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ABSTRACT

Background: The hepatic venous pressure gradient (HVPG) is the standard for estimating portal 

pressure but requires expertise for interpretation. We hypothesized that HVPG could be extrapolated 

from liver histology using a machine learning (ML) algorithm. 

Methods: NASH patients with compensated cirrhosis from a phase 2b trial were included. HVPG and 

biopsies from baseline and weeks 48 and 96 were reviewed centrally, and biopsies evaluated with a 

convolutional neural network (PathAI; Boston, MA). Using trichrome-stained biopsies in the training 

set (n=130), an ML model was developed to recognize fibrosis patterns associated with HVPG and 

the resultant ML HVPG score was validated in a held-out test set (n=88). Associations between the 

ML HVPG score with measured HVPG and liver-related events, and performance of the ML HVPG 

score for clinically significant portal hypertension (CSPH, HVPG ≥10 mm Hg) were determined.

Results: The ML HVPG score was more strongly correlated with HVPG than hepatic collagen by 

morphometry (ρ=0.47 vs ρ=0.28; p<0.001). The ML HVPG score differentiated patients with normal 

(0-5 mmHg) and elevated HVPG (5.5-9.5 mmHg), and CSPH (median: 1.51 vs 1.93 vs 2.60; all 

p<0.05). The AUROCs (95%CI) of the ML HVPG score for CSPH were 0.85 (0.80,0.90) and 0.76 

(0.68,85) in the training and test sets, respectively. Discrimination of the ML HVPG score for CSPH 

improved with addition of a ML parameter for nodularity, ELF, platelets, AST, and bilirubin 

(AUROC in test set: 0.85;95%CI 0.78,0.92). While baseline ML HVPG score was not prognostic, 

changes were predictive of clinical events (HR 2.13; 95%CI 1.26,3.59) and associated with 

hemodynamic response and fibrosis improvement. 

Conclusions: A ML-model based on trichrome-stained liver biopsy slides can predict CSPH in 

NASH patients with cirrhosis. 

Keywords: cirrhosis, portal hypertension, HVPG

A
cc

ep
te

d 
A

rt
ic

le



This article is protected by copyright. All rights reserved

INTRODUCTION

Clinical events of hepatic decompensation in patients with cirrhosis result mainly from portal 

hypertension. Measurement of the hepatic venous pressure gradient (HVPG) by hepatic vein 

catheterization is the reference standard for assessing the severity of sinusoidal portal hypertension, 

and a wealth of data has confirmed its utility for predicting clinical events in patients with cirrhosis of 

diverse etiologies.(1-3) Specifically, an HVPG of 10 mm Hg or greater is considered the threshold for 

clinically significant portal hypertension (CSPH), and predicts the development of esophageal varices, 

hepatic decompensation, and liver-related mortality. The therapeutic corollary to these findings is the 

importance of reducing HVPG to lessen the probability of adverse clinical outcomes.(4, 5) 

Despite the utility of HVPG measurement for risk stratification, impediments to its proper use and 

interpretation are well described.(6, 7) The procedure is invasive and costly, and due to the need for 

interventional radiographic expertise and facilities, may be inadequately performed outside of 

experienced, academic centers. Moreover, multiple technical aspects, as well as deficiencies in the 

assessment of waveform tracings, may limit its application in everyday practice.(7) Finally, recent 

studies point to far greater variability in HVPG measurement in patients with cirrhosis due to 

nonalcoholic steatohepatitis (NASH) versus other etiologies such as alcohol or viral hepatitis.(8) 

Given these limitations to HVPG measurement, alternative approaches to the evaluation of portal 

hypertension have been evaluated, including serum markers of fibrosis, elastographic measures of 

liver and spleen stiffness, imaging methods, and functional tests (e.g., cholate clearance).(9-12) 

Although correlations between these measures and HVPG have been reported, data in patients with 

cirrhosis due to NASH and clinical utilization for diagnosis of CSPH are limited. 

An alternative approach is to utilize findings from liver biopsies to estimate the severity of portal 

hypertension. For example, Garcia-Tsao and colleagues found that the thickness of fibrotic septae and 

small nodule size were independently predictive of CSPH.(13, 14) These observations are consistent 

with the marked alterations in structural components found in cirrhosis, which is a major contributor 

to portal hypertension. However, a limitation of traditional histologic assessment is its subjectivity, 

including the grading of septal thickness using terms such as ‘thin’, ‘medium’, or ‘thick.’ Adoption of 

digital image analysis to quantify fibrosis and nodule size may circumvent this issue. Indeed, multiple A
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studies have shown associations between HVPG and collagen proportionate area quantified by 

morphometry.(14-16) More recently, digital image analysis based on machine learning (ML) 

algorithms has shown promise for improving the reliability of histological evaluation in NASH.(17-

19) This approach has also enabled the identification of novel histologic features associated with 

clinical disease progression, including portal inflammation and indicators of fibrosis severity based on 

fibrosis patterns that are distinct from collagen proportionate area.(20) 

In the current study, we hypothesized that HVPG could be extrapolated by a ML algorithm that used 

deep convolutional neural networks (CNN) for quantitative characterization of liver biopsy tissue. 

This ML approach was applied in a retrospective analysis of histological samples from a clinical trial 

in patients with NASH cirrhosis where serial measurements of HVPG were centrally reviewed and 

clinical outcomes prospectively recorded.(21) Our data suggest that a ML-based approach to 

assessment of the structural features that comprise the major component of portal hypertension may 

represent a practical solution to the assessment of HVPG in NASH cirrhosis. 

