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ABSTRACT
Aims  Annotation of liver biopsies for disease staging is 
increasingly aided by digital pathology; however, existing 
systems do not quantify inflammation and steatosis 
within an anatomical framework. We hypothesise that 
an artificial intelligence (AI) system that quantifies portal 
tracts (PT) and the anatomical distribution of steatotic 
vesicles and inflammatory cells will align with manual 
pathologist scoring and stratify liver diseases.
Methods  In this observational, cross-sectional study, 
digitised images of haematoxylin and eosin-stained 
specimens were pooled from four independent cohorts of 
metabolic dysfunction-associated steatotic liver disease 
(MASLD) or steatohepatitis (MASH) or autoimmune 
hepatitis (AIH) (n=390: 89 MASLD, 238 MASH, 63 AIH). 
PT, steatosis, and inflammation were quantified using a 
proprietary AI system and scored by expert pathologists.
Results  The percentage of steatosis was higher in 
MASH (7.5%) than in MASLD (3.2%). Lobular regions 
had larger steatotic vesicles (260 vs 190 μm2). AI-derived 
steatosis quantification correlated with manual grading 
(rs=0.72). The inflammatory cell number (ICN) was 
twofold higher in AIH than MASLD/MASH in interface 
(390 vs 140), portal (4600 vs 1500) and lobular (1500 vs 
650) regions. Portal inflammation from manual grading 
correlated with ICN count at PT (rs=0.71) but not 
lobular regions (rs≤0.29). For equivalent grades of portal 
inflammation, the ICN was up to threefold higher in AIH 
than in MASLD/MASH (rs=0.71).
Conclusion  A new AI system for anatomical 
quantification of liver biopsy features measured variation 
in fat and inflammation across the lobule. It showed that 
inflammation burden was higher in AIH than MASLD/
MASH, despite equivalent portal grades, providing 
objective support for histological scoring.

INTRODUCTION
Metabolic dysfunction-associated steatotic liver 
disease (MASLD) affects one-third of the global 
population1 and is characterised by increased fat 
in and around hepatocytes.2 Progression to steato-
hepatitis (MASH), with concurrent liver inflamma-
tion, hepatocyte ballooning and increased risk of 
fibrosis, is estimated to occur in 5%–14% of adults 
and projected to increase.1 3 4 Liver biopsy remains 
the reference standard for diagnosing and staging 
MASLD/MASH, particularly in complex cases.2 5 6

The metabolic comorbidities and multiplicity 
of disease features in MASH complicate drug effi-
cacy, leading to a proliferation of antisteatotic7 and 
anti-inflammatory8 candidates for clinical trials. In 
late-phase clinical trials for MASH, resolution of 
histological features is often a primary endpoint. 
However, while clearly improved by blinded and 
centralised liver histology reading, both inter-
rater and intra-rater reliability still adversely 
affect biopsy-based evaluation.9–11 This highlights 
a continued need for standardisation of biopsy 
sampling and consensus in grading.12

Identification of portal tracts (PT) in liver biopsy 
samples allows both the assessment of biopsy 
adequacy and the staging of disease based on the 
relative anatomical distribution of liver disease 
features.13 14 Identification of PT is challenging 
because they vary greatly in their size, structure and 
shape,13 and their appearance is affected by biopsy 
needle size, cutting angle15 and disease stage.16 In 
recent audits,13 17 at least 50% of biopsies failed 
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adequacy criteria on the basis of a minimal number of PT, so 
improving PT detection is also desirable.

Artificial intelligence (AI)-based systems have been developed 
that complement manual annotation and pathology grading 
of liver biopsy samples.18 Existing systems for detecting and 
segmenting PT have been reported and are under evaluation for 
potential use in MASH clinical trials.19 Such automated systems 
can show high degrees of correlation between manual annota-
tions and automatic measures20–22 and are increasingly able to 
distinguish and segment anatomical features such as interface 
hepatitis and bile ducts.23 However, current systems have mainly 
been developed for fibrosis quantification rather than for quan-
tification of the pathological features for MASH for assessment 
of progression/resolution. Existing efforts to detect steatosis and 
inflammation with AI lack an anatomical framework to assist 
with interpretation and grading of pathology.21

To further demonstrate the method’s ability to quantify inflam-
mation in different regions of the liver, we have also assessed 
a cohort of patients with autoimmune hepatitis (AIH). In AIH, 
the degree and localisation of the inflammation is of diagnostic, 
predictive, and prognostic significance.

