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Overline: LIVER FIBROSIS
One-sentence summary: A urinary noninvasive test for liver protease activity detects NASH
fibrosis and indicates early therapeutic treatment response.
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ABSTRACT
Noninvasive detection of non-alcoholic steatohepatitis (NASH), the progressive form of
non-alcoholic fatty liver disease, has the potential to improve patient screening, accelerate drug
trials, and reduce healthcare costs. Based on protease dysregulation of the key biological
pathways of fibrotic NASH, we developed the Glympse Bio Test System (GBTS) for multiplexed
quantification of liver protease activity. GBTS-NASH comprises a mixture of 19 mass-barcoded
PEGylated peptides that is administered intravenously and senses liver protease activity by
releasing mass-barcoded reporters into urine for analysis by tandem mass spectrometry. To
identify a protease signature of NASH, we conducted transcriptomic analysis of 355 human liver
biopsies and identified a 13-protease panel that discriminated clinically relevant NASH ≥F2
fibrosis from F0–F1 with high classification accuracy across two independent patient datasets.
We screened 159 candidate substrates to identify a panel of 19 peptides that exhibited high
activity for our 13-protease panel. In the choline-deficient high fat diet (CDAHFD) mouse model,
binary classifiers trained on urine samples discriminated fibrotic NASH from simple steatosis and
healthy controls across a wide range of non-disease conditions and indicated disease regression
upon diet change (area under receiver operating characteristic [AUROC]s >0.97). Using a
hepatoprotective triple combination treatment (FXR agonist and ACC and ASK1 inhibitors) in a
rat model of NASH, urinary classification distinguished F0–F1 from ≥F2 animals and indicated
therapeutic response as early as one week on treatment (AUROCs >0.91). Our results support
the use of GBTS-NASH to noninvasively diagnose fibrotic NASH, monitor changes in disease
severity, and indicate early treatment response.
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INTRODUCTION
Non-alcoholic fatty liver disease (NAFLD) is the most prevalent chronic liver disease
worldwide (1) and has been dubbed the silent epidemic due to the lack of symptoms until liver
disease has progressed to cirrhosis with hepatic decompensation. Although there is substantial
inter-patient variation in the natural history of disease and long-term outcome, the presence of
non-alcoholic steatohepatitis (NASH) – the progressive form of NAFLD characterized by steatosis
accompanied with inflammation and hepatocyte ballooning – may lead to hepatic fibrogenesis
and ultimately to life-threatening conditions including cirrhosis, liver cancer, and organ failure (1,
2). Currently, only weight reduction and life-style intervention are regularly used for treatment,
and despite investigations involving more than 70 drugs in the development pipeline (1), none
have been approved to date. The lack of accurate non-invasive biomarkers means that liver
biopsy is used to diagnose NASH and select patients in the majority of NASH clinical trials. Liver
biopsy is an invasive procedure that carries small risk of complications (3), and is subject to
sampling heterogeneity and inter-observer interpretation that can lead to errors in diagnosis and
staging (4, 5). In NASH drug trials, the requirement for histological endpoints by serial biopsies
continues to be a major barrier by influencing their size, length, and cost (6, 7). Moreover, liver
biopsies are unsuitable for screening at a population level, which leaves many patients who are
otherwise asymptomatic undiagnosed until later in the disease process. For these reasons,
noninvasive methods are needed to diagnose liver disease and indicate patient response to drugs
earlier during treatment.
Numerous approaches are being evaluated for diagnostic, monitoring, pharmacodynamic,
and prognostic applications across different contexts of use (8). Magnetic resonance (MR)
imaging-estimated proton density fat fraction (MRI-PDFF) is a quantitative imaging-based
biomarker of hepatic steatosis that is used in clinical trials to report on response to drugs that
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have an anti-steatotic mechanism of action (9). To diagnose liver fibrosis, Fibroscan or MR
elastography (MRE) measures the propagation velocity of shear waves to quantify liver stiffness
as a biomarker of advanced fibrosis (F3–F4), but its use may be limited due to body habitus in
some patients (10). Serum-based protein assays such as those for apoptosis (cytokeratin 18
fragments (11)) and fibrogenesis, either as single biomarkers or as part of a multi-parameter
scoring systems, (for example collagen neoepitope PRO-C3, FibroTest, and Enhanced Liver
Fibrosis or ELF) have been proposed to improve disease or advanced fibrosis detection (12, 13);
however they lack accuracy at discerning patients with clinically relevant ≥F2 NASH fibrosis from
those with F0/F1, leaving the largest part of the upcoming drug-treatable patients undiagnosed
(14). Highlighting the pressing need for noninvasive diagnostics, several major international
initiatives involving academic and pharmaceutical partners are underway to validate and develop
biomarkers that diagnose the severity of NAFLD/NASH and monitor changes in disease severity.
We developed the Glympse Bio Test System (GBTS)-NASH as an injectable 19-plex
library of mass-barcoded PEGylated peptides to measure protease dysregulation in NASH livers
as activity-based biomarkers. Proteases such as metalloproteinases (MMPs) and cathepsins are
involved in the key pathways of progressive NASH including lipogenesis, apoptosis, inflammation
(15-19), and fibrosis (20-25). After intravenous (i.v.) administration, GBTS-NASH is cleaved by
liver-associated proteases, releasing mass-barcoded reporters that then renally filter into urine
for quantification by tandem mass spectrometry. Compared to endogenous circulating
biomarkers, synthetic biomarker concentrations in urine are amplified by protease turnover of
peptides and renal enrichment of reporters, which may significantly improve diagnostic sensitivity
compared to serum biomarkers (26-29). Moreover, the use of a 19-plex library of probes allows
capture of high-dimensional data to train diagnostic classifiers to improve specificity compared to
single biomarkers. We demonstrate GBTS-NASH in the key use cases of diagnosis in nutritional
rodent models of NASH fibrosis, monitoring changes in disease regression by diet change, and
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pharmacodynamic response to a hepatoprotective triple treatment combination as early as one
week on therapy.
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RESULTS
Human transcriptome analysis identifies proteases dysregulated in fibrotic NASH. We first
quantified the breadth of protease dysregulation by transcriptomic analysis of 355 RNAlater,
frozen, or FFPE-preserved liver biopsy samples (n= 76 normal, n= 90 NAFL and n= 189 NASH
F0 to F4) from the Massachusetts General Hospital (MGH) and St. Mary’s weight loss surgery
clinic (STM) (Fig. 1A and table S1). Of the ~550 proteases encoded by the genome, we designed
a custom NanoString panel to quantify all 229 secreted and membrane-bound endoproteases as
well as 570 non-protease genes linked to lipogenic, inflammatory, and fibrotic pathways (30).
Exoproteases were excluded as our peptide sensors are chemically protected at the C- and Ntermini. Unsupervised hierarchical clustering of protease gene expression stratified the 355
normal and NAFLD samples into two distinct clusters, A and B (fig. S1). Cluster A was
characterized by more advanced fibrosis (n= 47 with moderate to severe fibrosis (≥F2) and n=
113 with no or mild fibrosis (F0–1) vs n= 6 ≥F2 and n= 189 F0-F1 in Cluster B, Fisher’s exact test,
p= 1.8e-12) and a higher number of NASH diagnoses (64% vs 44%, Fisher’s exact test, p= 1.7e4). Within Cluster A, NASH ≥F2 separated as a subset (S1) from normal, NAFL, and NASH F0–
1 with minimum overlap (fig. S1). Integrated pathway cluster analysis of differentially expressed
non-protease genes confirmed that multiple metabolic, inflammatory, and extracellular matrix
remodeling pathways were overrepresented in ≥F2 vs F0–F1 fibrosis (fig. S2).
