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To extend previous molecular analyses of rejection in liver transplant biopsies in the
INTERLIVER study (ClinicalTrials.gov #NCT03193151), the present study aimed to
define the gene expression selective for parenchymal injury, fibrosis, and steatohepatitis. We analyzed genome-wide microarray measurements from 337 liver transplant

Abbreviations: ALP, alkaline phosphatase; ALT, alanine transaminase; AMAT, alternative macrophage associated transcripts; AST, aspartate transaminase; AUC, area under the curve;
DAMPs, damage-associated molecular pattern-associated transcripts; GRITs, gamma-interferon and rejection associated transcripts; HCV, hepatitis C virus; IGTs, immunoglobulin
transcripts; IRITD3, injury and rejection induced transcripts –intermediate; IRITD5, injury and rejection induced transcripts –late; IRRATs, injury-repair associated transcripts; MMDx,
Molecular Microscope® Diagnostic System; PBTs, pathogenesis-based transcripts; PCA, principal component analysis; PCs, principal components; QCMAT, quantitative constitutive
macrophage-associated transcripts; RATs, rejection-associated transcripts; Rej-R ATs, rejection associated transcripts; ROC, receiver operator characteristic curve; SOC, standard-of-
care; TCMR-R ATs, T cell-mediated rejection-associated transcripts.
The MMDx-Liver study group is detailed in Supplementary Table S1.
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biopsies from 13 centers. We examined expression of genes previously annotated as
increased in injury and fibrosis using principal component analysis (PCA). PC1 reflected
parenchymal injury and related inflammation in the early posttransplant period, slowly
regressing over many months. PC2 separated early injury from late fibrosis. Positive
PC3 identified a distinct mildly inflamed state correlating with histologic steatohepatitis. Injury PCs correlated with liver function and histologic abnormalities. A classifier trained on histologic steatohepatitis predicted histologic steatohepatitis with
cross-validated AUC = 0.83, and was associated with pathways reflecting metabolic
abnormalities distinct from fibrosis. PC2 predicted histologic fibrosis (AUC = 0.80), as
did a molecular fibrosis classifier (AUC = 0.74). The fibrosis classifier correlated with
matrix remodeling pathways with minimal overlap with those selective for steatohepatitis, although some biopsies had both. Genome-wide assessment of liver transplant
biopsies can not only detect molecular changes induced by rejection but also those
correlating with parenchymal injury, steatohepatitis, and fibrosis, offering potential
insights into disease mechanisms for primary diseases.
KEYWORDS

basic (laboratory) research/science, biopsy, liver transplantation/hepatology, microarray/gene
array, rejection
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I NTRO D U C TI O N

developing steatohepatitis. 20 The dynamic progression and regression of steatohepatitis over time indicates that cross-sectional docu-

Liver transplantation plays an essential role in the management of

mentation of disease activity and its effects on tissue function in the

chronic liver disease, and the demand for transplants continues to in-

current liver transplant population would be useful. 21

crease despite progress in controlling HCV.1 Standard-of-care (SOC)

In the post-HCV era, it is timely to reconsider the landscape

assessment of liver transplants includes biochemistry, imaging, and

of parenchymal injury in the liver transplant population, including

histology of biopsies. 2–4 To extend these approaches, molecular

donation-implantation-related injury, steatohepatitis, and fibrosis.8

analysis of liver transplant biopsies now presents an opportunity

For this purpose, we can adapt the Molecular Microscope® (MMDx)

for new insights into disease mechanisms operating in recent injury,

Diagnostic System, 22–29 which uses genome-wide microarray mea-

fibrosis, and steatohepatitis as well as increased diagnostic preci-

surements to assess biopsies from transplanted organs. MMDx stud-

sion and accuracy for guiding clinical management.5,6 Assessment

ies in other transplanted organs found that parenchymal injury is key

of the gene expression induced by early parenchymal injury in the

for understanding functional disturbance and progression to failure—

donation-implantation process (the response-to-wounding) and

the final common pathway for rejection and other diseases.30–33 Our

distinguishing it from rejection would be welcome, particularly

previous study of liver transplants using rejection-associated tran-

with the growing use of marginal donors.7 Late fibrosis sometimes

scripts described an early injury-induced inflammation phenotype

develops in liver transplants as the result of early injury, rejection,

reflecting shared features between the innate immune responses to

8

and recurrent or de novo disease processes, and is associated with
9

injury and adaptive immunity (rejection). 29 The present study used

worse long-term graft survival. Non-alcoholic steatohepatitis (here

the same genome-wide microarray to measure injury-induced gene

simply called steatohepatitis) has become a leading cause of liver

expression in a population of 337 liver transplant biopsies collected

transplantation,1,10–14 and recurs posttransplant in 20%–4 0% of pa-

prospectively as SOC. Injury was assessed based on expression of

15

tients, reflecting the persistence of the metabolic dysregulation.