In view of the above, we have created an AI system capable 
of detecting PT and quantifying pathological features of fat and 
inflammation relative to PT and other landmarks from biopsy 
samples stained with H&E. Using this new method in a large 
dataset of MASLD/MASH and AIH biopsies, we aimed to 
comprehensively evaluate the burden and regional distribution 
of (1) steatosis and (2) inflammation. We calculated the correla-
tions with manual pathologist scoring and the associations to 
disease severity.

MATERIALS AND METHODS
Study design and populations
This study aimed to quantify liver disease features using our 
new AI system in samples pooled from four clinical cohorts that 
were fully independent at the patient level, with no overlap, as 
detailed previously.24–26 Inclusion of digitised datasets was based 
on staining and quality of biopsy samples,27 28 and on confir-
mation of AIH29 and MASLD/MASH based on clinical criteria 
and pathology scoring independent of this work27 28 30 (online 
supplemental figure 1). Participants with MASLD/MASH or AIH 
were enrolled at routine patient visits in secondary or tertiary 
care, at sites in the United Kingdom, the USA, Poland, and 
Japan. Patients with any other known chronic liver disease were 
excluded from this analysis. Where biopsies from multiple time-
points were available, only the baseline timepoint was selected to 
avoid duplication. All patients and volunteers provided written 
informed consent (details in online supplemental file 1).

Pathology protocol
Histological scoring
Histological whole slide images (WSI) were split between four 
pathologists with 14–40+ years of individual experience, 
blinded to all clinical data (online supplemental table 1). Biopsy 
sample adequacy was assessed using the definition outlined by 
the Royal College of Pathologists.31

Initial consensus scoring for inflammation, steatosis, 
ballooning and fibrosis was obtained from the original trial 
on all cases using H&E and trichrome (TRC)-stained slides to 
determine diagnosis. All MASLD/MASH and AIH WSIs were 
further scored by the expert pathologists using the Ishak scoring 
system32 for portal, interface and lobular inflammation and 
the Non-Alcoholic Steatohepatitis Clinical Research Network 

(NASH CRN) scoring system33 for lobular inflammation and 
steatosis in addition to separate fibrosis grading.

AI system for PT detection and quantification of steatosis and 
inflammation
We developed a proprietary suite of inter-related AI systems from 
H&E images that could identify landmark features, detect PT, 
perform regional demarcation and spatial analysis to quantify 
steatotic vesicles and inflammatory cells (figure 1, online supple-
mental methods). The AI system is built on convolutional neural 
network architectures (U-Net and U-Net++ variants) trained to 
detect key histological features, including PTs, steatotic vesicles 
and inflammatory cells. Models were trained on 31 liver biopsy 
WSIs, with an 80:20 train:validation split, and evaluated on an 
independent test set of 12 WSIs. Further technical details of the 
architecture, training and validation procedures are provided in 
online supplemental methods and online supplemental table 2.

AI measurements were derived within portal, interface, peri-
portal, and lobular regions.

Steatosis was quantified using two complementary metrics:
	► Steatosis fraction (SF) was calculated as the area occupied by 

steatotic vesicles divided by the total tissue area, providing 
an overall measure of fat burden.

	► Vesicle-hepatocyte fraction (VHF) was calculated as the total 
number of steatotic vesicles divided by the total number of 
hepatocytes, approximating the proportion of hepatocytes 
containing lipid droplets.

Inflammation was quantified using two complementary metrics:
	► Inflammatory cell number (ICN) represents the total number 

of inflammatory cells.
	► Inflammatory burden (IB) represents the number of inflam-

matory cells per regional area (cells/mm²), providing a 
density-based measure of inflammation.

Statistical analyses
Descriptive statistics were used to summarise cohort character-
istics. Median and IQR were used to describe all non-normally 
distributed variables. Frequency and percentage were used to 
describe categorical variables.