METHODS

Study Population

This analysis used data from a large, randomized, placebo-controlled phase 2b study of simtuzumab 

in patients with compensated cirrhosis due to NASH (ClinicalTrials.gov NCT01672879). The primary 

results of the study are reported elsewhere, where the methods are fully described.(21) Briefly, the 

study enrolled 258 patients with histologically confirmed NASH and compensated cirrhosis (modified 

Ishak fibrosis stage 5-6). Patients were randomized in a 1:1:1 ratio to receive 200 mg of simtuzumab, 

700 mg of simtuzumab, or placebo by intravenous infusion every 2 weeks for a planned treatment 

duration of 240 weeks. Randomization was stratified by the presence or absence of diabetes and 

CSPH. A pre-planned interim analysis conducted after all patients had completed at least 96 weeks of 

treatment found that there were no meaningful differences between either of the simtuzumab groups 

or the placebo group in any efficacy endpoint, including hepatic fibrosis and HVPG. Therefore, 

treatment groups were combined for the current analysis. 
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Patients in the study were deemed to have a clinical event if they had evidence of hepatic 

decompensation (ascites, newly diagnosed varices in a patient without prior varices, esophageal 

variceal bleeding, hepatic encephalopathy, or ≥2-point increase in Child–Pugh–Turcotte score), liver 

transplantation, qualification for transplantation (Model for End-stage Liver Disease [MELD] ≥15), or 

death, confirmed by an independent Hepatic Events Adjudication Committee. 

In total, 218 subjects screened or enrolled in the study with available HVPG measurements, liver 

histology, and appropriate consent were included in the current analysis.

HVPG Measurement, Liver Histology, and Serum Markers 

HVPG measurements were performed according to a standardized protocol during the screening 

period and at weeks 48 and 96 of the study. As previously described,(21) measurements of wedged 

(occluded) hepatic venous pressure (WHVP) and free hepatic vein pressure (FHVP) were made in 

triplicate. Permanent tracings for each measurement were obtained and the mean value was recorded 

for that visit. HVPG was calculated as the difference between the mean WHVP and mean FHVP. All 

tracings were evaluated centrally by a single reader (JB); the intra-class correlation coefficients (ICC) 

at each time point were 0.97 or greater. 

Core liver biopsies obtained at screening and at weeks 48 and 96 and stained with hematoxylin and 

eosin (H&E) and Masson’s trichrome, were read by a single expert hepatopathologist. Histologic 

assessments included the adequacy of the biopsy specimen, confirmation of the diagnosis, NAFLD 

Activity Score (NAS) grading, and fibrosis staged according to a modified Ishak classification. 

Hepatic collagen content was digitally quantified using picrosirius red (PSR)-stained biopsies which 

were scanned at 20x magnification using an Aperio ScanScope XT (Leica Biosystems, Vista, CA); 

results were expressed as the percentage of the entire biopsy section that was positive for PSR.(21)   

Finally, serum markers including routine liver biochemistry and the noninvasive markers of fibrosis, 

APRI, FIB-4, and the Enhanced Liver Fibrosis (ELF) score (Siemens Healthcare, Erlangen, 

Germany), were measured.

Training and Testing a Machine Learning Model for Assessment of HVPG A
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Study subjects were randomly separated in a 3:2 ratio into training (n=130) and test (n=88) sets 

which were used for model training and performance evaluation, respectively. Using the PathAI 

research platform (PathAI; Boston, MA), digitized images of Masson’s trichrome–stained biopsies 

(training set: n=320 slides; n=276 HVPG measurements) were used to develop an “end-to-end” 

(E2E), CNN model to recognize fibrosis patterns associated with HVPG measurements in six 

clinically relevant categories (0–5 mm Hg [normal], 5.5–9.5 mm Hg [elevated], and 10–11.5, 12–

15.5, 16–19.5, and ≥20 mm Hg [all indicative of CSPH]). These ascending gradations of CSPH have 

been associated with increased risk of liver-related clinical events including mortality.(22) These 

HVPG categories (labelled from 0 to 5 in ascending order of HVPG) were the trichrome image-

associated labels used for model training. After label assignment, we utilized an HVPG model 

training process as described previously for training E2E models to predict NASH CRN or Ishak 

fibrosis stage.(23) Briefly, pathologist-derived annotations of whole slide images of trichrome-

stained biopsies were used to generate training sets of 531x531 pixel image patches on the order of 

500,000 samples. These patches were used to train a deep CNN with stochastic minibatch gradient 

descent using the ADAM optimizer to produce pixel-level predictions of fibrosis, bile duct, blood 

vessel, and lumen. Models are comprised of 8-12 blocks of compound layers with a topology 

inspired by residual networks and inception networks with a softmax loss. Model training was 

monitored and hyperparameters were adjusted based on the performance of the model on pathologist 

annotations from the held-out test set, until convergence was achieved. HVPG model predictions 

were restricted to regions identified as fibrosis with the previously developed fibrosis segmentation 

model.(23) The HVPG model predicted an HVPG category (0-5) within fibrotic regions in the tissue 

directly from images of trichrome-stained images. Each pixel of fibrotic tissue within each image 

was associated with an HVPG category. To compute a slide-level ML HVPG score, the pixels 

predicted to be each category of HVPG within fibrosis were first summed and normalized by total 

area of fibrosis. Each fraction was then multiplied by the corresponding HVPG category label (0-5) 

and then summed to generate a slide-level, weighted average ML HVPG score. Heatmaps generated 

by the model depicted pixel-level associations of fibrosis tissue with the six HVPG categories 

(Figure 1). Model training was monitored, and hyperparameters adjusted based on the Spearman 

correlation of the ML HPVG score with true HVPG on the training set, until convergence was A
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achieved. Once model trained was completed, the algorithm was locked and deployed on the test set. 

The ML HVPG score ranges from 0 to 5, consistent with the six HVPG categories used in its 

derivation. In a pilot study in which 29 biopsy images from the validation set were evaluated twice 

by the ML model, perfect agreement was observed between the first and second reading 

(Supplemental Figure 1).

