fell into the clinically non-significant/low-stage 
group, whereas an average Ishak score of 2.5 fell into the clinically 
significant/high-stage group. Separate CLAM models were trained using 
the binary labels generated from each scoring system. To assess the per-
formance of the model at different cut-off points from the pathologist-
selected cut-offs, models were also trained using binary labels generated 
with cut-offs of 2.5 and 3. CLAM models will be referred to as Ishak and 
METAVIR models, denoting the ground truth used to train them, for this 
manuscript. 
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Table 2 
Demographic distribution of the 201 patients in the study dataset. 

Race Total Male Female Mean age in years (min-max) 

Black 14 5 9 16.3 (12.7–19.0) 
Other 24 16 8 11.8 (5.2–18.0) 
White 163 110 53 14.3 (2.0–27.4) 

Table 3 
Distribution of scores among study pathologists using the METAVIR scoring system 
from 217 liver biopsy trichrome stained samples. 

METAVIR score Pathologist 1 Pathologist 2 

F0 13 78 
F1 91 37 
F2 91 54 
F3 19 47 
F4 3 1 
Model framework 

The CLAM15 pipeline has four main stages. In the first stage, the WSI is 
segmented to separate the tissue from background pixels and the tissue re-
gions are patched into square patches of size 256 × 256 pixels. In the sec-
ond stage, the tissue patches are encoded into a latent feature space, an one-
dimensional vector of size 1024, using the CONCH pretrained encoder 
model17 that was trained using contrastive learning on over 1.17 million 
image–caption pairs. In the third stage, the extracted patch level features 
are used as input to an attention-based network that ranks the patches in 
terms of their importance for the slide-level labels. This allows aggregation 
of patch-level information into slide-level representations through a mech-
anism called attention pooling. Separate branches of the attention network 
are used to rank the patches for each predicted label such that all patches in 
the WSI contribute to the model training. Finally, to further improve the 
learning patch level representations, the slide-level labels and attention 
scores are used to generated pseudo-patch-level labels to train a clustering 
layer that can separate patch groups that are highly and weakly important 
for a particular slide-level prediction. The attention scores can also be used 
to generate heatmaps to visualize the regions of interest that are most rele-
vant for a given prediction and help with the interpretability of the model. 

Training 

Models were trained on an NVIDIA DGX server with 80 GB H100 GPUs. 
A 5-fold cross-validation was performed using a 70%–10%–20% split for 
training, tuning, and testing, respectively. This approach allowed us to as-
sess the model's ability to learn and generalize new and unseen data. The 
tuning dataset was used to monitor the training process. The test dataset 
was constructed to ensure that exams were unique across all folds and 
that patients with multiple scans were assigned to the same split. The 
model hyperparameters were selected based on initial experiments to select 
the best configuration. Table 1 shows the hyperparameter settings used to 
train both the METAVIR and Ishak models in this work. 

Evaluation metrics 

Linearly weighted Fleiss' kappa statistics were used to evaluate inter-
pathologist agreement for METAVIR and Ishak histological fibrosis staging. 
Additionally, Cohen's kappa statistics were used to assess agreement after 
categorizing the individual pathologist fibrosis scores into binary groups 
—low- and high-stage fibrosis. To further assess inter-observer variability, 
the standard deviations of the kappa statistics were estimated using a 
bootstrapping technique. This involved generating 1000 bootstrap samples 
from the original dataset by sampling with replacement, allowing for the 
calculation of the variability of the Kappa estimates across these samples. 

Area under the curve (AUC), accuracy, precision-recall area under the 
curve (PR-AUC), sensitivity and specificity were used to evaluate the diag-
nostic performance of CLAM models. Agreement between model predic-
tions and pathologist classification was also assessed using Cohen's kappa 
statistics. Standard deviations for these metrics were derived from the 
5-fold cross-validation process. The sensitivity and specificity variation in 
Table 1 
CLAM pipeline15 hyperparameters used for training the METAVIR and Ishak binary 
classification models. 

Hyperparameter Selection 

Slide-level loss function Cross-entropy 
Weighted sampling of classes False 
Instance-level clustering True 
Instance-level clustering loss function Support vector machine loss 
Number of patches per class 8 
Drop-out factor 0.25 
Optimizer Adam 
Model type Clam-mb (Multiple attention branches) 
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the model performance when the binary labels are generated using differ-
ent cut-off values was also plotted. 

Results 

Dataset details 

Out of the 227 WSIs reviewed by the pathologists, 10 slides were 
deemed non-diagnostic and were subsequently excluded. The final dataset 
included 217 trichrome WSIs from 201 patients. 141 male patients and 76 
female patients (mean age = 14.1 years; range: 2–27 years). Study sample 
demographics are presented in Table 2. 