Differences between AI measurements across disease states 
were assessed using Wilcoxon rank-sum test. Correlations 
between AI measurements and pathologist scoring were assessed 
using Spearman’s rank correlation. Grouped scores between 
pathologists were either compared using Kruskal-Wallis tests 
or, if there were fewer than three scores within each category, 
a Wilcoxon rank-sum test was performed. Correlations between 
AI measurements in different regions were assessed using Pear-
son’s correlation coefficient.

Multiple comparisons were addressed using per-family 
Bonferroni correction (α=0.05). Given the small number of 
comparisons within each family (maximum of 12), this approach 
provided strong control of type 1 error without substantial loss 
of power.

All statistical analyses were performed in R Studio V.4.2.2. 
Values of p<0.05 were considered statistically significant.

RESULTS
Study populations
A total of 390 individuals were recruited from secondary care 
and paediatric clinics between February 2014 and March 2019 
(online supplemental figure 1). Their mean age was 51 years, 
48% were male, and their mean body mass index was 29.5 
kg/m2 (table  1). Overall, 89/390 (23%, all adults) had been 
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diagnosed with MASLD, 238/390 (61%, all adults) with MASH 
and 63/390 (16%, of which 3% were adults) had AIH. In those 
with MASLD/MASH, known comorbidities were obesity (51%), 
diabetes (35%), hypertension (21%) and dyslipidaemia (33%). 
These comorbidities were rare in those with AIH. Treatment 
for AIH (56%) was considered as ongoing if participants were 
receiving either steroids or azathioprine.

In those with MASH, 95 had ‘at-risk MASH’ (NAS≥4 and ≥2 
fibrosis grade). Similarly, for AIH disease, 7 had moderate-severe 
disease (≥2 lobular and portal inflammation score).

PT quantification using AI
Every individual underwent a liver biopsy. Biopsy samples were 
scored manually by 1–4 pathologists and quantified with the 
AI-based quantification system of PT detection and liver tissue 
characterisation described previously (figure 1).

The AI system identified a total of 7359 PT across 390 digi-
tised WSI, with a mean number of 19 PT per WSI and 7 PT 
per 10 mm of liver sampled (online supplemental table 3). 
Though not required as an inclusion criterion in our analyses, 
most samples met adequacy criteria for length and PT number 
recommended for pathological assessment.14 378/390 (97%) 
WSI met the minimum 6–11 PT/sample and 325/390 (83%) WSI 
met the minimum 10–12 PT/sample. The PT count correlated 
with length of sample (Spearman’s ρ=0.71, p<0.0001) (online 
supplemental figure 2).

PT detection by AI was comparable in performance with 
manual pathologist detection (online supplemental table 4). 
Agreement on PT detection between different pathologists 
ranged in F1 score from 0.58±0.16 to 0.72±0.11. Comparison 

of AI to the pathologists’ consensus on PT detection in F1 score 
was 0.66±0.18. The level of agreement improved in high fibrosis 
cases (F1 Score—0.74±0.12, fibrosis stage 3–4 vs 0.59±0.20, 
fibrosis stage 1–2; online supplemental table 4).

Quantification of steatosis in MASLD and MASH
The AI system delineated 1 658 463 steatotic vesicles from 327 
WSI with MASLD or MASH, with a mean 3732 vesicles per 
sample for MASLD cases and 5572 vesicles per sample for 
MASH (online supplemental table 3).

The two AI metrics correlated with each other: the SF and 
the VHF (Spearman’s ρ=0.9; p<0.0001). The SF was lower in 
MASLD cases compared with MASH (3.2% (IQR 5.6) vs 7.5% 
(IQR 7.1), p<0.0001) (figure 2, online supplemental figure 3). 
Similarly, the VHF was lower in MASLD (10.2%; IQR 12.1) 
than in MASH (20.1% IQR 17.2). The size of steatotic vesicles 
also differed. Median area of steatotic vesicles was 190 μm2 (IQR 
110) in those with MASLD and 260 μm2 (IQR 100) in MASH 
(p<0.0001) (figure 3). These results indicate that the overall fat 
burden, the number of hepatocytes containing lipid droplets and 
the droplet size, are all greater in MASH than in MASLD.