Machine Learning Assessment of Other Histological Features

ML parameters from previously developed models for other histological features of NASH were also 

included in this study (23). Briefly, these models were trained using pathologist annotations to detect 

NASH features including steatosis, lobular inflammation, hepatocellular ballooning, and portal 

inflammation on images of H&E-stained biopsies, and fibrosis and bile ducts on images of trichrome-

stained biopsies. Slide-level ML parameters were generated by computing proportionate areas of each 

histologic feature, including fibrosis patterns consistent with each NASH CRN fibrosis stage. In 

addition, we calculated the weighted mean of these predictions to generate a single, slide-level, 

continuous score referred to as the ML NASH CRN fibrosis score, that summarizes the underlying 

heterogeneity of fibrosis in the slide. 

Two additional ML parameters were computed to quantify nodules on images of trichrome-stained 

biopsies (Supplemental Figure 2). In brief, fibrotic and non-fibrotic tissues were identified using a 

previously developed ML model (24), and connected component analysis was performed using 

morphological image analysis operations to identify nodules as non-contiguous regions of non-

fibrotic tissue. ML nodularity was defined as the proportion of nodule perimeter surrounded by 

fibrosis, and ML normalized nodule perimeter was defined as the nodule perimeter surrounded by 

fibrosis, normalized by nodule area. Both parameters were determined for all nodules in a biopsy, 

and image-level averages of the parameters were computed. 

Statistical Analyses

Associations between true (measured) HVPG with the ML HVPG score and other parameters were 

evaluated using Spearman correlations and Mann-Whitney tests. Performance of the ML HVPG score A
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and other parameters for predicting CSPH was determined using logistic regression models and areas 

under receiver operating characteristic curves (AUROCs). To evaluate the performance of 

combinations of parameters for predicting CSPH, stepwise multivariate models including ML 

histologic and routine clinical parameters (e.g., liver biochemistry, platelets, APRI, FIB-4, ELF) were 

trained in the training set (p<0.20 for model entry and p<0.15 for model retention) and the fitted 

models were then applied to the test set. 

Associations between the ML HVPG score and measured HVPG, both at baseline and changes over 

time, with time to first liver-related clinical event (as defined above) were evaluated using log-rank 

tests and Cox proportional hazards regression. We implemented a last observation carried forward 

approach, including baseline, to impute missing post baseline values. Univariate models were used for 

baseline predictors, while all models for change from baseline adjusted for baseline values. 

Discrimination of the parameters at baseline for clinical events during follow-up was evaluated using 

c-statistics, which are analogous to AUROCs for survival data. 

RESULTS

Study Population

The median age of the study cohort was 57 years (IQR 51, 61); most patients were female (62%), 

white (94%), and approximately two-thirds had diabetes (Table 1). The median HVPG at baseline 

was 12.0 mm Hg (IQR 8.5 mm Hg, 16.0 mm Hg), 69% of patients had CSPH, and 15% were taking 

non-selective beta blockers. Patients in the training and test sets had similar demographics, liver 

biochemistry, and fibrosis assessments; however, median serum albumin was lower in the test set (3.7 

vs 3.9 g/dL; p=0.018). The median length of liver biopsy specimens at baseline was 2.3 cm (IQR 1.6, 

3.3); biopsy length was similar between the training and test sets.  

A Machine Learning-Based Model Categorizes Discrete Histologic Regions Associated with 

HVPG in NASH Cirrhosis

The ML model for HVPG generated a pixel-wise classification of fibrotic tissue and calculated the 

weighted mean of these predictions to generate the ML HVPG score. The resulting slide-level 

features capture the heterogeneity of fibrosis severity and patterns on the entire slide for the A
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generated HVPG predictions. Illustrative trichrome-stained biopsies with heatmaps representing the 

ML-based predictions of HVPG are provided in Figure 1. In a patient with a measured HVPG of 4.5 

mm Hg, relatively sparse bands of fibrosis (hepatic collagen, 3.2%; ML NASH CRN fibrosis score, 

3.06) were observed along with a ML HVPG score of 0.42 (Figure 1A). In contrast, two other 

specimens (Figures 1B and 1C), demonstrated thick fibrous bands with markedly positive trichrome 

staining (hepatic collagen ~13%; ML NASH CRN fibrosis score ~3.6), yet the less prominently 

stained section (Figure 1C) recorded a higher ML HVPG score (4.03 vs 2.90), consistent with higher 

measured HVPG (22 vs 12.5 mm Hg in Figure 1B). These data demonstrate that the ML HVPG 

algorithm can detect fibrotic regions corresponding to higher true HVPG despite differences in 

staining intensity. 

Correlations Between Measured HVPG with the ML HVPG Score and Other Parameters

The ML HVPG score was significantly correlated with true HVPG in both the training (ρ=0.67; 

p<0.001 [Figure 2A]) and test sets (ρ=0.47; p<0.001 [Figure 2B, Table 2]). In the test set, these 

correlations were similar between patients with (ρ=0.35; p=0.019) and without CSPH (ρ=0.42; 

p=0.0495). To determine whether the end-to-end, ML HVPG model was simply analogous to a 

continuous score of hepatic fibrosis, we assessed the association between hepatic collagen content by 

conventional morphometry and true HVPG. As shown in Figure 2C, hepatic collagen was less 

strongly correlated with true HVPG in the test set (ρ=0.28; p<0.001) than the ML HVPG score. In 

contrast, the ELF score demonstrated a higher correlation with true HVPG (ρ=0.60; p<0.001 [Figure 

2D]). Correlations between true HVPG and ML parameters for nodularity (ρ=0.15; p=0.04) and 

normalized nodule perimeter (ρ=0.21; p<0.001) were modest, yet statistically significant. 