Inter-pathologist agreement 

Tables 3 and 4 show study pathologist agreement for histological fibro-
sis classification using the METAVIR and Ishak scoring systems. Using lin-
ear weighting, agreement was fair for both the METAVIR and Ishak 
systems (kappa statistics of 0.38 ± 0.04 and 0.39 ± 0.04, respectively). 
There was moderate agreement between readers after placing patients 
into two groups, high- and low-stage fibrosis, when using the METAVIR sys-
tem (kappa statistic of 0.46 ± 0.06), whereas there was fair agreement 
when using the Ishak system (kappa statistic of 0.39 ± 0.05). 

CLAM model performance 

Table 5 presents the 5-fold cross-validation results on the test dataset for 
the METAVIR and Ishak models, both of which were trained on binary clas-
ses generated from the average scores of the two study pathologists. The ac-
curacy, sensitivity, and specificity values were calculated using a threshold 
value of 0.5 for the predicted probabilities. AUC values were calculated to 
assess the model's ability to predict high-stage liver fibrosis (class B). The 
models demonstrated moderate agreement with the average pathologist
0 11 78  
1 63 62  
2 82 20  
3 44 23  
4 11 13  
5 5 20  
6 1 1  

Table 4 
Distribution of scores among study pathologists using the Ishak scoring system from 
217 liver biopsy trichrome stained samples. 

Ishak score Pathologist 1 Pathologist 2 
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Table 5 
5-fold cross validation results of the METAVIR and Ishak CLAM models for binary classification (low- vs. high-stage fibrosis). 

Model AUC Accuracy PR-AUC Sensitivity Specificity Kappa 

METAVIR 0.88 ± 0.07 0.80 ± 0.07 0.83 ± 0.08 0.76 ± 0.16 0.82 ± 0.10 0.57 ± 0.15 
Ishak 0.92 ± 0.04 0.85 ± 0.07 0.89 ± 0.03 0.75 ± 0.12 0.93 ± 0.08 0.69 ± 0.15 
scores, with a Cohen's kappa statistic of 0.57 ± 0.15 for the METAVIR 
model and 0.69 ± 0.15 for the Ishak model. 

Fig. 2 shows the confusion matrices for the METAVIR and Ishak models, 
respectively, generated from all the test samples across all folds during 
5-fold cross-validation. 

Fig. 3 shows the model performance for sensitivity and specificity in dis-
tinguishing between low- and high-stage liver fibrosis when the binary cut-
off value for grouping the METAVIR and Ishak scores was changed between 
2 and 3. The sensitivity decreased for both models, while the specificity in-
creased, indicating that the selected binary cut-off of 2 provides the best 
balance between sensitivity and specificity.

Heatmap visualization 

Fig. 4 shows an example of a trichrome-stained WSI categorized into the 
high-stage fibrosis group (scored METAVIR F4 by both study pathologists). 
The CLAM heatmap generated from the attention scores for each patched 
tissue region is calculated by the METAVIR model. The figure also shows 
eight patches as determined by CLAM model that were highly important 
in classifying the slide into the clinically significant fibrosis group. The 
patches accurately reflect areas of blue staining (i.e., histological fibrosis).

Discussion 

Staging of histological liver fibrosis from pediatric and young adult liver 
biopsy specimens by two expert pediatric pathologists showed only fair 
inter-rater agreement (METAVIR: 0.38 ± 0.04 and Ishak: 0.39 ± 0.04) 
using weighted Kappa assessment. When the scores were grouped into 
two categories to represent patients with low-stage and clinically signifi-
cant fibrosis, the inter-rater agreement slightly increased for the 
METAVIR system (0.46 ± 0.06, moderate), while remaining unchanged 
for the Ishak system (0.39 ± 0.05, fair). For comparison, in the original 
French METAVIR study18 on chronic hepatitis patients, an interobserver 
Fig. 2. (a) Aggregated confusion matrix from all the test samples in each fold from cross
fibrosis; Class B—high-stage fibrosis. 
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agreement of 0.78 (substantial agreement) was reported for fibrosis scoring 
between the 10 pathologists that were part of the study. This study 
consisted of only 30 biopsy specimens from patients with a single liver dis-
ease (confirmed chronic hepatitis C) that were stained using H&E  (Hema-
toxylin and Eosin Safran) and Masson Trichrome or Sirius Red. Another 
study reported an inter-observer weighted Kappa between two pathologists 
in the range of 0.57 (moderate) to 0.67 (substantial) using the Ishak scoring 
system .19 This study had 65 biopsy specimens from patients with mixed 
liver disease and were stained using Sirius Red. Both the comparison stud-
ies did not provide patient demographics information. 

Our results based on 5-fold cross-validation demonstrate that AI models 
built using the weakly supervised CLAM algorithm achieve acceptable per-
formance, with the Ishak model slightly outperforming the METAVIR 
model in terms of AUC (METAVIR: 0.92 ± 0.04, Ishak: 0.88 ± 0.04). A 
similar trend was observed for accuracy (METAVIR: 0.80 ± 0.07, Ishak: 
0.85 ± 0.07). PR-AUC (METAVIR: 0.83 ± 0.08, Ishak: 0.89 ± 0.05) and 
specificity (METAVIR: 0.82 ± 0.10, Ishak: 0.93 ± 0.08). However, for sen-
sitivity, the METAVIR model slightly outperformed the Ishak model 
(METAVIR: 0.76 ± 0.16, Ishak: 0.75 ± 0.12). 