To differentiate NASH by protease expression, we trained a regularized logistic regression
classifier using all 229 protease counts as features and assessed its performance to distinguish
NASH ≥F2 from F0–1 with 100 rounds of randomized 80% training, 20% testing (80/20) crossvalidation. This binary cutoff was chosen because natural history studies and longitudinal
monitoring by serial biopsies have highlighted NASH ≥F2 as associated with an increased risk of
death and liver transplant (31) and as an important stage of clinical intervention (32). This 229protease classifier distinguished ≥F2 from F0–1 NASH with an area under the receiver operating
characteristic (AUROC) of 0.95 (95% CI 0.91–0.98) (Fig. 1B). We asked whether a subset of
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upregulated proteases could distinguish patients with NASH ≥F2 by calculating AUROCs as a
function of the top 1 to 32 significantly upregulated proteases as ranked by ANOVA (n= 32,
Bonferroni-corrected ANOVA, *p≤0.05) (fig. S3). We found that classification accuracy depended
on protease counts up to ~12–15, after which AUROCs negligibly increased. We therefore downselected 229 proteases to a list of 13 that comprised four main families: metalloproteinases
(MMP2, MMP7, MMP9, MMP14, MMP19), cathepsins (CTSD, CTSK), granzymes (GZMA,
GZMK) and other serine proteases (FAP, ST14, PLAU, FURIN). A binary classifier trained on
these 13 proteases accurately separating ≥F2 from F0–F1 with an AUROC of 0.90 (95% CI 0.850.95) (Fig. 1B), was statistically equivalent to the 229-protease classifier (p= 0.08), and correctly
assigned the histological category of 295 out of 355 patients (specificity= 83.1%, sensitivity =
83.0%) (fig. S4). All 13 proteases were significantly upregulated in NASH ≥F2 compared to F0–
F1 (Fig.1C, ***p≤0.001, Bonferroni-corrected) with univariate AUROCs ranging from 0.70–0.80
(***p≤0.001) (table S2).
As the MGH/STM patient samples were collected from a bariatric surgery clinic, potential
differences in population distribution and clinical characteristics may bias protease selection.
Therefore, we cross-validated our results with a natural history cohort of NAFLD (33 NAFL and
113 NASH) from Newcastle University (NCL, United Kingdom) and Hôpital Pitié Salpêtrière
(France). NCL liver samples were previously quantified by a NanoString panel that contained 206
overlapping proteases with our MGH/STM panel (33). Despite significant differences in clinical
features including BMI, age, ALT, and AST (***p≤0.001) (table S1), the performance of single
proteases in distinguishing ≥F2 vs F0–F1 strongly correlated between the two cohorts (Fig. 1D,
Pearson r2= 0.72, p= 5.1e-34). Moreover, a binary classifier trained on the same 13-protease panel
accurately separated ≥F2 from F0–F1 with an AUROC of 0.85 (95% CI 0.79-0.91), with a
sensitivity of 78.1% and a specificity of 79.7% (fig. S5). The ability to predict patients at stage ≥F2
did not depend on whether the classifier was trained on the MGH/STM and tested on the NCL
cohort (AUROC= 0.86, 95% CI 0.80-0.91) or trained on the NCL and tested on the MGH/STM
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cohort (AUROC= 0.90, 95% CI 0.85-0.94; Fig.1E). Both were statistically equivalent to classifiers
trained and tested on the same dataset (p= 0.49-0.54). As obesity and T2DM are prevalent in
NASH populations (34), we examined potential confounding signals from comorbidities. We
calculated ≥F2 classifiers without retraining separately in obese vs non-obese or diabetic vs nondiabetic patients with NASH (table S3). In the MGH cohort, all patients were overweight (average
BMI ~45) (table S1) and were pooled with the NCL cohort to allow for obese vs non-obese
comparison. Across these two comorbid groups, AUROCs to predict ≥F2 were unchanged by
obesity (MGH+NCL AUROC= 0.82 in obese vs AUROC= 0.85 in non-obese, p= 0.74, nonsignificant) or diabetic status (MGH AUROC= 0.90 in T2DM vs AUROC= 0.90 in non-T2DM, p=
0.98; NCL AUROC= 0.91 in T2DM vs AUROC= 0.82 in non-T2DM, p= 0.16, all non-significant).
Last, we compared the performance of our protease classifier with other non-invasive
tests. FIB-4 is recommended by the American Association for the study of Liver Disease (AASLD)
(35) for detecting advanced fibrosis. In the NCL cohort, FIB-4 index underperformed our protease
RNA classifier to classify NASH ≥F2 with an AUROC of 0.64 (95% CI 0.55-0.72, ****p≤0.0001)
(fig. S5). The sensitivity and specificity of FIB-4 for ≥F2 diagnosis was 65.3% and 54.3%,
respectively, at low cut-off value of 1.3, and of 11.9% and 98.6% at high cut-off value of 2.67.
Liver stiffness values by Fibroscan for 82 patients from the NCL cohort (19 NAFL and 63 NASH:
25 F0-1, 10 F2, 25 F3 and 3 F4), at the Youden cut-off value of 8.2 kPa (36), predicted ≥F2
(AUROC= 0.80, 95% CI 0.70-0.90, p= 0.12, non-significant) with similar performance but with
significantly lower sensitivity and specificity (73.7% and 56.8%, respectively) when compared to
our RNA ≥F2 (AUROC= 0.88, 95% CI 0.79-0.95, *p= 0.041). Taken together, these results
indicated that transcript levels of a 13-protease panel classify patients with NASH ≥F2 with high
accuracy across two independent datasets.

Design of activity-based sensors to detect NASH proteases. GBTS-NASH probes are massbarcoded, PEGylated peptides comprising an 8-arm 40 KDa poly(ethylene glycol) (PEG) core
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conjugated to protease substrates labelled with a mass barcode (Fig. 2A). PEG has a
longstanding history of clinical safety for FDA-approved drugs (37) and a branched 8-arm
structure allows multivalent presentation of peptides and extends sensor half-life in circulation to
increase distribution to the liver (38). The hydrodynamic diameter of 40 kDa 8-arm PEG (~10 nm)
is larger than the glomerulus pore size (~4–5 nm) to prevent surface-conjugated peptides from
filtering into urine before protease cleavage, with less than 0.5% of injected dose filtering into
urine (28).
To identify peptide substrates, we synthesized a library of 159 fluorogenic substrates
ranging 4–12 amino acids in length flanked by a fluorophore (FAM) and quencher (CPQ2) using
sequences from previously reported studies (29, 38). This library was assayed with recombinant
proteases from our 13-member panel by quantifying increases in sample fluorescence over time
(Fig. 2B). To facilitate down-selection from 159 candidate substrates, we applied t-Distributed
Stochastic Neighbor Embedding (t-SNE) to compare substrate cleavage activities (Fig. 2C). tSNE revealed three major groups: cluster 1 substrates were preferentially cleaved by MMPs and
cathepsins, cluster 2 by cathepsins, and cluster 3 by different families of serine proteases. From
our library, we selected N01, N02, N03, N04, N05, N06, N07 and N08 from cluster 1, N09, N10,
N11, N12 and N13 from cluster 2, and N14, N15, N16, N17, N18 and N19 from cluster 3 (Fig.
2D). To verify substrate cleavage after conjugation to 8-arm PEG, we tested three sequences
(N03, N05 and N18) across a broad range of peptide concentrations (0.09–6 µM) and observed
similar cleavage kinetics between free substrates and their PEGylated counterparts (Fig. 2B).
To allow detection by mass spectrometry, each GBTS-NASH substrate was synthesized
in tandem with a mass barcode comprised of the reporter peptide Glu-Fibrinopeptide B (Glu-Fib)
via a photocleavable residue (ANP) (29). Upon protease cleavage, Glu-Fib mass reporters are
released from the PEG carrier and accumulate in urine (38), allowing recovery of mass barcodes
after photolysis. We synthesized Glu-Fib reporters with d-stereoisomer amino acids to
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peptidolysis. To enable multiplexed LC-MS/MS quantification, we adapted previously described
isobaric encoding strategies (29, 38) by enriching Glu-Fib peptides with stable heavy isotope
labeled-amino acids, thereby extending the number of mass barcodes to 19. We verified the ability
to resolve and quantify all 19 mass barcodes by LC-MS/MS from purified urine samples with R2
values ranging from 0.915–0.995 at dose-relevant concentrations after peak area normalization
by peak area from an internal control reporter (PC) spiked into the urine prior to analysis (Fig. 2E,
fig. S6). Collectively, our data show that mass-barcoded PEGylated peptides are sensitive to
cleavage by proteases upregulated in NASH with fibrosis and allow multiplexed quantification by
tandem mass spectrometry.
GBTS-NASH enables noninvasive detection of NASH F1-F2 in a dietary preclinical model.