Regional distribution of steatosis
Significant differences in SF between MASLD and MASH 
were observed in all regions up to 1 mm from each PT. In the 
immediate vicinity of the PT, up to 100 μm away, SF was lower 
compared with lobular regions at 500 μm from the PT (figure 3) 
in both MASLD and MASH. The biggest difference in SF was 
approximately 900 μm from the PT, with SF of 2.7% (IQR 5.9) 

Figure 1  AI pipeline to segment inflammation and steatosis in relation to portal tract location. Equidistant regions (100 µm) from PT allow for 
detailed quantification of steatosis and inflammation in portal, periportal, and lobular regions of liver samples. AI, artificial intelligence; PT, portal 
tracts.
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Table 1  Study populations

All (n=390) MASLD (n=89) MASH (n=238) AIH (n=63)

Demographics**

 � Age (year) 51±19 55±15 56±12 21±17

 � BMI (kg/m2) 29.5±6.8
Unknown (n=69)

27.9±5.1 Unknown (n=3) 32.6±5.7 Unknown (n=62) 22.6±6.1
Unknown (n=4)

Sex††

 � Male 186 (48%) 61 (69%) 99 (42%) 26 (41%)

 � Female 201 (52%) 28 (21%) 139 (58%) 34 (54%)

 � Not specified 3 (<1%) – – 3 (5%)

 � Hypertension 68 (17%) 27 (30%) 41 (17%) BP<133/85 mm Hg

Treatment††

 � Yes—steroids/azathioprine 35 (9%) – – 35 (56%)

 � No 342 (88%) 89 (100%) 238 (100%) 15 (24%)

 � Unknown 13 (3%) – – 13 (20%)

Biopsy sampling and digitisation**

 � Number of biopsy samples and WSI 390 89 238 63

 � Time between clinical visit and biopsy (days) 3 (n=50) – – 3 (n=50)

 � Length of biopsy (mm) 22±9 (n=108) 25±9 (n=34) 26±5 (n=24) 20±9 (n=50)

Manual pathology scoring**

 � Number of PT per biopsy 19±12 (n=108) 12±2 (n=34) 11±4 (n=24) 29±17 (n=50)

 � PT per length of sample (/10 mm) 7±3 (n=108) 5±1 (n=34) 5±1 (n=24) 7±3 (n=50)

Interface Inflammation Score††

 � Grade 0 238 (61%) 66 (74%) 151 (63%) 21 (33%)

 � Grade 1 106 (27%) 20 (23%) 69 (29%) 17 (27%)

 � Grade 2 28 (7%) 2 (2%) 16 (7%) 10 (16%)

 � Grade 3 16 (4%) – 1 (1%) 15 (24%)

 � Grade 4 1 (1%) 1 (1%) – –

Lobular inflammation†† (Ishak)

 � Grade 0 117 (30%) 57 (64%) 55 (23%) 5 (8%)

 � Grade 1 207 (53%) 27 (30%) 135 (57%) 45 (71%)

 � Grade 2 54 (14%) 4 (5%) 42 (18%) 8 (13%)

 � Grade 3 11 (3%) – 6 (2%) 5 (8%)

 � Grade 4 1 (<1%) 1 (1%) – –

Lobular inflammation†† (NASH CRN)

 � Grade 0 122 (31%) 56 (63%) 55 (23%) 11 (17%)

 � Grade 1 202 (52%) 28 (32%) 135 (57%) 39 (62%)

 � Grade 2 53 (14%) 4 (4%) 42 (18%) 7 (11%)

 � Grade 3 13 (3%) 1 (1%) 6 (2%) 6 (10%)

 � Grade 4 – – – –

Portal Inflammation Score†† (Ishak)

 � Grade 0 81 (21%) 28 (32%) 42 (18%) 11 (17%)

 � Grade 1 200 (51%) 43 (48%) 132 (55%) 25 (40%)

 � Grade 2 90 (23%) 17 (19%) 54 (23%) 19 (30%)

 � Grade 3 16 (4%) – 10 (4%) 6 (10%)

 � Grade 4 3 (1%) 1 (1%) – 2 (3%)

Steatosis grade†† (NASH CRN)

 � Grade 0 91 (23%) 30 (34%) 3 (1%) 58 (92%)