Out of 217 total cases, the METAVIR and Ishak models misclassified 43 
and 32 cases, respectively. In 17 of the METAVIR misclassified cases and 10 
of the Ishak misclassified cases, the two study pathologists also disagreed 
on the diagnosis. This suggests that a significant portion of the models' er-
rors may stem from cases that are inherently challenging, even for human 
experts. 

A recent study20 using weakly supervised multi-instance deep learning, 
a technique similar to the CLAM method, applied to Sirius red stained WSIs 
reported an AUC and accuracy of 0.87 and 0.79 for binary classification of 
liver fibrosis severity. These results are in line with those observed in the 
current investigation. 

In terms of agreement between the models and the pathologist-
annotated labels measured using the Cohen's Kappa statistic, the 
METAVIR model showed moderate agreement, achieving a Kappa of 0.57
-validation for the METAVIR model (a) and the Ishak model (b). Class A—low-stage 
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Fig. 3. Sensitivity and specificity of models trained on binary classification of the 
METAVIR and Ishak scores into low- and high-stage fibrosis at different threshold 
values.
± 0.15, whereas the Ishak model showed substantial agreement achieving 
a Kappa of 0.69 ± 0.15. This level of agreement was better than the agree-
ment observed between the two individual pathologist scores, both before 
and after binary grouping, indicating that the AI models may offer a consis-
tent and potentially valuable adjunct to human assessments, though further 
refinement is needed for clinical application. 
Fig. 4. Sample trichome-stained WSI scored as METAVIR F4 by both study pathologists,
blue indicating regions of low importance in classifying the slide as a case of clinically 
indicate the highly important regions in the WSI that contributed to the slide being cla
references to colour in this figure legend, the reader is referred to the web version of th
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Varying the binary cut-off values led to models with increased specific-
ity; however, this came at the cost of a significant decrease in sensitivity. 
This suggests that a prior cut-off used in this study is optimal for distinguish-
ing between low- and high-stage fibrosis given the characteristics of the 
dataset. The observed decrease in sensitivity with higher cut-off values is 
likely due to class imbalance in the dataset, which is exacerbated as the 
cut-off increases. From a clinical standpoint, a lower threshold is advanta-
geous, as it allows for higher sensitivity in detecting high-stage fibrosis, 
which may be preferred for ensuring that cases requiring clinical interven-
tion are not missed. 

Heatmaps generated by the CLAM algorithm showing regions of atten-
tion provide novel insights into the model's working and model transpar-
ency. Upon initial investigation of the patches with high attention scores 
in predicting clinically significant fibrosis, it was noted that many patches 
have clear patterns of liver fibrosis, but there are few highly attended 
patches that do not have any noticeable disease patterns. Further analysis 
of the highly attended eight patches for both groups in a more systematic 
way is required to quantify the model's learned representations. 

Our study has limitations. First, it is likely that our relatively small 
dataset size has prevented us from achieving maximum model perfor-
mance. In cancer staging tasks reported in the original CLAM study, models 
were shown to have improved performance upon increasing the dataset 
size. Second, our dataset was highly unbalanced with regards to severe 
liver fibrosis (METAVIR F4 or Ishak 5–6). This imbalance was alleviated 
by placing patients into two groups (individuals with low-stage fibrosis 
and clinically significant fibrosis). This prevented training the models on 
the original fibrosis scoring systems. Finally, despite being experts in the 
field of pediatric liver pathology, there was only fair inter-rater agreement 
between study pathologists. As our reference standard for training AI 
models was based on the average METAVIR and Ishak scores from two
 along with attention heatmaps, with red indicating regions of high importance and 
significant fibrosis. The eight patches on the right determined by the CLAM model 
ssified correctly as a clinically significant fibrosis study. (For interpretation of the 
is article.)
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pathologists, it is conceivable that some of our instances of misclassification 
are the result of an imperfect reference standard and discrepant pathologist 
scoring leading to incorrect binary categorization. 

Conclusion 

AI models for histological liver fibrosis classification developed using 
the CLAM pipeline show promising results, with only minimal variability 
in performance across validation folds. This stability is crucial when consid-
ering the application of the model in clinical settings. Moreover, the level 
agreement achieved between the CLAM models and study pathologists 
was similar or higher than that observed between study pathologists. 
Additional studies in different patient populations and prospectively in 
the clinical setting would be helpful to further validate our results. 
Ultimately, such models have the potential to augment pathologist perfor-
mance, decrease inter-pathologist variability, and positively impact patient 
outcomes. 
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