We next tested the ability of 19-plex GBTS-NASH to noninvasively detect NASH from urine. We
used the dietary model where C57BL/6 mice are fed a 60% high-fat diet deficient of choline
(CDAHFD) (39) (Fig. 3A). To confirm NASH and progressive fibrosis, we performed liver histology
to quantify the NAFLD activity score (NAS,, a non-weighted score for steatosis, lobular
inflammation, and hepatocyte ballooning (40)) and extent of fibrosis by PicroSirius Red (PSR)
staining of collagen fibrils (Fig. 3B-C, fig. S7A-B). At 9 weeks on CDAHFD, both the NAS (100%
NAS≥5) and fibrosis stage were significantly increased (n= 16, 73% F1 and 27% F2, *Chi Square
p≤0.05; PSR-positive area= 4.3 ± 0.3%, ****p≤0.0001) compared to healthy mice fed a standard
chow diet (CD) (n= 16, 100% NAS 0, 100% F0; PSR-positive area= 0.5 ± 0.04%) (Fig. 3C, fig.
S7B). By comparison, liver sections from mice fed a 60% high fat diet (HFD) for 16 weeks to
model simple steatosis (NAFL) and obesity (body weight: 27.0 ± 0.6 g in CD vs 44.1 ± 1.6 g in
HFD, ****p≤0.0001) showed an increase in NAS (65% NAS ≤3 and 35% NAS >3) (Fig. 3C) with
steatosis scores close to the CDAHFD group (30% steatosis score 1 and 70% steatosis score
>2) but with little to no lobular inflammation (70% lobular inflammation score 0 and 30% lobular
inflammation score 1) or fibrosis (100% F0, PSR-positive area= 0.4 ± 0.03%) (fig. S7B). To
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compare the extent of protease dysregulation between murine and human disease, we performed
RNA-seq on liver samples from mice with NASH F1-F2 (9 weeks of CDAHFD, n= 6), NAFL (8
weeks of HFD, n= 4), or healthy controls (9 weeks of CD, n= 4). We also combined our in-house
RNA-seq data with publicly available NAFL datasets (GSE138945 and GSE138946) from
C57BL/6 mice on HFD for 20 weeks (n= 3) (41). Of the 13 proteases identified from analysis of
human liver samples, 9 were significantly upregulated in murine NASH F1-F2 (Log2 Fold Change
≥1.71, **p≤0.01) and only 1 or 2 were significantly upregulated in steatosis groups at 8 and 20
weeks (*p≤0.05), respectively, compared to healthy liver controls (Fig. 3D).
To assess the potential of GBTS-NASH to detect NASH F1-F2 from urine, we
administered GBTS-NASH by retro-orbital injection to cohorts of CDAHFD (n= 48) and CD mice
(n= 48) and collected urine within the first two hours for analysis by mass spectrometry (Fig. 3A).
Using z-scores of normalized reporter concentrations, we trained a regularized logistic regression
classifier to output a NASH probability for each urine sample. Our classifier – which we named
the Fibrosis NASH Detection (FiND) Classifier – assigned a high median NASH probability of 86%
to urine samples from CDAHFD mice and a low median probability of 18% to samples from CD
mice (Fig. 3E). By ROC analysis of the predicted probabilities, the FiND classifier discriminated
NASH F1-F2 from healthy urine samples with an average test set AUROC of 1.00 (specificity=
100.0% and sensitivity= 100.0%) (Fig. 3F). To assess the relative weight of each probe to
classification, we performed iterative feature elimination based on the absolute magnitude of
probe coefficient (Fig. 3G). We observed that AUROCs for discriminating NASH F1-F2 from
healthy remained above 0.95 with as many as 7 probes excluded or above 0.90 with 10 excluded
probes, indicating a redundant, multi-variate F1-F2 NASH signature. We further asked whether
our FiND classifier could discriminate NASH F1-F2 from NAFL without retraining and found that
FiND assigned a median NASH probability of 37% to urine samples from NAFL mice (HFD n=
15), which was closer in value to the median probability assigned to healthy (18%) than to NASH
F1-F2 (86%) samples (Fig. 3E). Moreover, when NAFL urine samples were grouped together
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with healthy urine samples, FiND discriminated NASH F1-F2 with a classification AUROC of 0.99
(95% CI 0.98-1.00, sensitivity= 100.0%, specificity= 85.7%) (Fig. 3F), indicating differentiation of
NASH from all non-clinically relevant liver phenotypes.
We further tested the robustness of FiND across a wide range of non-disease related
variables. We applied the FiND classifier to urine samples collected from cohorts of mice to
assess the effect of repeatability, GBTS-NASH treatment time and fed-fasted states on
classification, which was done without additional training. To test repeatability, we administered
GBTS-NASH to NASH F1-F2 (n= 16) and healthy (n= 15) mice at week 9 (R1) and week 10 (R2)
and found that the FiND output probability of having NASH was consistent for each individual
animal between the two GBTS-NASH administrations (fig. S8, Pearson’s r= 0.96, p= 2.68e-18).
FiND classification assigned a high median NASH probability of 84% to both cohorts and
classified NASH F1-F2 and healthy mice with AUROCs of R1 and R2= 1.00, specificity of R1 and
R2= 100.0%, sensitivity of R1 and R2= 100.0% (R1 non-significantly different from R2) (Fig. 3E,
3G). Likewise, FiND classification achieved similar accuracies regardless of whether GBTSNASH was administered at 8–11 AM (n= 18-19) or 3–6 PM (n= 19-20) (AM AUROC= 0.95, 95%
CI 0.84-1.00, specificity= 94.4% and sensitivity= 89.5% vs PM AUROC= 1.00, specificity= 100.0%
and sensitivity= 100%, non-significant). FiND classification was also unaffected by whether
animals were fed or fasted for 16 hours (n= 14-15 per group, AUROC of fed and fasted= 1.00,
specificity of fed= 100.0% and fasted= 92.9%, sensitivity of fed= 93.3% and fasted= 100.0%, nonsignificant) (Fig. 3E, 3G).
As NAFLD is a risk factor for chronic kidney disease (CKD) (42), we tested whether kidney
fibrosis or T2DM-induced impaired kidney function could impact the performance of our urinary
NASH test in two separate animal models. To model acute kidney injury (AKI) (43, 44), we
administered a single dose intraperitoneal (i.p.) of folic acid (FA) to C57BL/6 healthy CD 9 weeks
(Kidney Fibrosis, n= 20) or NASH CDAHFD 9 weeks (NASH + Kidney Fibrosis, n= 18) mice (fig.
S9A), after which animals were kept on their respective diets for an additional 2 weeks before
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GBTS-NASH injection. FA-treated animals were compared to age-matched cohorts of CD and
CDAHFD mice injected with vehicle (Healthy, n= 25 and NASH, n= 20). Both NASH and NASH +
Kidney Fibrosis cohorts had similar liver NAS and fibrosis stage (100% NAS ≥5, 95% F ≥1, PSRpositive area= 2.4 ± 0.1% in NASH vs 95% NAS ≥5, 90% F ≥1, PSR-positive area= 2.5 ± 0.1% in
NASH + Kidney Fibrosis, all non-significant) (fig. S9B-C), and both Healthy and Kidney Fibrosis
animals had normal liver histology. Consistent with FA directed nephrotoxicity, FA-treated animals
displayed marked degenerative histology in tubular epithelial cells (fig. S9D) associated with
excessive collagen deposition within kidney tissues (fig. S9E, mean PSR-positive area >6.9% in
Kidney Fibrosis or NASH + Kidney Fibrosis vs mean PSR-positive area <2.6% in Healthy and
NASH, ****p≤0.0001). We prospectively applied our FiND classifier without retraining (fig. S9F)
and found that FiND predicted NASH F1-F2 with similar accuracies whether mice had AKI or not
(vehicle AUROC= 1.00, sensitivity= 100%, specificity= 88% vs FA AUROC= 0.99, 95% CI 0.981.00, sensitivity= 100%, specificity= 95%) (fig. S9G-H). As AKI develops suddenly and more
frequently in cirrhotic patients (45) whereas CKD develops gradually as a result of chronic
illnesses such as diabetes (42), we further tested GBTS-NASH using the Black and Tan
Brachyury (BTBR) ob/ob model of obesity and diabetes with mild features of diabetic nephropathy
(46). These mice are insulin resistant, hyper-insulinemic, severely hyperglycemic, and obese with
progressive proteinuria, polyuria, and glomerular hypertrophy (46, 47). BTBR ob/ob mice fed CD
for 9 weeks (Diabetic Nephropathy or DN, n= 19) displayed higher weight gain (fig. S10A-B,
****p≤0.0001), plasma triglyceride (*p≤0.05) and cholesterol (**p≤0.01) (fig. S10C-D) than control
age- and strain-matched BTBR WT mice (n= 20). However, DN mice did not spontaneously
develop a NASH phenotype (50% had mild NAFL phenotype without fibrosis) (fig. S10E). By
contrast, BTBR WT mice developed NASH liver phenotype after a CDAHFD for 9 weeks (fig.