injury-inducible transcript sets defined in other experimental and

Steatohepatitis can also develop de novo,16 and is associated with

clinical systems, based on the principle that while there are many

increased liver-related and cardiovascular mortality.17 Diagnoses

unique characteristics of liver tissue, the response-to-wounding

of steatohepatitis is often made in biopsies triggered by abnormal

pathways are shared across organs and diseases. Increases or de-

liver function but can also be present in livers with normal bio-

creases in expression of injury genes were explored by unsupervised

chemistry, 2,3,10,18,19 and non-invasive imaging suggests that the true

principal component analysis (PCA). In addition, we used histologic

incidence of steatohepatitis is underestimated.4 Additionally, im-

steatohepatitis and fibrosis grades to create two molecular classifi-

munosuppressive medications posttransplant increase the risk for

ers and to identify the top transcripts selective for these conditions
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vs. all other states including other abnormal conditions. The molec-

population as a selected control group. Transcript sets selected for

ular injury states were studied for their relationships to time post-

use in these analyses are described in Table 1.

transplant, biochemistry, and histology.
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M ATE R I A L S A N D M E TH O DS

2.1 | Population and demographics

2.4 | Dimensionality reduction, clustering, and data
visualization
PCA was used to reduce the dimensionality of the data set, facilitating analysis and visualization of the data. PCA for liver injury was

We examined 337 biopsies prospectively collected from 311 liver

done in R42 using the “FactoMineR” package 43 using selected injury-

transplant patients in 13 international centers during the

related transcript set scores as input, generating a matrix of 337 (sam-

INTERLIVER study (ClinicalTrials.gov NCT03193151, Table S1). All

ples) by 7 (transcript set scores): DAMPs,37,38 IRRATs,44 IRITD3s,39

biopsies or partial biopsies were stabilized in RNALater and shipped

IRITD5s,39 IGTs,36 Q CMATs,35 and AMATs.35 Transcript sets were in-

to the lab facility for analysis per established protocols. 24 Clinical

terquartile range-filtered (range >0.35 across all 337 liver biopsies).

data, including test results, were reported by the participating cent-

Injury-associated transcript sets were not re-derived in the liver,

ers per SOC. A subset of this biopsy population (N = 235) were used

but have been previously demonstrated to function in kidney,45–47

in a prior publication.

29

heart,48 lung,30 and liver. 29 All statistics were performed in R version
3.5.1 using the “stats” package.42

2.2 | Microarray analysis

2.5 | Pathway analysis

Total RNA was extracted from all biopsies, labeled with the IVT 3’
Plus kit (Thermo Fisher Scientific, Santa Clara), and hybridized to

Overrepresentation analysis using terms from Biological Process,

PrimeView microarrays per established protocols (www.affymetrix.

Cellular Compartment, and Molecular Function was done using the

com). 24

“enrichGO” function from the Bioconductor package “clusterProfiler”.49 Top transcripts differentially expressed by t test pvalue in a

2.3 | Pathogenesis-based transcripts (PBTs)

class comparison were used as input for each analysis.
Pathway terms were visualized using Cytoscape50 and the associated BiNGO51 and stringAPP52 applications. Top transcripts with

Transcript sets were previously developed and annotated for associations with biological mechanisms in rejection and injury.33–41

an adjusted p value <.05 in steatohepatitis were used (N = 276). The
fibrosis phenotype was stronger and >800 transcripts had an ad-

Each transcript set score used in these analyses represents the mean

justed p value of <.05, thus the top 150 transcripts were used to

fold difference in a population of biopsies compared to the entire

simplify the visual output.