 � Grade 1 121 (31%) 38 (43%) 79 (33%) 4 (6%)

 � Grade 2 90 (23%) 9 (10%) 80 (34%) 1 (2%)

 � Grade 3 88 (23%) 12 (13%) 76 (32%) –

Fibrosis stage†† (NASH CRN)

 � Stage 0 78 (20%) 21 (24%) 4 (2%) 53 (85%)

 � Stage 1 56 (14%) 17 (19%) 37 (15%) 2 (3%)

 � Stage 2 74 (19%) 13 (14%) 61 (26%) –

 � Stage 3 130 (34%) 24 (27%) 102 (43%) 4 (6%)

 � Stage 4 51 (13%) 14 (16%) 33 (14%) 4 (6%)

Fibrosis stage†† (Ishak)

 � Stage 0 57 (15%) 25 (28%) 22 (9%) 10 (16%)

Continued
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for MASLD and 7.9% (IQR 4.2) for MASH (p<0.0001). Vesicle 
size also differed between MASLD and MASH at all distances 
from PT.

Comparison of AI steatosis grading with manual pathology reads
Expert pathologist grading for steatosis did not differ signifi-
cantly between MASLD and MASH (online supplemental 
figure 3). Both AI-derived metrics for steatosis quantification 
showed significant correlation with individual and consensus 
pathologist steatosis grading in lobular regions in both MASLD 
(SF rs=0.61 and VHF rs=0.64; p<0.0001) and MASH (SF 
rs=0.70 and VHF rs=0.72; p<0.0001).

Quantification of inflammation in MASLD/MASH and AIH
The AI system identified 1.5 million inflammatory cells at PT, 
0.4 million inflammatory cells in lobular regions and 0.11 million 
cells in interface regions across all 390 WSI.

Inflammatory cells were detected in biopsies from MASLD or 
MASH individuals (mean ICN: 4300 per WSI) and AIH cases 
(mean ICN: 12 000 per WSI) (online supplemental table 3). 
The IB was higher in AIH compared with MASLD/MASH at 
PT (2700 cells/mm2 (IQR 2800) vs 1400 cells/mm2 (IQR 1800), 
p<0.0001) and in lobular regions (60 cells/mm2; (IQR 90) vs 40 
cells/mm2; (IQR 50), p<0.001) (figure 4).

Regional distribution of inflammation
There was significantly more inflammation in all regions in AIH 
cases compared with MASLD/MASH.

The regional distribution was similar: maximal ICN and IB 
were in the PT for both AIH and MASLD/MASH (online supple-
mental table 3, figure 5). In the immediate vicinity of the PT, 
up to 100 μm away, IB in AIH was 150 cells/mm2 (IQR 130) 
(figure 5). Lower levels of IB were measured in MASLD/MASH 
cases on the same region (IB: 80 cells/mm2 (IQR 90), p<0.0001). 

All (n=390) MASLD (n=89) MASH (n=238) AIH (n=63)

 � Stage 1 46 (12%) 10 (11%) 28 (12%) 8 (13%)

 � Stage 2 72 (18%) 13 (15%) 50 (21%) 9 (14%)

 � Stage 3 86 (22%) 18 (20%) 58 (24%) 10 (16%)

 � Stage 4 55 (14%) 7 (8%) 38 (16%) 10 (16%)

 � Stage 5 52 (13%) 6 (7%) 15 (6%) 10 (16%)

 � Stage 6 38 (10%) 9 (10%) 23 (10%) 6 (9%)

Shown as median (IQR).
*Shown as mean±SD.
†Shown as n (%).
AIH, autoimmune hepatitis; BMI, body mass index; BP, blood pressure; MASH, metabolic dysfunction-associated steatohepatitis; MASLD, metabolic dysfunction-associated 
steatotic liver disease; NASH CRN, NASH Clinical Research Network; PT, portal tracts; WSI, whole slide image.