Correlations between the ML HVPG score and true HVPG with other parameters in the test set are 

provided in Table 2. The ML HVPG score was moderately correlated with hepatic collagen by 

morphometry (ρ=0.43; p<0.0001), ELF (ρ=0.44; p<0.0001) and other noninvasive tests of fibrosis 

(NITs), platelets (ρ=-0.39; p<0.0001), albumin (ρ=-0.44; p<0.0001), INR (ρ=-0.39; p<0.0001), and 

MELD (ρ=0.35; p<0.0001). The ML HVPG score was also correlated with other ML histologic 

parameters including the ML NASH CRN fibrosis score (ρ=0.39; p<0.0001), and proportionate areas 

of F4 fibrosis (ρ=0.44; p<0.0001), portal inflammation (ρ=0.50; p<0.0001), bile ducts (ρ=0.59; A
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p<0.0001), and steatosis (ρ=-0.27; p=0.0001). In general, correlations between true HVPG and these 

parameters were similar, except for stronger correlations between the ML HVPG score and other ML 

features for fibrosis, portal inflammation, and bile duct area.

ML HVPG Score Discriminates Clinically Distinct Ranges of HVPG  

The ability to discern CSPH from normal and mildly elevated portal pressures based on slide-level 

analysis alone would be expected to have prognostic value.(13, 14) The slide-level ML HVPG score 

differentiated patients with normal HVPG (0-5 mm Hg), mildly elevated HVPG (5.5-9.5 mm Hg), and 

CSPH (median ML HVPG scores: 1.51 vs 1.93 vs 2.60; Figure 3A). However, among patients with 

CSPH, the ML HVPG score could not discriminate between smaller HVPG categories 

(Supplemental Figure 3). Similar findings were observed for the ELF score (Figure 3B). Hepatic 

collagen content by morphometry was able to differentiate patients with CSPH from those with 

elevated HVPG (median hepatic collagen: 13.3 vs 10.0%; p<0.001), but not between those with 

normal and elevated HVPG (Figure 3C). 

The discrimination of the ML HVPG score and other parameters, alone or in combination, for CSPH 

is outlined in Table 3. In the training and test sets, the AUROCs of the ML HVPG score for CSPH 

were 0.85 (95% CI 0.80, 0.90) and 0.76 (95% CI 0.68, 85), respectively. Performance of the ML 

HVPG score was not influenced by beta blocker therapy at baseline (AUROCs in patients on vs not 

on beta blockers: 0.66 (0.27, 1.00) vs 0.78 (0.69, 0.86) p=0.55). Corresponding AUROCs for the ELF 

score and hepatic collagen content in the test set were 0.78 (95% CI 0.71, 0.86 [p=0.42 vs ML HVPG 

score) and 0.65 (95% CI 0.56, 0.75 [p=0.054 vs ML HVPG score]), respectively. 

Detection of CSPH with the ML HVPG score was improved by the addition of ELF (AUROC in test 

set: 0.82 [95% CI 0.75, 0.89]), APRI (AUROC: 0.81 [95% CI 0.74, 0.89]), FIB-4 (AUROC: 0.85 

[95% CI 0.75, 0.81]), and a combination of ELF, platelets, AST, and bilirubin (AUROC 0.84 [95% CI 

0.78, 0.91] [Table 3]). Addition of other ML histologic parameters including the ML NASH CRN 

fibrosis score and ML nodularity had minimal impact on diagnostic performance of the ML HVPG 

score (AUROC in test set: 0.76 [95% CI 0.68, 0.84]). A full model including optimal ML and clinical 
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parameters (ML HVPG score, ML nodularity, ELF, platelets, and AST) had an AUROC of 0.93 (95% 

CI 0.90, 0.97) in the training set and 0.85 (95% CI 0.78, 0.92) in the test set. 

Associations Between Changes in ML HVPG Score and Improvements in Fibrosis and HVPG

Reductions in portal pressure may be observed in patients with NASH cirrhosis treated with 

hemodynamically active therapies such as beta blockers or due to fibrosis regression.(25) We 

therefore compared changes in the ML HVPG score according to the presence or absence of a >20% 

decrease in HVPG or Ishak fibrosis stage improvement from baseline to week 96 (Figure 4). Changes 

in the ML HVPG score and true HVPG between baseline and week 96 were correlated (ρ=0.24; 

p=0.012) and similar between patients with and without CSPH (ρ=0.19 vs 0.21). In patients with a 

>20% decrease in HVPG, the median (IQR) ML HVPG score declined more than among those who 

did not achieve a hemodynamic response (-0.8 [-1.3, -0.3] vs -0.4 [-0.7, 0.0]; p=0.013 [Figure 4A]). 

Differences in NITs such as ELF and FIB-4 at baseline and changes from baseline to week 96 were 

also seen in patients with versus without a hemodynamic response (Supplemental Table 1). Similar 

findings were observed when patients were categorized according to a >10% decrease in HVPG 

(Supplemental Figure 4). Similarly, the ML HVPG score declined significantly in patients with 

versus without fibrosis improvement (-1.1 [-1.6, -0.5] vs -0.4 [-0.7, 0.0]; p<0.001 [Figure 4B]). These 

data indicate that the ML HVPG score is responsive to changes in true HVPG and fibrosis stage in 

patients with cirrhosis due to NASH.  

Prognostic Utility of the ML HVPG Score for Liver-Related Clinical Events

During a median follow-up of 31.0 months (IQR 27.9, 35.0), 33/176 patients (19%) in both the 

training and test sets had liver-related clinical events (Supplemental Table 2). At baseline, true 

HVPG (hazard ratio [HR] per mm Hg: 1.181 [95% CI 1.107, 1.261]; p<0.001 [Figure 5A]), but not 

ML HVPG score (HR per unit: 1.349 [95% CI 0.836, 2.178]; p=0.22 [Figure 5B]), was associated 

with liver-related clinical events (c-statistics 0.705 vs 0.558; p=0.036). After adjustment for baseline 

values, increases from baseline in both true HVPG and ML HVPG score were associated with an 

increased risk of clinical events (Figure 4C). A
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A recent publication described underestimation of portal pressure with HVPG measurement in 

patients with cirrhosis due to NASH.(8) In the current study, among 32 patients who had liver-related 

clinical events during the trial, six had baseline HVPG below 10 mm Hg. Baseline ML HVPG scores 

in these patients were non-significantly lower than among those with clinical events and CSPH at 

baseline (p=0.084; Supplemental Figure 5).