TA B L E 1 Injury-related pathogenesis-based transcript setsa,b (PBTs) used as input for the principal component analyses (PCA)
Relationship to
injury

PBT
abbreviation

Injury

Macrophages

Atrophy-fibrosis
a

Description

Detail

IRITD5

Injury and repair-induced transcripts
(peaking at day 5 post-transplant)

Induced by injury in mouse kidney isografts39

IRITD3

Injury and repair-induced transcripts
(peaking at day 3 post-transplant)

Induced by injury in mouse kidney isografts39

IRRAT

Injury-repair response associated transcripts

Induced by injury in early human kidney
transplants33

DAMP

Damage-associated molecular pattern transcripts

Literature-based37,38

AMAT

Alternative macrophage associated transcripts

Induced by ischemic injury, expressed in activated
macrophages35

QCMAT

Quantitative constitutive macrophage-associated
transcripts

Expression in human primary macrophages35

IGT

Immunoglobulin transcripts

Increased in atrophy-fibrosis, reflecting plasma
cells36

https://www.ualber ta.ca/medicine/institutes-centres-groups/atagc/research/gene-lists.

b

See Methods.
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2.6 | Moving average plots

transaminase (AST), alanine transaminase (ALT), and alkaline phosphatase (ALP, Table S2).

Moving average plots were generated in R version 3.5.1 using the

Extracted RNA from a small piece of the biopsy core (average

“zoo” package.53 Window size for each graph was chosen based on

size 3–5 mm from 16-or 18-gauge needles) was uniformly high yield

line smoothness. All plots were left-aligned, and scores were nor-

(mean 10 µg) and quality (mean RNA Integrity Number = 8.2). All sub-

malized on all 337 biopsies. Standardized scores were used for plots

mitted biopsies were included unless technically unreadable (~4%).
Histologic steatohepatitis and fibrosis grades were available

when scales between scores varied significantly (e.g., between labo-

for 253/337 biopsies: 31 had steatohepatitis grade > 0, and 51

ratory test values).

biopsies had fibrosis grades > 1 (Table S2). Of 21 patients in the
study with at least one biopsy with steatohepatitis grades >0, 8

2.7 | Ensemble machine learning classifiers for
predicting histologic steatohepatitis and fibrosis

(38%) of these had steatohepatitis listed as their primary disease.

Classifier algorithms were trained on binarized histologic steatohepatitis (with disease, grades > 0 and without disease, grades = 0) or

TA B L E 2 INTERLIVER patient and biopsy characteristics

fibrosis (with disease = grades > 1, without disease = grades ≤ 1) reported by each center. Biopsies with missing grades were excluded.

Patients
N = 311

Patient characteristics

Classifier scores were assigned using 10-fold cross-validation per

Recipient sex (% total)

previously published protocols. 22,54

2.8 | Volcano plots of top transcripts

Male

152 (49%)

Female

154 (50%)

Missing

5 (1%)

Recipient age at transplant (median, range)

50 (2–71)

Volcano plots used the fold change and Bayesian t test p value of

Donor age at transplant (median, range)

45 (11–86)

all 49495 microarray probes in a class comparison of either his-

Primary disease (% total)a

tologic steatohepatitis >0 versus <1, or histologic fibrosis >1

Alcoholic liver disease

53 (17%)

versus ≤2. Volcano plots were generated using the R package

Autoimmune hepatitis

27 (9%)

Hepatitis B

24 (8%)

Hepatitis C

58 (19%)

“EnhancedVolcano”.55

Hepatocellular carcinoma

37 (12%)

Non-alcoholic steatohepatitis

23 (7%)

Primary biliary cholangitis

23 (7%)

Primary sclerosing cholangitis

29 (9%)

paper) and smooth curves are fit based on within-knot data with con-

Non-alcoholic fatty liver disease

3 (1%)

straints so that curves between segments are joined. Overfitting is

Cirrhosis

32 (9%)

avoided by restricted cubic splines using only linear trend lines for the

Other

55 (18%)

segments beyond the left-most and right-most knots thereby reduc-

Missing

35 (11%)

2.9 | The time course of steatohepatitis and fibrosis
Splines can be used to show nonlinear relationships between variables. A number of “knots” are selected (knots = 3 for splines in this

ing influence of the extreme ends of these distributions where fewer

Biopsy characteristics

Biopsies
N = 337

data points are available. Splines examining the time course of steaDays (median, range) from transplant to biopsy

tohepatitis and fibrosis used histologic grades and molecular classifier
scores as input, and were generated using the R package “rms”.