Table 1  Continued

Figure 2  Steatosis in MASLD (n=89) and MASH (n=238). (A) Example case with an interactive overlay of steatosis fraction represented on 
a colourimetric scale (blue-red) at specific regions from PT (grey). (B) Steatosis fraction (%) in lobular regions in MASLD and MASH. (C) Vesicle 
to hepatocyte fraction (%) in lobular regions in MASLD and MASH. MASH metabolic dysfunction-associated steatohepatitis; MASLD, metabolic 
dysfunction-associated steatotic liver disease; PT, portal tracts.
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The ICN was also higher in AIH (390 cells (IQR 580) compared 
with MASLD/MASH (140 cells (IQR 220), p<0.0001) in this 
region.

In both AIH and MASLD/MASH, the IB was lower at distances 
of 200–600 μm from the PT (2.2-fold lower relative to the portal 
region for AIH, and 1.8-fold for MASLD/MASH). However, the 
IB then increased again further away in lobular regions in AIH 
(700–900 μm; 1.3-fold higher relative to the IB at 200 μm from 
PT). In contrast, the ICN decreased gradually across lobular 
regions in both AIH and MASLD/MASH (figure 5).

Association with scoring of inflammation from manual pathology 
reads
Grading of inflammation showed good agreement between 
pathologists for the PT and periportal regions but was less aligned 
for lobular regions (online supplemental figure 4). Severity of 
portal inflammation from manual scoring correlated well with 
ICN count at PT (rs=0.46–0.73; p=0.0067 -p<0.0001), but 
only weakly with IB (rs=0.16–0.28; all non-significant). Pathol-
ogist scorings for lobular inflammation (both Ishak and NASH 
CRN) correlated weakly with both IB and ICN (rs=0.15–0.35; 
all non-significant).

Manual grading from individual pathologists showed similar 
trends. Increasing inflammation grade correlated with increasing 
ICN and IB at the PT and interface regions. For all regions, 
severity of inflammation from manual pathology correlated better 
with ICN than with IB (figure 6)—ICN at PT correlated well 
with severity of interface hepatitis in AIH (rs=0.68, p<0.0001) 
and MASLD/MASH (rs=0.56, p<0.0001) (online supplemental 
figure 5). For equivalent grades of portal inflammation, the ICN 
was up to 3.1-fold higher in AIH than in MASLD/MASH, and 

this was seen at portal, interface, and lobular regions (figure 6, 
online supplemental table 5).

DISCUSSION
Our AI system to identify and quantify PT, steatosis, and inflam-
mation in 390 MASLD/MASH and AIH cases revealed three key 
findings. First, MASH showed a 2.3-fold increase in quantity in 
steatosis, with larger vesicles than MASLD. Second, inflamma-
tion was higher in all AIH cases compared with MASLD/MASH, 
and although regional distribution was similar between the liver 
diseases, inflammation was higher at the PT and interface. Third, 
overall, greater degrees of inflammation were detected in the 
AIH cases, even for equivalent manual grades.

The quantification of both steatotic vesicles and inflamma-
tory cells in relation to the PT anatomical feature differentiates 
this AI system from previous tools that mainly calculate NASH 
CRN scores.21 This regional differentiation has the potential to 
support pathologists in the differentiation of liver disease and 
in monitoring disease progression and response to treatment in 
clinical trials more consistently and less subjectively.

PT detection
Manual PT identification is challenging due to their variable 
appearance. This is particularly relevant for highly fibrotic 
cases where vascular structures merge together and PT expand, 
resulting in an unclear boundary.34 As well as helping the pathol-
ogist recognise PT in this situation, our system can perform auto-
matic quality control on liver biopsy samples by quantifying PT 
number. Similarly, as biopsy length is often used as an alternative 

Figure 3  Regional analysis of steatosis in MASLD (n=89) and MASH (n=238). (A) Steatotic vesicles were quantified within areas defined by regions 
positioned equidistant from the PT, at intervals of 100 µm, in a case with MASLD. (B) Steatosis fraction (%) in MASLD and MASH. (C) Size (μm2) of 
steatotic vesicles in MASLD and MASH. Median values are represented as a solid line, and the upper/lower IQR is represented as a shaded error band. 
MASH metabolic dysfunction-associated steatohepatitis; MASLD, metabolic dysfunction-associated steatotic liver disease; PT, portal tracts.
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to PT count for sample adequacy, this AI system could assist by 
automatically calculating biopsy length and PT per linear cm.