DISCUSSION

The present study utilized a CNN model to learn the morphological signatures of fibrosis associated 

with HVPG using trichrome-stained liver biopsy slides from patients with cirrhosis due to NASH. 

Importantly, the ML-predicted HVPG score was able to discriminate CSPH from normal and elevated 

portal pressure, and changes in the score predicted the occurrence of liver-related clinical events. The 

performance of the model was not influenced by concomitant beta blocker therapy. Advantages of 

this ML-based approach over human assessment of HVPG include the lack of requirement for 

specialized interventional radiology procedures and facilities, or the human expertise to interpret 

HVPG tracings, if a liver biopsy is available.(7) Moreover, the ML HVPG score is an additional piece 

of clinical data that can be extracted from liver histology, which is frequently performed in patients 

with NASH, particularly in the context of clinical trials. Importantly, the ML HVPG score was 

derived and validated using trichrome-stained liver biopsy slides, which are collected in routine 

clinical practice, eliminating the need for special staining. Indeed, ML models generated using slides 

stained for picrosirius red and α-smooth muscle actin did not outperform the model using trichrome-

stained slides (data not shown). Finally, unlike the interpretation of HVPG tracings and liver histology 

by humans, the ML HVPG score is 100% reproducible; measurements taken from the same histologic 

slide produce identical scores on repeat evaluation (Supplemental Figure 1). This provides a defined 

benchmark for evaluation of changes in the score that may occur with intervention. 

Used alone, the performance of the ML HVPG score for discriminating CSPH was superior to hepatic 

collagen by morphometry (AUROCs in test set: 0.76 vs 0.65), and similar to that of the ELF score 

(AUROC 0.78). Platelet count, the non-proprietary fibrosis markers, APRI and FIB-4, and a 

combination of clinical parameters (ELF, platelets, APRI, and bilirubin) also had good diagnostic 

performance (AUROCs 0.75 to 0.83). These data highlight the potential of the ML HVPG score, A
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NITs, and routine clinical parameters to identify CSPH in NASH patients with cirrhosis. The 

superiority of the ML HVPG score over hepatic collagen quantified by conventional morphometry 

suggests that the ML model is capturing phenotypic features beyond just the quantity of fibrosis. 

Indeed, as shown in Figure 1, despite very similar metrics of fibrosis (hepatic collagen, ML NASH 

CRN fibrosis score) in the representative patients, the ML model can identify characteristics of the 

fibrotic matrix associated with increased portal pressure. However, due to the ‘end-to-end’ nature of 

the model, the specific features that contribute to this improved diagnostic performance cannot be 

elucidated. 

The discrimination of ELF, FIB-4, and APRI for CSPH is in keeping with prior observations and 

supports the utility of non-biopsy derived serum markers that have been reported in multiple 

studies.(10, 16, 21, 26) Models combining the ML HVPG score with clinical parameters associated 

with portal hypertension (ELF, platelets, AST, bilirubin, APRI, FIB-4) improved upon the 

performance of the ML HVPG score for detecting CSPH (AUROCs 0.81 to 0.85 in the test set). A 

‘full’ model, which included the ML HVPG score, a ML feature of nodularity, ELF, platelets, and 

AST had very good discrimination for CSPH (AUROC 0.85). These findings suggest that these 

alternative features may be capturing pathophysiologic components other than the fibrotic scar itself 

that are reflective of the ‘dynamic component’ of portal hypertension (e.g., inflammation and 

endothelial dysfunction).(3, 27) Indeed, the ELF score was significantly correlated with portal 

inflammation assessed by ML in this dataset (data not shown). Several additional ML histologic 

features including proportionate areas of bile ducts, lobular inflammation, and steatosis, had 

prognostic utility in isolation but not in multivariate analyses, perhaps due to the small sample size of 

the study. Inclusion of such features may help to identify patients in which HVPG underestimated 

their actual portal pressure.(8)

In light of data from a study that identified small nodule size as an independent predictor of CSPH in 

a cohort with predominantly alcoholic or viral cirrhosis,(13) we attempted to train the ML algorithm 

to recognize parenchymal nodularity (Supplemental Figure 2). These parameters were weakly 

correlated with HVPG (Table 2) and had limited diagnostic performance for CSPH alone (AUROCs 

~0.60), perhaps due to the different stages of cirrhosis in the two studies. The majority of patients A
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(34/43) in the study that identified small nodule size as a predictor of CSPH had liver biopsies 

performed in the context of transjugular intrahepatic portosystemic shunt insertion, and therefore 

likely had more advanced cirrhosis than those in the present study. Nevertheless, the addition of ML 

nodularity to the ML HVPG score improved its discrimination for CSPH (Table 3). These findings 

suggest that refinement of these nodularity features and/or exploration of other novel parameters 

should be pursued in order to improve the performance of the ML models for assessment of HVPG. 

Our study confirmed the relationship between the cirrhotic architecture, portal pressure, and the 

incidence of hepatic decompensation in NASH cirrhosis. Notably, unlike measured HVPG, the ML 

HVPG score at baseline was not predictive of clinical events. We speculate that this may stem from 

the inability of the ML algorithm to distinguish grades of portal pressure above the CSPH threshold 

(i.e., between HVPG categories above 10 mm Hg [Supplemental Figure 3]). Similar observations 

have been made for ELF and for liver stiffness by vibration-controlled transient elastography; 

specifically, weaker correlations with HVPG at higher portal pressures.(10, 28) In these patients, 

pathophysiologic contributors to portal hypertension other than fibrosis, such as splanchnic 

vasodilatation and alterations within the intrahepatic vasculature, may play a more prominent role, 

especially in decompensated patients (not included in this study).(3) With this in mind, we attempted 

to train the ML algorithm to recognize vascular features that differentiated different degrees of CSPH 

but were unsuccessful in this endeavor (data not shown). 