3

|
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Immunosuppression at biopsy (% total)

R E S U LT S

3.1 | Study population and demographics

Corticosteroids

28 (9%)

Cyclosporine

12 (4%)

Tacrolimus

125 (38%)

Other

26 (8%)

Missing

189 (57%)

Indication for biopsy (% total)

We prospectively analyzed 337 biopsies from 311 consenting patients at 13 centers (Table S1 and Table 2), collected between one
day and 34 years posttransplant (median 904 days). Indication biopsies accounted for 84% (260/337) with 16% for protocol/surveillance. SOC liver function tests included albumin, bilirubin, aspartate

905 (0−12569)

a

a

For cause

260 (77%)

Protocol/surveillance

51 (15%)

Missing

26 (8%)

Some patients fell under multiple categories.

MADILL-THOMSEN et al.
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3.2 | PCA of injury transcripts
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5

3.3 | Correlations between injury PC
scores and histology

In addition to previously studying liver transplant rejection using
rejection-associated transcripts, 29 the microarray results from each

The correlations between PCA scores and locally recorded histol-

biopsy were studied for injury-induced gene expression based on

ogy features are shown in Table 3. Correlation coefficients with an

expression of seven injury-related transcript sets. These were

absolute value > 0.20 were considered significant (all had p < .001).

identified in other organs and in experimental systems, related to

PC1 correlated with histologic inflammation (portal and venous in-

recent injury in mouse transplants (IRIT3, IRIT5),39 in human trans-

flammation), and autoimmune hepatitis. PC2 correlated strongly

plants (IRRAT) 44 or in the literature (DAMP)37,38, atrophy-fibrosis in

with histologic fibrosis and time posttransplant. PC3 correlated with

human kidneys (IGTs),

36

and macrophage infiltration and activation

steatohepatitis and inflammation and anti-correlated with fibrosis

(QCMAT, AMAT).35 As noted earlier, this is possible because tissue

and time posttransplant. Recurrent HCV as a biopsy feature showed

response-to-wounding is similar across organ types.

no relationship with PC1 (Spearman correlation 0.11, p = .06), PC2

PCA was used to visualize the variation in injury transcript expression across the 337 biopsies. (Note that these injury PCA scores

(Spearman correlation 0.03, p = .6), or PC3 (Spearman correlation
0.08, p = .2).

are completely different from the previous rejection PCA scores reflecting rejection transcript expression.29) The direction of each input
transcript set score in PCA is shown in Figure 1A (PC2 vs. PC1) and
Figure 1B (PC2 vs. PC3). PC1, PC2, and PC3 comprised 60%, 14%,

3.4 | Relationships between injury PC scores, time
posttransplant, and liver function tests

and 10% of the variation, respectively. The putative injury states are
indicated by dashed arrows.57 PC1 was characterized by increased

We visualized relationships between molecular scores and various

expression of all injury transcript sets, reflecting recent injury, mac-

features in moving average plots (Figure 2).

rophage infiltration, and atrophy-fibrosis (Figure 1A). PC2 separated

Figure 2A (window size = 100) shows the relationship between

early injury from late atrophy-fibrosis (Figure 1A–B). PC3 was an ad-

PC scores and time posttransplant. PC1 scores were high early and

ditional component of variance in which macrophage transcripts sep-

decreased over time, particularly in the first 200 days as early in-

arated from recent injury and atrophy-fibrosis transcripts (Figure 1B).

jury resolved. PC2 scores were low (negative) early and increased

(A)

(B)

F I G U R E 1 Principal component analysis (PCA) factor map showing the correlation direction between input variables and principal
component 1 (PC1), principal component 2 (PC2), and principal component 3 (PC3). PC1 vs. PC2 is shown in Panel A, PC3 vs. PC2 is shown
in Panel B. All input variables (N = 7) are shown: Alternative Macrophage-A ssociated transcripts (AMAT1), Damage-A ssociated Molecular
Pattern transcripts (DAMP), Immunoglobulin transcripts (IGT), Injury-Repair Response-A ssociated transcripts (IRRAT), Injury and Repair-
Induced Transcripts peaking at Day 3 (IRITD3) and Day 5 (IRITD5), and Quantitative Constitutive Macrophage-A ssociated transcripts
(QCMAT). Dashed lines with arrowheads show the interpretation of that direction in each principal component: PC1 interpreted as all injury
(right) vs. no injury (left), PC2 interpreted as fibrosis (up) vs. early injury (down), and PC3 unclear without further analyses, a type of change
we had not annotated in other organ systems
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Histology features