S10E, 100% NAS >5 and 65% F ≥1 in BTBR WT CDAHFD, n= 19). Due to strain difference, we
retrained a classifier based on BTBR WT healthy and NASH mice (FiND_BTBR classifier, fig.
S10F) with high NASH prediction accuracy (AUROC= 0.95, 95% CI 0.87-0.99, sensitivity= 89.5
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specificity= 89.5). FiND_BTBR classified DN animals as healthy (median NASH probability=
25.6% for DN, 15.1% for BTBR WT CD and 80.3% for BTBR WT CDAHFD, fig. S10G) and when
urine samples from DN and healthy mice were grouped together, FiND_BTBR discriminated
NASH without altering classification accuracy (AUROC= 0.95, 95% CI 0.88-0.99, sensitivity=
89.5%, specificity= 86.8%, fig. S10H). Taken together, these results demonstrated that multivariate classifiers trained on urinary reporters classify NASH F1-F2 with high accuracy under a
wide range of comorbid and non-disease conditions.
GBTS-NASH sensors predict diet-induced fibrotic NASH regression. NASH and fibrosis
activity and stage fluctuate over time as part of the natural history of the disease. Notably, natural
regressors or placebo-treated patients often show histological improvement both in fibrosis and
disease activity following their enrollment in lifestyle-change programs at time of recruitment into
clinical trials (48, 49). Therefore, we tested the ability of GBTS-NASH to report on NASH with
fibrosis regression. C57BL/6 mice were fed CDAHFD for 9 weeks before being switched to CD
for 1 or 3 weeks to model early and late regression, respectively (Fig. 4A). By liver histology, NAS
scores progressively decreased from week 1 (80% of Early Regression, NAS ≤3, n= 15) to 3
(100% Late Regression NAS ≤2, n= 17) on CD compared to mice on CDAHFD for 9 weeks (100%
NAS ≥6, n= 16) (*Chi Square p≤0.05) (Fig. 4B, fig. S7A, fig. S11). Fibrosis scores likewise
progressively decreased from week 1 (20% of Early Regression at F0 and 80% at F1, n= 15) to
3 on CD (80% of Late Regression at F0 and 20% at F1, n= 17) compared to NASH animals (70%
and 30% at F1 and F2 respectively, n= 16) (*Chi Square p≤0.05) (Fig. 4B). Although histology
scores for fibrosis were decreased in regressed animal groups, collagen staining by PSR was
unchanged compared to stable/progressing NASH mice (fig. S7B, Early Regression PSR positive
area= 5.2 ± 0.2% or Late Regression PSR-positive area= 4.6 ± 0.4% vs CDAHFD 9 weeks PSR
positive area= 4.3 ± 0.3%, non-significant). A possible explanation could be the absence of
regression of perisinusoidal fibrosis (PSF) in this model (fig. S7A, 95% Early Regression, 100%
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Late Regression and 100% CDAHFD 9 weeks with PSF score >1, non-significant), a feature not
included in the classical NASH clinical research network (CRN) staging of fibrosis. NASH mice
on CD for 1 week resulted in a significant decrease in mRNA expression of 7 out of 13 NASH
proteases when compared to the NASH 9 weeks baseline group (Fig. 4C, *p≤0.05) which
remained elevated compared to transcript levels from healthy mice (fig. S12).
Based on the improvement in liver phenotype by NAS and fibrosis histology scores and
protease transcript abundance from diet change, we postulated that FiND classification would be
able to track regression by assigning NASH probabilities that decrease over time. To test this, we
administered GBTS-NASH to CDAHFD mice at 9 weeks and to CDAHFD mice switched to CD
for 1 and 3 weeks (10- and 12-weeks total).) As expected, urine samples from NASH animals
before CD were undistinguishable from the previous NASH training cohort used to generate the
FiND classifier, both by median NASH probabilities (0.83 vs 84, p= 0.65) (Fig. 4D) and AUROC
analysis (AUROC= 0.53, 95% CI 0.40-0.66) (Fig. 4E). By contrast, NASH probabilities assigned
to the early and late regression cohorts progressively decreased (Fig. 4D, Early Regression 0.75
± 0.15, n= 15; Late Regression 0.59 ± 0.16, n= 17) relative to NASH samples (***p≤0.001) and
resulted in the ability to discriminate regression samples from fibrotic NASH with increasing
AUROCs over time (Fig. 4E, Early Regression AUROC= 0.79, 95% CI 0.66-0.91; Late Regression
AUROC= 0.84, 95% CI 0.70-0.95). Considering that FiND was trained on fibrotic NASH and
healthy samples, we further asked whether detecting fibrotic NASH regression would be improved
if classifier training set included urine samples from mice undergoing regression. To test this, we
trained a separate Fibrosis NASH Regression (FiNR) classifier that included NASH, early
regression, and late regression urine samples (Fig. 4F, 4G). Under these conditions, FiNR
predicted early regression (AUROC= 0.98, CI 95% 0.95-1.00) (Fig. 4F) and late regression from
fibrotic NASH (AUROC= 0.98, CI 95% 0.92-1.00) (Fig. 4G) with higher accuracies compared to
when regression samples were not part of the training set. Collectively, our results provided
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support that fibrotic NASH regression can be detected as early as 1 week after diet change, and
classification accuracies improve when regression samples are included in the training set.
GBTS-NASH indicates early response to a hepatoprotective fibrotic NASH treatment
combination. Fibrotic NASH is a metabolic disease and combinations of drugs with
complementary mechanisms of action targeting metabolic pathways are under investigation. A
triple treatment combination (TRIPLE) comprised of a farnesoid X nuclear receptor agonist
(FXRa) to modulate bile acid, lipid, and glucose metabolism (50), an acetyl CoA carboxylase
inhibitor (ACCi) to reduce fatty acid synthesis (51), and an apoptosis signal-regulating kinase 1
inhibitor (ASK1i) to block lipid-induced hepatocyte lipoapoptosis (52) were under evaluation as
single agents and pairwise combinations as part of the phase 2 ATLAS trial (NCT03449446) (53).