Another approach to testing whether the ML approach recognizes changes to the vascular component 

that are not obvious to human observation is to examine associations between the ML HVPG score 

and hemodynamic responses to treatment. Unfortunately, only a small number of patients started beta 

blocker therapy during the trial (n=8 who provided consent for this analysis). However, 27 patients 

experienced a >20% decrease in HVPG between baseline and week 96, potentially due to lifestyle 

modification.(29) In these patients, the ML HVPG score declined more than among those who did not 

achieve a hemodynamic response (Figure 4A). Consistent with this observation, a statistically 

significant association was observed between changes in the ML HVPG score and measured HVPG 

(ρ=0.24; p=0.012). These data suggest that the ML HVPG score is responsive to changes in true 

HVPG and are supported by the statistically significant association between changes in the ML A
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HVPG score and the incidence of liver-related clinical events (Figure 5C). Finally, the ML HVPG 

score declined significantly in patients with, compared to those without, an improvement in fibrosis 

stage (Figure 4B). In totality, these data suggest that the ML HVPG score is responsive to changes in 

parameters that have prognostic relevance for patients with NASH cirrhosis. If validated, these 

observations support consideration of the ML HVPG score as a surrogate endpoint in clinical trials of 

therapies for NASH cirrhosis.

Our study has several strengths including the measurement of HVPG according to a standardized 

protocol, centralized review of HVPG measurements and liver histology, and prospective adjudication 

of liver-related clinical events in the context of a rigorously conducted clinical trial. However, several 

limitations of the study warrant discussion. First, the test set was small; hence, external validation in 

an additional dataset is necessary. Second, the number of patients with clinical events and duration of 

follow-up were limited. Therefore, firm conclusions regarding the prognostic utility of the ML HVPG 

score require evaluation in larger cohorts with longer follow-up. Third, the study was restricted to 

patients with compensated cirrhosis due to NASH. Validation of the ML HVPG score in patients with 

cirrhosis of alternate etiologies is necessary to confirm generalizability of our findings. In addition, 

liver fibrosis was not staged according to the Laennec fibrosis scoring system, which has been 

associated with the severity of portal hypertension and risk of clinical events.(30, 31) In addition, we 

did not collect data on liver stiffness in this trial, although it has demonstrated utility for predicting 

CSPH.(16) Finally, data regarding potentially confounding factors that may influence HVPG, 

including alcohol consumption, diet, and exercise, are not available. However, changes in body 

weight were not associated with changes in HVPG (data not shown).

In summary, a score based on a ML algorithm trained on liver biopsies alone is correlated with 

measured HVPG and can identify CSPH in patients with cirrhosis due to NASH. Continued 

improvements in ML-based assessments may further refine the accuracy of the ML HVPG score, 

identify novel histologic parameters associated with portal hypertension, and define features that 

predict response to interventions that reduce HVPG.   
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Table 1. Baseline Demographics and Clinical Characteristics

Training Set

(N=130; 320 slides)

Test Set

(N=88; 216 slides)
p-Value

Demographics and Concomitant Medications

Age, y 56 (50, 60) 58 (53, 62) 0.11

White 121 (93) 83 (94) 0.79

Hispanic 21 (16) 14 (16) 1.00

Woman 76 (58) 60 (68) 0.16

BMI, kg/m2 33.11 (29.91, 38.63) 35.02 (30.11, 39.17) 0.54

Diabetes 79 (67) 56 (75) 0.27

Beta blocker therapy 20 (15) 13 (15) 1.00

Liver Biochemistry

ALT, U/L 36 (27, 50) 35 (24, 47) 0.42

AST, U/L 41 (31, 54) 41 (29, 55) 0.51

ALP, U/L 93 (72, 113) 100 (78, 128) 0.13

GGT, U/L 72 (39, 122) 87 (49, 136) 0.22

Albumin, mg/dL 3.9 (3.7, 4.2) 3.7 (3.5, 4.1) 0.018

Total bilirubin, mg/dL 0.7 (0.4, 1.1) 0.6 (0.5, 1.0) 0.54

Platelets, x103/mL 138 (97, 191) 151 (96, 192) 0.49

MELD 7 (6, 8) 7 (6, 8) 0.08

Fibrosis Parameters and HVPG

F5 37/128 (29) 23/87 (26)

F6 77/128 (60) 57/87 (66)

0.39

Hepatic collagen content, % 11.15 (7.80, 17.40) 14.25 (7.80, 20.10) 0.10

ML NASH CRN fibrosis score 3.42 (2.95, 3.63) 3.26 (3.07, 3.52) 0.51

ELF score 10.82 (9.91, 11.48) 10.65 (9.92, 11.52) 0.86A
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HVPG, mm Hg 12.0 (8.5, 16.0) 12.0 (8.5, 16.0) 0.99

0 - 5 mm Hg (normal) 1/105 (1) 2/70 (3)

5.5 – 9.5 mm Hg (elevated) 32/105 (30) 20/70 (29)

≥10 mm Hg (CSPH) 72/105 (69) 48/70 (69)

0.70

Data are median (IQR) or n (%).
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Table 2. Correlations Between ML HVPG Score and True HVPG with Other Parameters in the 