PC1

PC2

PC3

Time of biopsy posttransplant

−0.25,
p = 4E−06

0.47,
p = 9E−20

−0.23,
p = 1E−05

Rejection-related

Portal inflammation

0.22,
p = 7E−05

0.03,
p = 6E−01

0.22,
p = 1E−04

Bile duct inflammation

0.12,
p = 3E−02

0.07,
p = 2E−01

0.09,
p = 1E−01

Venous inflammation

0.22,
p = 8E−05

0.12,
p = 4E−02

0.10,
p = 7E−02

Bile duct degeneration

0.04,
p = 4E−01

0.08,
p = 2E−01

0.04,
p = 4E−01

Focal obliteration

0.13,
p = 3E−02

0.10,
p = 7E−02

0.02,
p = 7E−01

Cholestasis

0.18,
p = 1E−03

0.09,
p = 1E−01

0.04,
p = 5E−01

Mural fibrosis

0.11,
p = 5E−02

0.14,
p = 1E−02

−0.07,
p = 2E−01

Autoimmune hepatitis

0.18,
p = 1E−03

0.14,
p = 1E−02

0.06,
p = 3E−01

Steatohepatitis

−0.01,
p = 9E−01

−0.06,
p = 3E−01

0.22,
p = 4E−04

Fibrosis

0.00,
p = 9E−01

0.42,
p = 2E−12

−0.24,
p = 9E−05

Recurrent HCVa

0.11,
p = 6E−02

0.03,
p = 6E−01

0.08,
p = 2E−01

Suspected CMV hepatitis

0.10,
p = 9E−02

0.06,
p = 3E−01

0.15,
p = 1E−02

“Chronic
rejection”-related

Other disease-related

TA B L E 3 Spearman correlations
between injury PC scores and histologic
features in liver biopsies (N = 337)

Note: Clinical data is binary: 1 if positive, 0 if negative. Cells were shaded if the Spearman
correlation coefficient was greater than 0.2, and also bolded if the correlation coefficient was
greater than 0.4.
a

28 biopsies were listed as positive for recurrent HCV.

steadily with time, reflecting a gradual increase in fibrosis phenotypes, similar to findings in kidney transplants.57,58 PC3 scores were

p = .003). The fibrosis classifier and PC1 and PC2 scores did not
predict histologic steatohepatitis. Figure 3B shows that PC2 (dashed

high early and throughout the first 500 days posttransplant, eventu-

gray line, AUC 0.80) and the fibrosis classifier (dotted gray line, AUC

ally declining after 3 years.

0.74) were predictors of histologic fibrosis. The steatohepatitis clas-

Figure 2B–D (window size = 125) show relationships between

sifier and the PC1 and PC3 scores were not.

standardized liver function tests (albumin, bilirubin, AST, ALT,

The scatterplot in Figure S1 illustrates the independence of

and ALP) and PC scores. In Figure 2B, high PC1 scores correlated

the steatohepatitis and fibrosis classifier scores. Though these

with low albumin and high biochemistry scores. In Figure 2C,

scores were independent, some biopsies had elevated scores for

liver function abnormalities had weak U-shaped relationships to

both, as expected from the relationship between steatohepatitis

PC2 and PC3: albumin was high, and bilirubin, AST, ALP, and ALT

and fibrosis.

were more abnormal at the extremes of negative PC2 (early injury) and positive PC2 (fibrosis). In Figure 2D, biochemistry tests
were more abnormal at extremes of low PC3 (fibrosis) or high PC3
(steatohepatitis).

3.5 | Molecular classifiers for
steatohepatitis and fibrosis

3.6 | Visualizing steatohepatitis and fibrosis
relationships in individual biopsies
Biopsies were distributed in PCA based on their injury-associated
gene expression (as in Figure 1) and colored by their steatohepatitis
and fibrosis features (either histologic or molecular grades/scores,
Figure 4A–H).