Dual treatment combinations ASK1i+FXRa, ASKi+ACCi or ACCi+FXRa were also recently
reported to exhibit hepatoprotection by reducing progression of inflammation and fibrosis in a rat
model of NASH (54-56). We therefore designed a study to determine the ability of GBTS-NASH
to indicate response to TRIPLE treatment Our study included 4 cohorts of Male Wistar Han rats
that were placed on CD for 12 weeks, CDAHFD for 6 weeks, CDAHFD for 12 weeks with daily
administration of vehicle from week 6 to 12,oror CDAHFD for 12 weeks with daily administration
of TRIPLE treatment from week 6 to 12 (Fig. 5A). To confirm response to treatment, we compared
plasma markers and histology of liver sections collected at week 6 and 12. Rats fed a CDAHFD
for 6 weeks were characterized by elevated plasma ALT (287 ± 23 UI/L, ****p≤0.0001) and
cytokeratin (CK) 18 M30 antigen (158 ± 16 mUI/mL, ****p≤0.0001) (fig. S13A-D); NAS scores
(NAS ≥ 4, n= 10, *Chi Square p≤0.05) were increased in correlation with marked steatosis and
lobular inflammation (CD68-positive area: 10.5 ± 0.6, ****p≤0.0001) with low to moderate fibrosis
(40% F0, 40% F1, 10% F2, 10% F3, *Chi Square p≤0.05; PSR-positive area: 2.1 ± 0.3; a-smooth
muscle actin (aSMA)-positive area 3.0 ± 0.4; hyaluronic acid (HA): 29.6 ± 3.4 ng/mL; procollagen
III amino terminal pro-peptide (PIIINP) : 24.1 ± 1.5 ng/mL, ***p≤0.001) (Fig. 5B, fig. S13A). After
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6 additional weeks on CDAHFD, both NAS scores (median= 6) and fibrosis stage (100% ≥F3,
*Chi Square p≤0.05; PSR-positive area: 8.9 ± 0.9) increased in severity compared to pretreatment
liver sections (****p≤0.0001, Fig. 5B, fig. S13B). By contrast, at the end of TRIPLE treatment at
week 12, NAS scores (median=4) and fibrosis stage (20% F0, 60% F1, 13% F2, 7% F3, *Chi
Square p≤0.05; PSR-positive area: 2.4 ± 0.2) were statistically equivalent to liver sections
pretreatment and did not progress in disease severity. Reduction in NAS score and liver collagen
deposition in TRIPLE-treated animals was associated with significant decrease in aSMA- and
CD68-positive cells compared to vehicle-treated animals (fig. S13C-D, CD68-positive area, 10.8
± 0.5 vs 4.3 ± 0.2; aSMA-positive area: 6.8 ± 0.8 vs 0.6 ± 0.1, ****p≤0.0001). Even though the
PSR-positive area was similar between NASH at baseline and TRIPLE-treated cohort, aSMA
staining was significantly lower in TRIPLE-treated rats (0.6 ± 0.1, ****p≤0.0001), almost to thatthat
of the healthy cohort (3.0 ± 0.4) (fig. S13B-C), reflective of the rapid reversibility of active
fibrogenesis before complete reduction in established tissue collagen is seen. Also, lower plasma
abundance of markers of inflammation and liver fibrosis compared to vehicle-treated animals (fig.
S13A, ALT: 222 ± 10 vs 128 ± 10; CK18-M30: 180 ± 15 vs iv 81 ± 9 mUI/mL; HA: 54.8 ± 7.7 vs
iv: 25.7 ± 1.7 ng/mL; PIIINP: 19.4 ± 1.9 vs iv: 10.1 ± 0.6 ng/mL, ***p≤0.001).
To determine whether TRIPLE treatment affected liver protease expression, we performed
RNA-seq on rat liver tissue. At 6 and 12 weeks on CDAHFD without TRIPLE treatment, liver
expression of 11 and 12 proteases respectively from our 13-protease human NASH panel were
significantly elevated compared to healthy rats Fig. 5C, fig. S14, *p≤0.05), confirming similar
protease dysregulation in rat NASH. By the end of TRIPLE treatment, liver protease transcripts
were significantly decreased compared to vehicle Fig. 5C) but remained elevated compared to
those in healthy rats fig. S14, *p≤0.05). We therefore asked whether changes in RNA transcript
abundance could discriminate response to TRIPLE treatment. We trained a regularized logistic
regression RNA-NASH ≥F2 classifier (100 rounds of cross-validation, 80/20 train/test split) to
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discriminate rats with ≥F2 fibrosis from F0-F1 (Fig. 5D) and found that it discriminated TRIPLEtreated animals from vehicle controls with an AUROC of 0.99 (95% CI 0.97-1.00) (fig. S15).
To test the ability of GBTS-NASH to indicate treatment response, we administered GBTSNASH at weeks 6, 7, 8, 10, and 12 weeks (Fig. 5A) and analyzed urinary concentrations of our
synthetic reporters. In contrast to mice, which do not develop fibrosis beyond F2 (Fig. 3C), rats
on CDAHFD develop severe F3/F4 fibrosis (Fig. 5B). Therefore, we first trained a binary classifier
to discriminate NASH ≥F2 vs F0-F1 using urine samples collected at 6 and 12 weeks from all
cohorts of rats on the CDAHFD ((n= 10 at 6-week baseline, n= 15 vehicle- or TRIPLE-treated
animals). Samples from 7, 8 and 10 weeks were excluded from training as rats were not
euthanized at those time points and therefore, histological “ground truths” of disease severity
were not available. Similar to the classification accuracy achieved in mice, our GBTS-NASH ≥F2
classifier in rats discriminated ≥F2 fibrosis from F0-F1 with high sensitivity and specificity
(AUROC= 0.90, 95% CI 0.79-0.97, specificity= 82.8%, sensitivity= 83.3%). Moreover, our GBTSNASH ≥F2 classifier achieved an accuracy that was statistically equivalent to RNA classification
(Fig. 5D) and predicted ≥F2 probabilities that highly correlated to the output probabilities by RNA
classification (fig. S16, Pearson’s r= 0.7, p= 5.16e-8). To assess treatment response, we
reasoned that the ≥F2 threshold could be applied to determine on-treatment response, given that
rats on vehicle developed severe fibrosis (F3+) whereas most of the TRIPLE-treated cohort (12
out of 15 rats) did not progress beyond F1 (Fig. 5B). Therefore, we applied our GBTS-NASH ≥F2
classifier without retraining to intermediary time points at week 7, 8, and 10 (1-, 2-, and 4-weeks
total treatment, respectively). Under these conditions, the output NASH ≥F2 probabilities for
TRIPLE combination treatment and vehicle controls – which were statistically equivalent at
pretreatment (median 52% vs 47% respectively, p= 0.56) – significantly diverged within 1 week
on treatment (median 32% vs 63%, ***p<0.001), (Fig. 5E), allowing discrimination of treatment
response with an average test AUROC of 0.91 (95% CI 0.78-1.00) (Fig. 5F). At later timepoints,
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further separation of the median NASH ≥F2 probabilities between TRIPLE- and vehicle-treated
cohorts was observed, maintaining the ability to distinguish treatment responses by AUROC
analysis (Fig. 5E, 5G). Collectively, these results highlighted use of GBTS-NASH to discriminate
NASH ≥F2 from F0-F1 disease and to indicate response to a hepatoprotective TRIPLE
combination treatment as early as 1 week on treatment in rats.
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DISCUSSION
Noninvasive methods to diagnose NASH, monitor changes in disease severity, and report
response to drugs earlier on treatment are needed. We showed by transcriptomic analysis of
human liver biopsies that proteases are widely dysregulated in progressive NASH, and panels as
few as 13 proteases discriminated ≥F2 from F0-F1 with high accuracy. This led us to develop a
bespoke library of PEGylated peptides to detect NASH proteases by releasing cleaved reporters
into urine for multiplexed quantification by mass spectrometry. In rodent models of NASH, we
showed that binary classifiers trained on urine samples accurately distinguished NASH from
NAFL, separated ≥F2 from F0-F1 fibrosis, and indicated disease regression and treatment
response as early as one week following diet change or TRIPLE combination treatment.
Our discovery pipeline focused on transcriptomic analysis of human NAFLD liver biopsies
to identify protease targets based on differential expression. Across two independent patient
cohorts, we identified a panel of 13 proteases whose transcript abundances allowed binary
classification of NASH ≥F2 from F0–F1, which is an important disease stage for clinical
intervention and patient entry into NASH drug trials. This binary classification approach could
potentially be extended to identify protease signatures that discriminate additional thresholds (for
example F3+) or developed into a multi-class staging classifier with a larger set of samples (for
example F1, F2, F3, and F4 simultaneously). Similar to other classifiers that rely on liver biopsy
as the reference standard, the accuracy of RNA-based classification will likely be bounded by the
accuracy of the liver biopsy itself, which due to sampling heterogeneity and interpretation errors
is accurate for staging fibrosis in 80–90% of patients (57). This implies that even if all other
potential sources of error have been minimized, our classification results from the MGH/STM and
NCL cohorts will likely not markedly deviate from our reported AUROCs (0.86–0.90). For these
reasons, our discovery pipeline served primarily to nominate protease candidates for GBTSNASH probe development.
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Our panel of 13 NASH proteases informed the design of a 19-plex library of PEGylated
peptides that was larger than the number of proteases to provide overlapping coverage and the
ability to capture high-dimensional data. Although the same set of probes were used in all our
animal experiments, the ability to capture high-dimensional data allowed us to develop separate
classifiers to detect NASH, regression, and treatment response with high accuracies (AUROCs
>0.9). Moreover, post-hoc analysis revealed that not all probes were equally weighted and similar
performance accuracy could be attained when as many as 10 probes were excluded from the
classifier. Although the latter can be partially attributed to the lack of variation in isogenic models,
these observations also highlight the potential to employ a ‘superset’ of probes for patient use.