Test Set

Parameters
Correlations with 

ML HVPG Score

Correlations with 

True HVPG

N
Correlation 

Coefficient (ρ)
p-Value N

Correlation 

Coefficient (ρ)
p-Value

True HVPG 178 0.4698 <0.001 -- -- --

ML HVPG score* -- -- -- 178 0.4698 <0.001

Hepatic collagen content 168 0.4284 <0.001 174 0.2812 <0.001

ELF 175 0.4356 <0.001 183 0.5986 <0.001

FIB-4 188 0.4751 <0.001 179 0.5953 <0.001

ALT 193 0.0566 0.43 184 -0.1271 0.086

AST 190 0.2844 <0.001 180 0.1319 0.078

GGT 194 0.2688 <0.001 185 0.0736 0.32

Platelets 195 -0.3855 <0.001 186 -0.5331 <0.001

MELD 192 0.3511 <0.001 182 0.4828 <0.001

Total bilirubin 195 0.3157 <0.001 186 0.3409 <0.001

INR 194 0.3865 <0.001 184 0.4525 <0.001

Albumin 195 -0.4422 <0.001 186 -0.5241 <0.001

ML NASH CRN fibrosis score* 198 0.3940 <0.001 182 0.1589 0.032

ML proportionate area of F4* 198 0.4407 <0.001 182 0.2109 0.004

ML proportionate area of ≤F2* 198 -0.3149 <0.001 182 -0.1081 0.146

ML proportionate area of steatosis 196 -0.2747 <0.001 184 -0.3789 <0.001

ML proportionate area of hepatocellular 

ballooning
196 0.1223 0.088 184 -0.0469 0.53

ML proportionate area of lobular 

inflammation
196 -0.2775 <0.001 184 -0.2937 <0.001

ML proportionate area of portal 

inflammation
196 0.4964 <0.001 184 0.2808 <0.001

ML proportionate area of bile ducts* 198 0.5854 <0.001 182 0.4107 <0.001

ML nodularity* 194 0.2306 0.001 175 0.1874 0.013

ML normalized nodule perimeter* 194 0.2452 0.001 175 0.1466 0.053

* ML parameters from trichrome-stained liver biopsy slides. Other ML parameters from H&E-stained slides.A
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Table 3. Discrimination of ML HVPG Score and Other Parameters for CSPH

Training Set Test Set

Predictors of CSPH AUROC 

(95% CI)

AUROC 

(95% CI)

Optimal 

Cutoff

Sensitivity

(95% CI) 

Specificity

(95% CI)

PPV

(95% CI)

NPV

(95% CI)

ML Parameters

ML HVPG score* 0.85 (0.80, 0.90) 0.76 (0.68, 0.85) 2.01 85 (77, 92) 62 (47, 75) 81 (73, 88) 68 (53, 81)

ML NASH CRN fibrosis score* 0.77 (0.70, 0.83) 0.60 (0.50, 0.69) 3.51 42 (32, 52) 79 (65, 89) 80 (66, 89) 41 (31, 51)

ML proportionate area of F4, %* 0.77 (0.71, 0.83) 0.64 (0.54, 0.73) 59.5 52 (42, 62) 71 (57, 83) 78 (66, 87) 43 (32, 54)

ML proportionate area of ≤F2, %* 0.74 (0.68, 0.81) 0.56 (0.46, 0.65) 8.6 41 (32, 51) 77 (63, 87) 78 (64, 88) 40 (30, 50)

ML proportionate area of steatosis, % 0.55 (0.47, 0.64) 0.72 (0.64, 0.81) 1.2 45 (35, 55) 88 (77, 96) 88 (77, 96) 45 (35, 55)

ML proportionate area of lobular 

inflammation, % 0.56 (0.48, 0.64) 0.73 (0.64, 0.82) 0.7 80 (71, 88) 60 (45, 73) 80 (71, 87) 61 (46, 74)

ML proportionate area of portal inflammation, 

% 0.70 (0.63, 0.77) 0.65 (0.56, 0.74) 15.1 37 (28, 47) 90 (79, 97) 88 (75, 96) 42 (33, 52)

ML proportionate area of hepatocellular 

ballooning, % 0.63 (0.55, 0.70) 0.46 (0.36, 0.55) 1.9 53 (43, 63) 52 (38, 66) 68 (57, 78) 36 (25, 48)

ML proportionate area of bile ducts, %* 0.73 (0.66, 0.80) 0.72 (0.63, 0.80) 3.4 44 (34, 54) 88 (77, 96) 88 (76, 96) 45 (35, 55)

ML normalized nodule perimeter, %* 0.62 (0.55, 0.70) 0.58 (0.48, 0.67) 0.50 57 (47, 67) 63 (49, 76) 75 (64, 84) 43 (32, 55)

ML nodularity, %* 0.60 (0.52, 0.68) 0.59 (0.49, 0.69) 0.03 68 (58, 77) 50 (36, 64) 73 (63, 81) 44 (31, 58)
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Clinical Parameters

Hepatic collagen content 0.63 (0.55, 0.70) 0.65 (0.56, 0.75) 11.9 57 (47, 67) 67 (53, 80) 77 (66, 86) 44 (33, 56)

ELF 0.85 (0.80, 0.90) 0.78 (0.71, 0.86) 10.73 68 (58, 77) 81 (67, 90) 87 (78, 94) 56 (44, 67)

Platelets 0.80 (0.74, 0.86) 0.82 (0.75, 0.90) 136 73 (63, 81) 81 (67, 90) 88 (79, 94) 60 (48, 72)

AST 0.74 (0.67, 0.80) 0.54 (0.44, 0.63) 31 71 (61, 79) 38 (25, 53) 69 (59, 78) 40 (26, 55)

ALT 0.51 (0.44, 0.59) 0.43 (0.33, 0.52) 105 2 (0, 7) 100 (93, 100) 100 (16, 100) 34 (27, 42)

APRI 0.85 (0.80, 0.90) 0.75 (0.67, 0.83) 0.70 82 (74, 89) 58 (43, 71) 79 (70, 87) 63 (47, 76)