The steatohepatitis classifier predicted histologic steatohepa-

Biopsies with histologic steatohepatitis grades > 0 (Figure 4A–

titis with AUC 0.83 (dashed black line, Figure 3A), better than

B) were concentrated in the negative PC1 and positive PC3, similar

the PC3 score (AUC 0.69, solid black line, significantly different

to the distribution of quartiles of steatohepatitis classifier scores

MADILL-THOMSEN et al.
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(Figure 4C–D), although the classifiers identified more cases than

steatohepatitis. Recurrent HCV as a biopsy feature showed no

histology.

relationship with the steatohepatitis classifier score (Spearman

Biopsies with histologic fibrosis (Figure 4E–F ) were distributed towards positive PC1, positive PC2, and negative PC3,

correlation 0.09, p = .1), or the fibrosis classifier score (Spearman
correlation 0.07, p = .22).

similar to the distribution of the high fibrosis classifier scores
(Figure 4G–H ).

3.7 | Correlations between classifier
scores and histology

3.8 | Correlations between classifier scores and
liver function tests
The steatohepatitis classifier score correlated strongly with increased bilirubin, AST, and ALT (Table 5), and weakly with ALP or de-

Increased classifier scores for steatohepatitis (Figure 4I) and fibrosis

creased albumin, as expected.3,10,19 The fibrosis classifier correlated

(Figure 4J) were strongly associated with higher histologic grades,

strongly with increased bilirubin and AST, and weakly with reduced

indicating that more severe disease was represented by higher clas-

albumin and ALP.

sifier scores. Ordinal regressions using classifier scores to predict
histologic grades for steatohepatitis and fibrosis were significant
(p = 1.5E-10 and p = 8.5E-11, respectively).
Table 4 shows Spearman correlations between various histologic features and classifier scores. The steatohepatitis classifier

3.9 | Relationships between the
steatohepatitis and fibrosis classifiers and time
posttransplant

correlated with steatohepatitis grades and anti-correlated with
fibrosis grades. The fibrosis classifier significantly positively cor-

Mean steatohepatitis and fibrosis classifier scores differed in their

related with fibrosis grades and had no strong correlation with

time course, shown by splines in Figure 5A,B, respectively. The

F I G U R E 2 Moving average plots showing the relationships between (A) y-axis: principal component 1 (PC1 = green), principal component
2 (PC2 = purple), and principal component 3 (PC3 = blue) vs. x-axis: time posttransplant with window size = 100; (B) y-axis: standardized
biochemistry scores (albumin = red, bilirubin = blue, AST = green, ALP = purple, and ALT = orange) vs. x-axis: PC1 score with window
size = 125; (C) y-axis: standardized biochemistry scores (albumin = red, bilirubin = blue, AST = green, ALP = purple, and ALT = orange) vs.
x-axis: PC2 score with window size = 125; and (D) y-axis: standardized biochemistry scores (albumin = red, bilirubin = blue, AST = green,
ALP = purple, and ALT = orange) vs. x-axis: PC3 score with window size = 125. Note that PC scores are the y-axis for (A) but shown as the
x-axes in (B-D), respectively
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F I G U R E 3 Receiver operating characteristic curve (ROC) demonstrating the predictive capabilities of various molecular scores for (A)
histologic steatohepatitis and (B) histologic fibrosis. Histologic steatohepatitis and fibrosis were binary for the purposes of this assessment
(steatohepatitis grades >0 = 1, or grades 0 = 0; fibrosis grades >1 = 1, and grades ≤1 = 0). Areas-under-the-curve (AUCs) are shown as solid,
dashed, or dotted lines with corresponding values in the bottom-right of each panel: steatohepatitis classifier score (black, dashed), principal
component 1 (PC1) score (black, dotted), principal component 2 (PC2) score (gray, dashed), principal component 3 (PC3) score (black, solid),
and the fibrosis classifier score (gray, dotted)

steatohepatitis classifier peaked around 500 days then declined
(Figure 5A), whereas the fibrosis classifier rose steadily over time
posttransplant (Figure 5B).

3.11 | Overrepresentation analysis of the top
steatohepatitis-selective and fibrosis-selective
transcripts
Results of overrepresentation analysis of the top transcripts selective

3.10 | Top transcripts selective for
steatohepatitis and for fibrosis

for steatohepatitis and fibrosis was visualized in Figure 7. Node colors
become darker as p values of those nodes/terms become more significant. Relationships between nodes are shown by connecting lines.