This may provide the ability to train separate classifiers across a range of intended use cases
while allowing for the possibility to down-select to a smaller set of probes after validation.
Pre-clinical models of NASH are the cornerstone for testing pharmacological agents and
diagnostics, but they have limitations. The CDAHFD model causes more severe inflammation and
fibrogenesis compared to other nutritional models of NASH but fails to reproduce the full spectrum
of liver pathology that characterizes human NASH. For instance, mice fed CDAHFD are contrary
to human fatty liver disease since they do not develop weight gain, dyslipidemia, nor insulin
resistance (39). Also, advanced fibrotic NASH and cirrhotic NASH (F3+) do not develop in
CDAHFD mice even after extended periods of feeding (20 weeks or more). Although rats fed
CDAHFD replicate fibrosis F1-F4, several key NASH histological features, such as hepatocyte
ballooning, were not observed in FFPE-liver samples. Despite these limitations, we identified
proteases that were similarly dysregulated between human and rodent NASH by transcriptomic
homology analysis. As the majority of overlapping proteases (MMPs and cathepsins) are
associated with inflammatory fibrosis (58, 59), our test readily discriminated fibrotic NASH. By
contrast, our test did not identify NAFL mice as being very different from healthy mice, as mice
on HFD become obese and develop hepatic steatosis but with little inflammation and no fibrosis.
Furthermore, our test was not confounded by comorbid chronic conditions associated with NASH
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such as obesity, diabetes, and CKD. These findings imply that our current test may be sensitive
to inflammatory and fibrotic signals, potentially opening up the possibility for a future panel of
probes to distinguish pathway-dependent activation signals.
Our results highlight potential strategies for clinical trial design. In both mice and rats, we
observed that urinary classifiers trained to differentiate NASH from NAFL and healthy urine
samples (for example FiND and GBTS-NASH ≥F2 classifiers) could be applied to track NASH
regression by diet change or TRIPLE treatment without retraining separate classifiers, albeit with
reduced accuracy compared to classifiers directly trained on the regression samples (like FiNR).
In both studies, the classifiers assigned NASH probabilities to urine samples that decreased as
early as 1 week after diet change or TRIPLE combination treatment. These results indicate that it
may be possible to design a clinical trial to train a single classifier to accurately differentiate NASH
and stages of hepatic fibrosis, which then could be applied to track patient trajectory across
multiple use cases (for example regression or drug response). This classifier would in principle
report changes in patient livers by monitoring how urine samples approached or deviated from a
classifier-identified protease signature for a particular threshold, such as NASH ≥F2 as shown in
our rat study. This approach would be similar to histological staging and could be further bolstered
by future studies showing that protease dysregulation at particular stages of NASH fibrosis is
conserved (for example stable vs rapid progressors) regardless of dynamics (that is, progression
or regression to the same stage) or drugs with different mechanisms of action. Our transcriptomic
comparisons throughout this study show that the underlying protease biology is indeed similar,
considering the high correlation of protease dysregulation between the MGH/STM and NCL
datasets despite the cohorts representing different NASH populations (bariatric surgery vs natural
history) with different clinical variables (BMI, age, ALT, AST), as well as similar protease
dysregulation across NASH regression and treatment response in both mice and rat studies. An
alternative strategy to a single classifier would be to design clinical trials for each intended use
case. The advantage of dedicated classifiers that have been trained on the samples of interest is
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that their classification accuracy would likely exceed that of a single stage-specific classifier. This
is supported by our animal studies where we observed that the ability to discriminate NASH
regression by diet change or treatment improved when these samples were included in the
training cohort.
We recognize potential limitations of our approach using preclinical NASH models lacking
concurrent features of the metabolic syndrome with histological disease phenotype. An alternative
model, the DIAMOND model (60), recapitulates both fibrotic NASH together with metabolic
features (obesity, glucose intolerance, and adipose tissue inflammation) of the human disease
and could be considered for further validation of GBTS-NASH specificity. Additional studies to
directly assigned our sensed proteolytic signal to liver cell type population – for example, in liverspecific animal models depleted in macrophages or hepatic stellate cells – are also needed in
future studies to provide insights into sensed biological pathways. In the human NAFLD staging
system, fibrosis is defined in the context of disease progression and it is not as yet established
whether the current staging system adapts well to regression patterns. Thus, although dietinduced regression of NASH for 3 weeks reversed fibrosis stage to zero using standard
histological staging, other markers of fibrosis (such as PSR-positive area) were unchanged
compared to stable/progressing NASH animals. This discordance in the regressed animals could
be due to unchanged perisinusoidal fibrosis (PSF) score, a histological parameter not included in
the NASH CRN staging of fibrosis. In the future, deconvoluting multiplexed NASH protease
signature using knockout animal models for specific inflammation or fibrosis-related proteases will
clarify their relative contribution to the biological signal measured by GBTS-NASH.
Taken together, our studies provide support for the use of GBTS-NASH as a noninvasive
urine test to diagnose, monitor, and assess pharmacodynamic responses by multiplexed
quantification of liver protease activities. Additional future studies are warranted to evaluate the
safety of GBTS-NASH in humans, qualify context of use, and clinical efficacy in comparative
endpoint studies.
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MATERIALS AND METHODS
Study design.
The goal of this study was to identify a liver protease signature specific to patients with NASH ≥F2
and determine whether i.v. administration of a multiplexed library of activity-based PEGylated
peptides could be used to sensitively and specifically predict NASH and stage fibrosis in rodent
models of NASH. A total of 355 NAFLD liver biopsies covering the full histological disease
spectrum were included in this study. This discovery cohort was used for NanoString analysis to
identify protease signature in NASH F≥2. We cross-validated our results with a second
independent cohort of 146 NAFLD liver biopsies using the same NanoString technology. Detailed
phenotypic description and demographics are reported in table S1. Both cohorts were stratified
according to histopathological disease grade and stage (NAFL, NASH-F0, -F1, -F2, - F3 and F4). Logistic regression modelling was used to correlate gene expression with histological
features. We further developed a bespoke library of PEGylated peptides (GBTS-NASH) to detect
NASH proteases by releasing cleaved reporters into urine for multiplexed quantification by mass
spectrometry. We tested their performance in predicting NASH and staging fibrosis in rodent
models of NASH progression and regression. Several logistic regression classifiers were used to
correlate urinary cleaved reporters to disease phenotype or to fibrosis stage. FiND classifier was
trained and tested on 48 healthy (CD 9 weeks) animals and 48 NASH (CDAHFD 9 weeks) to
predict NASH progression. NAFL cohorts (HFD 16 Weeks, n= 15) or additional cohorts of CD and
CDAHFD mice (AM, PM, R1, R2, Fed, Fasted, Vehicle, FA cohorts, n= 14-20 per group and per
cohort) were all applied naively to the FiND classifier. FiNR classifier was built on 32 NASH
baseline 9 Weeks and 15 Early Regression animals (CDAHFD 9 weeks + CD 1 week) or on 32
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NASH baseline 9 Weeks and 17 Late Regression (CDAHFD 9 weeks + CD 3 weeks) to predict
NASH regression. Finally, GBTS-NASH ≥F2 classifier was trained and tested on rat cohorts of
NASH (CDAHFD 6 weeks, n= 10), NASH with vehicle (CDAHFD 6 weeks + vehicle 6 weeks, n=
15) and NASH with TRIPLE treatment (CDAHFD 6 weeks + TRIPLE 6 weeks, n= 15) to predict
NASH ≥F2.