Steatosis quantification
In the NASH CRN scoring system, steatosis is scored by assessing 
percentage of hepatocytes that contain lipid droplets, equivalent 
to our VHF. However, microvesicular steatosis is excluded which 
is in line with the NAS grading system.35 Future work aimed 
at distinguishing macro from microvesicular steatosis will be of 
particular interest, as we may have underestimated the burden of 
steatosis. Overall, SF was higher in MASH than MASLD across 
periportal and lobular regions. Our system also revealed a differ-
ence in the steatotic vesicle size between MASLD and MASH in 
the periportal and lobular areas—a novel finding.36 37

AI metrics and pathologist steatosis grading broadly aligned 
for MASLD and MASH cases. Average SF was under 33%, 
consistent with the low liver fat content by MRI (MRI-Proton 
Density Fat Fraction (<10%)) that was recorded for this popu-
lation,38 but was inconsistent with manual steatosis scores >1, 
which is classified as >33%. Overestimation of steatosis is 
generally reported in manual scoring, especially in severe cases39 
and as liver steatosis resolution is relevant for MASH drug effi-
cacy,40 41 accurate quantification of fat is a potential application 
for this AI system.

Inflammation quantification
With respect to inflammation, as expected, total levels were 
higher in AIH compared with MASLD/MASH and correlated 
well with manual grades in cases of high inflammatory cell 
burden. Despite equivalent Ishak/NASH CRN scores, in both 

AIH and MASLD/MASH, IB was greatest in interface regions 
and at 700–900 μm from the PT. This regional distribution may 
reflect the biology of acinar zones, with higher levels of inflam-
mation in the immune-privileged zone 1 and increased necro-
inflammation in zone 3.42 In MASLD/MASH, increasing ICN and 
IB in portal and interface regions correlated with higher patholo-
gist scores, but low lobular IB did not correlate with pathologist 
scores. This latter result reflects the low inter-rater reliability for 
lobular inflammation found in NASH CRN scoring.43

Clinical implications
Several digital pathology models have been developed to quan-
tify NASH CRN histological criteria.20 The qFIBS tool provides 
clinically useful measures of septal parameters (qFibrosis) in 
unstained slides; these can distinguish regressive from progres-
sive fibrosis across five lobular regions.22 44 AIM-MASH, trained 
at large scale on H&E/TRC-stained slides from clinical trials, 
provides NASH CRN scores and AI overlays for steatosis, 
ballooning, lobular inflammation and fibrosis, but without 
structured regional breakdown.21 FibroNest45 and Morpho-
Quant46 also quantify all NASH CRN features without struc-
tured regional breakdown. The MUSA-UNet model, trained on 
a similar number of WSI (30) as herein (31), quantified PT and 
Scheuer fibrosis stage in transplant biopsies.19 Overall, these 
solutions represent important advances but do not account for 
PT detection and characterisation that determines the location, 
boundaries, and granular regional quantification of steatosis and 
inflammation across liver biopsies.

An application of our AI system would be in accurate assess-
ment of histological endpoints in clinical trials. Evidence of 

Figure 4  Comparison of inflammation in MASLD/MASH (n=327) versus AIH (n=63). (A) Example of a case with MASLD; both segmented 
inflammatory cells (ICN) and inflammatory burden (IB) were quantified and overlayed with the anatomical location of the PT and represented with a 
colourimetric scale. (B) The IB (cells/mm2) and (C) ICN in portal (left) and lobular (right) regions in MASLD/MASH and AIH. AIH, autoimmune hepatitis; 
MASH metabolic dysfunction-associated steatohepatitis; MASLD, metabolic dysfunction-associated steatotic liver disease; PT, portal tracts.
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asymmetric improvements between lobular and portal inflam-
mation in MASH was observed in the phase 2 FLINT trial 
with obeticholic acid; only lobular inflammation improved.47 
Similarly, in the PIVENS trial, with Vitamin E/pioglitazone, 

a significant improvement in steatosis and lobular inflamma-
tion was reported while no significant change was observed in 
portal inflammation.9 Detailed analysis of inflammatory changes 
across zonal regions may enhance such work; for example, the 

Figure 5  Regional analysis performed across WSI for inflammatory burden and inflammatory cell numbers in MASLD/MASH (n=327) and AIH 
(n=63). (A) Inflammatory metrics were extracted from individual regions positioned equidistant from the PT, at intervals of 100 µm, in an AIH 
liver biopsy. (B) Inflammatory burden and (C) inflammatory cell number in MASLD/MASH and AIH, across equidistant regions. Median values are 
represented as a solid line and the upper/lower IQR is represented as a shaded error band. AIH, autoimmune hepatitis; MASH, metabolic dysfunction-
associated steatohepatitis; MASLD, metabolic dysfunction-associated steatotic liver disease; PT, portal tracts; WSI, whole slide image.