FIB-4 0.86 (0.81, 0.91) 0.82 (0.75, 0.89) 2.90 72 (62, 80) 92 (81, 98) 95 (87, 99) 62 (51, 73)

INR 0.62 (0.55, 0.69) 0.74 (0.66, 0.81) 1.1 68 (58, 77) 73 (59, 84) 83 (73, 90) 54 (41, 65)

Bilirubin 0.67 (0.59, 0.74) 0.68 (0.60, 0.77) 0.7 60 (50, 69) 75 (61, 86) 82 (72, 90) 49 (37, 60)

Albumin 0.70 (0.63, 0.77) 0.79 (0.71, 0.86) 3.9 75 (66, 83) 67 (53, 80) 82 (73, 89) 58 (45, 71)

MELD 0.61 (0.53, 0.68) 0.73 (0.65, 0.80) 7 76 (67, 84) 62 (47, 75) 80 (70, 87) 57 (43, 70)

Combined Parameters

ML HVPG score + ELF 0.90 (0.86, 0.94) 0.82 (0.75, 0.89) 0.5 80 (71, 88) 71 (57, 83) 85 (76, 91) 65 (51, 77)

ML HVPG score + APRI 0.91 (0.87, 0.95) 0.81 (0.74, 0.89) 0.5 73 (63, 81) 75 (61, 86) 85 (76, 92) 58 (46, 70)

ML HVPG score + FIB-4 0.91 (0.87, 0.95) 0.85 (0.78, 0.91) 0.5 78 (69, 86) 79 (65, 89) 88 (79, 94) 65 (52, 77)

Optimal clinical parameters (ELF, platelets, 

APRI, bilirubin)†
0.90 (0.86, 0.94) 0.83 (0.76, 0.90) 0.5 77 (68, 85) 75 (61, 86) 86 (77, 92) 63 (50, 75)
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ML HVPG score + optimal clinical 

parameters (ELF, platelets, AST, bilirubin)†
0.93 (0.90, 0.96) 0.84 (0.78, 0.91) 0.5 80 (71, 88) 75 (61, 86) 86 (78, 93) 66 (53, 78)

Optimal ML histologic parameters 

(ML HVPG score, ML NASH CRN fibrosis 

score, ML nodularity)†

0.86 (0.81, 0.91) 0.76 (0.68, 0.84) 0.5 80 (71, 88) 56 (41, 70) 78 (69, 86) 59 (44, 73)

Full model including optimal ML histologic 

and clinical parameters† 

(ML HVPG score, ELF, platelets, AST, ML 

nodularity)

0.93 (0.90, 0.97) 0.85 (0.78, 0.92) 0.5 81 (72, 88) 77 (63, 87) 87 (79, 93) 68 (54, 79)

NPV, negative predictive value; PPV, positive predictive value.

* ML parameters from trichrome-stained liver biopsy slides. Other ML parameters from H&E-stained slides. 
† Parameters listed in order of decreasing statistical significance. Stepwise multivariate models included all ML histologic and/or clinical parameters listed in Table. 

Final models included variables with p<0.25 for model entry and p<0.15 for model retention. Models from training set applied to test set for validation. Sensitivity, 

specificity, PPV, and NPV for combined parameters are at model probability estimate of 0.5.
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FIGURE LEGENDS

Figure 1. ML-based models for estimating HVPG on Masson’s trichrome-stained biopsies. Images on 

left of trichrome-stained biopsies. Images on right represent heatmap overlay of fibrosis patterns 

associated with HVPG categories. The colors reflect fibrosis patterns consistent with each of the 

HVPG categories (0-5) shown in the legend.

Figure 2. Correlations between true HVPG and ML HVPG score, hepatic collagen content, and ELF. 

Data from the (A) training set and (B-D) test sets.  

Figure 3. Associations between true HVPG and ML HVPG score, hepatic collagen content, and ELF. 

All data from the test set. Comparisons between groups based on Mann-Whitney test.

Figure 4. Associations between changes in the ML HVPG score between baseline and week 96 with 

(A) hemodynamic response and (B) fibrosis improvement. Data from the training and test sets. 

Comparisons between groups based on Mann-Whitney test. 

Figure 5. Associations between ML HVPG score and true HVPG with liver-related clinical events. 

(A-B) Cutoffs for ML HVPG score and true HVPG based on maximal sum of sensitivity and 

specificity for discrimination of clinical events. (C) Models for change from baseline adjusted for 

baseline value. All analyses include training and test sets. 
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Figure 1. ML-based models for estimating HVPG on trichrome-stained biopsies
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Figure 2. Correlations between true HVPG and ML HVPG score, hepatic collagen content,

and ELF
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Figure 3. Associations between true HVPG and ML HVPG score, hepatic collagen content, and ELF

A) B) C)

S
lid

e
-L

e
v
e
l 
M

L
 H

V
P

G
 S

c
o
re

ρ=0.43

p <0.001 p <0.001 p <0.001

p <0.001

p=0.045

0–5

mmHg

n=9

5.5–9.5

mmHg

n=52

≥10

mmHg

n=117

0–5

mmHg

n=9

5.5–9.5

mmHg

n=50

≥10

mmHg

n=115

0–5

mmHg

n=9

5.5–9.5

mmHg

n=54

≥10

mmHg

n=120

ρ=0.25

p <0.001

p=0.29

E
L
F

p=0.00476

5

4

3

2

1

0

60

40

20

0

15

10

5

0

ρ=0.48

p <0.001

H
e
p
a
ti
c
 c

o
lla

g
e
n
 C

o
n
te

n
t,
 %

hep_32087_f3.eps

This	article	is	protected	by	copyright.	All	rights	reserved

A
cc

ep
te

d 
A

rt
ic

le



Figure 4. Associations between changes in the ML HVPG score between baseline and week

96 with hemodynamic response and fibrosis improvement.
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Figure 5. Association between ML HVPG Score and true HVPG with liver-related clinical

events
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