Human liver biopsies. Biopsies were collected from individuals visiting the Weight Loss Surgery
and Obesity clinic at Massachusetts General Hospital (MGH) and St. Mary’s Hospital (STM). All
protocols, consent forms and manual of operations were approved by the institutional review
board for each site. Before surgery, patients were prospectively screened for NAFLD based on
preset criteria based on abnormal ALT, AST blood biochemistry assays or ultrasound features
and offered a liver biopsy. Exclusion criteria included excessive alcohol consumption and liver
diseases other than NAFLD. The subjects’ demographic characteristics, medical history,
medication use, clinical tests, and liver biopsy results were collected (table S1). A wedge (for 90
patients) or core needle biopsy (for 237 patients) was taken at the beginning of the surgery and
flash-frozen (for 82 patients) or stored in RNA-later (for 245 patients). Because the weight loss
surgery cohort had few patients with advanced fibrosis, we augmented the cohort with archived
FFPE- biopsy samples (for 28 patients, all core needle biopsies) with NASH F2-4. By pathology
read, the final cohort included 76 histologically normal liver samples, 90 samples with NAFLD,
and 189 samples with NASH. Of the 144 NASH samples, there were 74 F0, 62 F1, 34 F2, 13 F3,
and 6 F4 using the NASH Clinical Research Network (CRN) scoring system, closely similar to the
expected stage distribution from the suspected US NASH population (61). FFPE and frozen
biopsies from a natural history cohort of 146 NAFLD patient samples recruited at Newcastle upon
Tyne Hospitals NHS, UK and Hôpital Pitié Salpêtrière, France were obtained from the European
NAFLD Registry, including 33 NAFL and 113 NASH (5 F0, 29 F1, 24 F2, 46 F3, 9 F4) (34). In the
NASH group, longitudinal liver samples were collected twice for 21 patients, 3 times for 3 patients
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and 4 times for 2 patients with a median time between biopsies of 5.9 years (min-max range of
1.2 - 14.6 year) for a total of 179 liver samples. All biopsies were read by the same blinded
pathologist to improve scoring accuracy. The FIB4 score was calculated and applied as previously
described (62). Liver stiffness as assessed by Fibroscan was available for 19 NAFL and 63 NASH:
25 F0-1, 10 F2, 25 F3 and 3 F4. RNA extraction was performed on 5-20 μg of liver tissue using
either miRNeasy Mini Kit (Qiagen) for flash-frozen samples, and RNA-later liver or High Pure
FFPET RNA Isolation Kit (Roche Life Science) for FFPE samples, according to manufacturer’s
instructions. RNA quantity and quality were assessed using Agilent 2100 bioanalyzer (Santa
Clara). RIN numbers, ranging from 1.5 to 9, were appropriate for use with the nCounter
Technology (63).

Animal models. Five-week-old C57BL/6 (Taconic, Charles River Laboratories) or BTBR wildtype (WT) and BTBR ob/ob male mice (BTBR.Cg-Lepob/WiscJ; Jackson laboratory) were
acclimated for a week at the Charles River Accelerator and Development Lab (CRADL) animal
facility (Cambridge, MA). At 6 weeks of age, mice were fed a choline deficient, high fat diet
(CDAHFD, from Research Diets #A-06071302) for 1, 9 or 14 weeks to development a NASH
phenotype with progressive fibrosis (35). To obtain a benign simple steatosis (NAFL) liver
phenotype, C57BL/6 mice were fed with a 60% high fat diet (Research Diet #D12492) for 8 and
16 weeks. CDAHFD and HFD have similar protein (18 vs 20% Kcal), fat (62 vs 60% Kcal),
carbohydrate (21 vs 20% Kcal) and energy density (5.21 Kcal/g for both) content. Age-matched
mice fed a standard chow diet (Charles River Diet 18% Vac Pac 5066) were used as controls. To
NASH regression, C57BL/6 mice were fed a CDAHFD for 9 and 14 weeks and then switched
back to a standard chow diet for an additional 3 or 6 weeks. A single dose of folic acid (FA, Sigma
Aldrich) dissolved in 0.3 mM Sodium bicarbonate (250 mg/kg body weight) was administered
intraperitoneally to C57BL/6 mice fed a CD or CDAHFD for 9 weeks; experiments were carried
out 2 weeks after FA administration. At the appropriate time of the experiment, mice were dosed
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via retroorbital route with 100 μL of a solution of mannitol/sodium containing 0.125 nmol of each
of 19 PEG-conjugated substrates (GBTS-NASH). After injection with GBTS-NASH, mice were
placed on 96-well plate surrounded by custom-made restrainer to keep the mice contained for
urine collection. Bladders were voided 60 minutes after GBTS-NASH administration, and all urine
produced 60-120 after GBTS-NASH injection was collected and pooled together (between 50200 μL of urine on average).
Male Wistar Han rats (10-week-old, Charles River Laboratories) were fed either a control
diet (5CR4) or CDAHFD (A16092003, Research Diets) for 12W. From Weeks 6 to 12 of CDAHFD
feeding, a subset of CDAHFD rats were administered vehicle or a TRIPLE drug combination from
GILEAD Sciences Inc, which consisted of an ACC inhibitor (ACCi; GS-834536) dosed at 10 mg/kg
qd, an FXR agonist (FXRag, CILO) dosed at 30 mg/kg qd, and an ASK1 inhibitor (ASK1i, GS4793) dosed in chow at 0.03% (55-57). At the appropriate time of the experiment, rats were dosed
via i.v. with 0.9 mL of a mannitol/sodium containing 0.41 nmoles of each of 19 PEG-conjugated
substrates (GBTS-NASH). After injection with GBTS-NASH, rats were placed in metabolic cages
to allow facile urine recovery. Bladders were voided 120 minutes after GBTS-NASH
administration, and all urine produced 120-180 after GBTS-NASH injection was collected and
pooled together (between 500-1000μL of urine on average).

Peptide synthesis and conjugations. All peptides were synthesized by CPC Scientific, Inc. For
fluorogenic assays, peptides were flanked with fluorophore-quencher pair 5-FAM-CPQ2. For in
vivo urine experiments, peptides were barcoded with Glu-Fib derived and heavy isotope labeled
peptides. PEGylated peptides were pooled prepared prior to in vivo experiments and stored at 4
°C in PBS. Typically, 0.125 nmoles per PEGylated peptide in a total volume of 100 ul of sterile
saline was injected per mouse or 0.41 nmoles in 0.9 mL per rat.
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Statistical analysis. Analyses were performed using Python 3.6.9 (scikit-learn 0.21.2,
statsmodels 0.11.1, numpy 1.18.5, pandas 1.0.4) or GraphPad Prism. Significance testing was
performed either using Student’s t-test or one-way ANOVA for normally distributed data, or MannWhitney U test for data which was not normally distributed. Normality was checked using the
Shapiro-Wilk test (alpha= 0.05). Multiple testing correction was performed using the Bonferroni
method. t-Distributed Stochastic Neighbor Embedding (t-SNE) was calculated on fluorescence
change in 159 FRET-based protease substrates when incubated with NASH proteases. Logistic
regression was used for gene or MS urine signal (using mean-normalized PAR values).
Classification performance was estimated through cross-validation with randomized 80% training
and 20% validation splits, whereas a classifier is trained on 80% of the data and then blindly
applied to the remaining 20%. This process was repeated 100 times with randomized
training/validation splits. The classification performance is reported as the mean across the
validation sets. AUCs were compared using the bootstrap method with 10,000 permutations.
Diagnostic cutoffs were chosen to balance specificity and sensitivity using a separate crossvalidation loop to avoid overfitting.
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SUPPLEMENTARY MATERIALS
Materials and methods
- Fig. S1-S16
- Table S1-S3
- Data File S1
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FIGURE CAPTIONS
Figure 1. Dysregulated protease expression classifies NASH ≥F2 from F0–F1 with high
accuracy. (A) In silico identification of candidate proteases by analysis of liver RNA from
MGH/STM human cohort including 76 healthy individuals, 90 NAFL (steatosis), and 189 patients
with NASH using a custom NanoString panel. Within the NASH cohort, the proportion of patients
with stage 0, 1, 2, 3, and 4NASH according to the CRN scoring system was n= 74 (39.2%), n= 62
(32.8%), n= 34 (18.0%), n= 13 (6.9%) and n= 6 (3.2%), respectively. (B) AUROC for binary
classification of fibrosis stage ≥F2 vs F0–F1 with a regularized logistic regression gene classifier
trained with all 229 proteases (black) or a subset of 13 NASH proteases (green). (C) Differential
expression of the 13 proteases in patients with NASH ≥F2 vs F0-F1 plotted as Log2 fold change
(***p≤0.001). (D) Pearson correlation of the AUROCs of 206 overlapping proteases to predict ≥F2
vs F0-F1 between the MGH/STM and NCL cohorts (filled circles: p≤0.05 in either dataset,
Bonferroni-corrected). 13-protease panel depicted as red circles. (E) AUROCs for binary
classification of fibrosis stage ≥F2 vs F0–F1 by a 13-protease regularized logistic regression
classifier trained on the MGH/STM cohort and validated with the independent Newcastle cohort
(green) or vice versa (black).