Figure 6  Inflammation quantified by AI in relation to manual grading by a single pathologist for MASLD/MASH (n=327) and for AIH (n=63). 
(A) Grades relative to IB. (B) Shows Ishak grades relative to ICN. Grades shown are based on Ishak scoring at portal and interface regions, and by 
either Ishak or NASH CRN scoring at the lobules. AI, artificial intelligence; AIH, autoimmune hepatitis; IB, inflammatory burden; ICN, inflammatory cell 
number; MASH metabolic dysfunction-associated steatohepatitis; MASLD, metabolic dysfunction-associated steatotic liver disease; NASH CRN, NASH 
Clinical Research Network.
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antioxidant effect of vitamin E may be more pronounced in 
periportal regions, where oxidative stress is highest in progres-
sive disease. The therapies in current clinical trials in MASH 
have antisteatotic effects and mechanisms of action48 but anti-
inflammatory modes of action are also being considered.49

Portal inflammation is associated with disease progression in 
MASLD and is a consideration in disease resolution endpoints 
in MASH trials1–3 50–52 . In AIH, recent consensus recommenda-
tions have suggested that interface hepatitis is one feature in the 
composite diagnosis.53 AIH features, such as interface hepatitis, 
can coexist with features of both MASLD and MASH. Using 
our system, the accurate quantification of inflammation at the 
interface region and graphical identification of inflammation 
will support pathologist scoring and identify interface hepatitis, 
avoid misclassification and flag potential incidental findings (eg, 
PBC/PSC).

Limitations and future directions
The quantification of both steatotic vesicles and inflammatory 
cells, in relation to the PT anatomical feature, differentiates this 
AI system from previous tools and its validation in four indepen-
dent cohorts is a strength of this work. However, there remain 
several limitations. First, our work was cross-sectional and 
would have benefited from longitudinal samples and prospective 
validation against outcomes. Future work prospectively evalu-
ating disease progression or treatment response is warranted. 
Second, while the curated clinical trial datasets herein allowed 
us to develop an accurate and robust model, future iterations 
incorporating datasets with lower quality slides (eg, with tissue 
folding, out-of-focus regions, variable staining) will be important 
to validate our findings. Such real-world cases could include 
complex cases of MASLD/MASH with concurrent AIH to vali-
date our findings. Third, in our predominantly paediatric AIH 
cohort, we consistently found elevated levels of inflammation 
compared with MASLD/MASH. Paediatric AIH is considered 
to have fewer disease features compared with adult AIH,54 so 
this finding requires validation in prospective studies. Finally, 
the present study focuses on H&E-stained slides to reflect the 
scoring of steatosis and inflammation. Incorporating ballooning 
and fibrosis detection and other histological stains would 
strengthen the overall outputs and can be incorporated into 
future pipelines.

CONCLUSION
PT characterisation is fundamental to establishing sample 
adequacy of liver biopsies and to assessing the pathological 
abnormalities such as staging fibrosis, identification of interface 
hepatitis and zonal necrosis. This AI system generated detailed 
visual overlays to assist in the above, as well as producing auto-
mated quantification of PT, inflammation and steatosis across 
portal, interface, and lobular regions. Such AI systems could 
improve the reproducibility and accuracy of liver biopsy evalua-
tion and consensus decisions in clinical trials.

Furthermore, while the use of non-invasive approaches to 
quantify liver inflammation is becoming more prevalent, the low 
levels of IB and ICN that are present in MASLD and MASH will 
require the high degree of sensitivity afforded by AI to measure 
the small effect sizes that are likely when assessing the impact of 
anti-inflammatory treatments.
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