Figure 2. Mass-barcoded PEGylated peptides for multiplexed detection of protease activity
by tandem mass spectrometry. (A) Schematic of PEGylated peptides composed of a protease
substrate conjugated to an 8-arm PEG. Each protease substrate was uniquely labeled with a
mass barcode for quantification of cleavage fragments by liquid chromatography tandem mass
spectrometry (LC-MS/MS). (B) Schematic of example peptide substrates (N03, N05, and N18)
showing peptides flanked by a quencher (CPQ2) and fluorophore (FAM). Both free or PEGylated
peptides were assayed at different substrate concentrations (0.09 to 6 µM) by fluorimetry after
addition of their respective protease (MMP9, ST14, or MMP13 at 50 nM). Y-axes differ for visibility.
(C) tSNE map of our 159-substrate library cleavage profile. Each data point represents a unique
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protease substrate. (D) Hierarchical clustering of fluorescence fold-changes at 90 minutes of 19
selected peptides cleaved by 13 NASH proteases. (E) Calibration curves of mass barcode 3, 5,
and 18 after UV-triggered release from PEGylated peptides N03, N05, and N18 as quantified by
LC-MS/MS. Peak area from each mass barcode is divided by the peak area of an isotopically
labelled internal standard (PC).
Figure 3. Noninvasive urinary classification of NASH in a dietary mouse model by machine
learning. (A) NASH was modeled in mice using a choline-deficient, amino acid defined high-fat
diet model (CDAHFD) for 9 weeks. Additional cohorts included mice fed a standard chow diet
(CD) for 9 weeks as healthy controls or a 60% high fat diet (HFD) for 16 weeks as simple steatosis
NAFL group. In all experiments, mice received GBTS-NASH at a dose of 0.125 nmoles per
PEGylated peptides. (B, C) Representative histology images from H/E and PicroSirius Redstained liver slides from patients with NASH or NAFL or healthy controls (CD). Scale bar, 100 µm.
(C) Percentage of animals per group with a specific assigned NAS or fibrosis score for healthy
(n= 16, CD 9 weeks), NAFL (n= 15, HFD 16 weeks), and NASH cohorts (n= 16, 9 weeks of
CDAHFD). The number of animals per group is shown within bars. *Chi Square p≤0.05. (D) 13
NASH protease genes were assessed by RNA-seq from liver samples from mice with 6 NASH (9
weeks of CDAHFD), 4 NAFL (8 weeks of HFD), or 4 healthy controls ( of CD). We also combined
our in-house RNA-seq data with publicly available NAFL datasets (GSE138945 and GSE138946)
from C57BL/6 mice kept on the same HFD for 20 weeks (n= 3) using the same sequencing
platform. Student’s t test, **p<0.01. (E) Left: Schematic of Fibrosis NASH Detection (FiND)
Classifier (using logistic regression and 80/20 cross-validation) generated using LC-MS/MS
quantified concentrations of 19 mass-barcoded reporters from urine samples from CD healthy (n=
48) or CDAHFD (n= 48) mice. Only healthy and NASH mice were used to train the classifier.
NAFL mice (n= 15) as well as separate independent cohorts of healthy and NASH mice used to
assess MS assay repeatability (R1 at 9 weeks, R2 at 10 weeks, n= 15 CD and n= 16 CDAHFD),
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GBTS-NASH treatment time (AM, PM, n= 18-19 CD and 19-20 CDAHFD at 11/12 weeks) or
feeding status (Fed vs Fasted, n= 14 CD and 15 CDAHFD at 20 weeks) were naively applied to
the FiND classifier. Right: FiND-predicted probability of having NASH in each group and cohort.
(F) AUROCs of GBTS-NASH staging classifier to discriminate NASH in CDAHFD animals from
healthy CD mice from all cohorts tested (Training, R1, R2, AM, PM, Fed, Fasted) and from
combined healthy + NAFL animals. (G) Logistic regression coefficients for probes included in the
FiND classifier. Iterative feature elimination analysis (top panel) is shown. Probes were removed
in order of importance to the classifier. The directionality of logistic regression coefficient is
represented as back-filled bars for positive and white-filled bars for negative (lower panel).
Figure 4. GBTS-NASH protease sensors detect diet-induced early and late regression of
NASH in mice. (A) NASH early or late regression (Reg.) was modeled by switching CDAHFD
mice at 9 weeks (NASH) to a CD for 1 or 3 weeks (Early Reg. and Late Reg.). NASH animals
received GBTS-NASH (0.125 nmoles per PEGylated peptide) at baseline (n= 32) and then again
at 1 (n= 15) and 3 weeks (n= 17) after diet change (10- and 12-weeks total). (B) Histology NAS
and fibrosis scores. Percentage of animals per group with a specific assigned NAS or fibrosis
score is displayed. Number of animals for each scoring category is also shown within bars. *Chi
Square p≤0.05, n= 16-17 per group. (C) NASH liver expression of the 13 human NASH protease
genes detected by RNA-seq was compared to healthy CD liver (n= 4 per group). (D and E) NASH
animals at 9 weeks baseline (Reg. baseline, green, n= 32), and following 1 (Early Reg., n= 15) or
3 (Late Reg., n= 17) weeks after being switched to CD were applied naively to the FiND classifier
(training on 48 CD and 48 CDAHFD 9 weeks). FiND-predicted probability of having NASH is
depicted in D and AUROC curves in E, ***p≤0.001. (F and G) FiNR was retrained by including
MS urine outputs from regressed animals into the FiND classifier and predicted early (F) and late
(G) NASH regression from stable/progressing NASH.
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Figure 5. GBTS-NASH sensors detect drug-induced fibrotic NASH hepatoprotection in
rats. (A) We fed male Wistar Han rats either CD (i, healthy, n= 10) or CDAHFD for up to 12
weeks (n= 40). From weeks 6 to 12 of CDAHFD feeding, a subset of NASH rats was
administered vehicle (iii, n= 15) or TRIPLE (ACC inhibitor at 10 mg/kg, FXR agonist at 30
mg/kg, and ASK1 inhibitor at 0.03% in the diet) for 6 weeks (iv, TRIPLE-treated, n= 15). A
baseline CDAHFD 6 weeks animal group was also tested (ii, NASH, n= 10) and used for
histology scoring. Animals were administered GBTS-NASH (0.41 nmoles per PEGylated
peptide) at 6, 7, 8, 10, and 12 weeks. Bladders were voided at 0-120 min, and urine was
collected and pooled over the following 120-180 min interval. (B) NAS and fibrosis histology
score on endpoint histology liver samples. The percentage of animals with a specific assigned
NAS or fibrosis score is displayed. The number of animals per group is shown within bars. *Chi
Square p≤0.05. (C) Log2 Fold Change protease expression from RNA-seq analysis (D) Logistic
regression classifiers were trained either on fpkm (measured by RNAseq) from 13 NASH
protease gene (RNA ≥F2, black) or urine concentrations of 19 mass-barcoded reporters
(measured by LC-MS/MS) (GBTS-NASH ≥F2 classifier, green) relative to histology fibrosis
score with 100 rounds of randomized 80% training, 20% testing (80/20) cross-validation on
endpoint NASH animals with available liver histology (NASH, ii, n= 10; Vehicle, iii, n= 15;
TRIPLE, iv, n= 15). (E, F, G) Baseline NASH 6 weeks (green) before administration of vehicle
(iii, n= 15) or TRIPLE (iv, n= 15), and stable/progressing NASH at 7, 8, 10 and 12 weeks (Veh.,
iii, n= 15 for each), early (7 and 8 weeks of TRIPLE, iv, n= 15) and late treatment response (10
and 12 weeks of TRIPLE, iv, n= 15) MS urine outputs were applied naively to the GBTS-NASH
≥F2 classifier. The predicted probability of being ≥F2 is shown for each group in E and AUROC
curves in F and G. *p≤0.05, **p≤0.01, ***p≤0.001.
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