Top genes with increased or decreased expression by p value in

Steatohepatitis terms were related to metabolism, mainly catabolic

histologic steatohepatitis vs. no steatohepatitis are summarized

or metabolic processes (see Biological Process – metabolism group,

in Table 6. Fold change and p value of all transcripts in this class

Figure 7A). These results indicate that molecular metabolic dysregu-

comparison are visualized in a volcano plot (Figure 6A). Some tran-

lation is a hallmark of histologic steatohepatitis when separated from

scripts were previously shown in literature as increased (TMEM154,

non-specific injury, inflammation, and fibrosis. Other highly signifi-

PRKCE) or decreased (IGFBP2) in steatohepatitis.

59

However, most

cant terms were related to cytoplasm or cell membrane (see Cellular

top transcripts were not previously annotated in steatohepatitis

Component group). Steatohepatitis is a subtler phenotype, so fewer

(e.g., PPM1K, CNPY3).

significant terms (p < .05) resulted from the pathway analysis.

Top transcripts selective for fibrosis are shown in Table 7 and

Fibrosis terms were associated with extracellular matrix organiza-

all transcripts visualized in the volcano plot shown in Figure 6B.

tion and collagens (see Molecular Function and Cellular Compartment

Several increased transcripts (6/10) were immunoglobulin genes

groups, Figure 7B). ‘Response to wounding’ terms were also found (see

(IGTs), typical of the fibrosis findings in kidney transplants. 36 Four

Biological Process –Cellular Response group); similar terms were seen

top fibrosis-s elective transcripts were previously associated with

in analyses of fibrosis in other transplanted organs.58 Terms related to

liver fibrosis in the literature: stathmin 2 (STMN2), papilin (PAPLN),

immune system function (i.e., “T cell activation regulation,” “immune

sodium leak channel non-s elective (NALCN), and ephrin receptor

response,” and “immune system process” see Biological Process – de-

3 (EPHA3). 60–66

velopment and lymphocytes group and Biological Process – biological
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(A)

(B)

(C)

(D)

(E)

(F)

(G)

(H)

(I)

9

(J)

F I G U R E 4 (A-H) Scatterplots showing biopsies colored based on their histologic or molecular steatohepatitis (A-D) or fibrosis (E-H)
grades. Histologic steatohepatitis, principal component 2 (PC2) vs. PC1 (A), and PC2 vs. PC3 (B). Steatohepatitis classifier quartiles, PC2
vs. PC1 (C), and PC2 vs. PC3 (D). Histologic fibrosis grades, PC2 vs. PC1 (E), and PC2 vs. PC3 (F). Fibrosis classifier quartiles, PC2 vs. PC1
(G), and PC2 vs. PC3 (H). (I) and (J) are beeswarms and boxplots showing the steatohepatitis classifier scores in biopsies in each histologic
steatohepatitis grade (I) and fibrosis classifier scores in each fibrosis grade (J)

regulation group) were also found, reflecting the prominence of fibrosis-

in indication or protocol biopsies, so we used the largest biopsy

associated inflammation and immunoglobulin transcripts.

set available, which was the entire set collected by the time of
these analyses. We previously found that indication biopsies con-

3.12 | Mean transcript set expression in protocol
vs. indication biopsies

tain the complete range of phenotypes, including relatively normal
phenotypes, thus relatively normal biopsies are still adequately
represented.
We assessed differences in transcript set scores between proto-

While this population is predominantly indication biopsies, 51

col and indication biopsies in this dataset using t tests. There should

(15%) of biopsies were for protocol/surveillance. Injury can occur

be differences in expression between the two populations, since
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TA B L E 4 Correlation of classifier scores with histologic lesions
Steatohepatitis classifier scores

Fibrosis classifier scores

Correlation

p value

Correlation

Portal inflammation

−0.08

.15

0.2

.0003

Bile duct inflammation

−0.08

.19

0.071

.23

Venous inflammation

−0.03

.56

0.14

.01

Bile duct degeneration

−0.05

.39

0.12

.04

Histology features
Acute rejection-related

Chronic rejection-related

Focal obliteration

0.07

.25

0.14

.02

−0.02

.74

0.17

.002

Mural fibrosis

0.08

.14

0.19

.001

Autoimmune hepatitis

0.05

.41

0.17

.003

Steatohepatitis

0.38

3.30E−10

0.03

.66

Cholestasis
Other disease-related

p value

Fibrosis

.0008

0.38

5.40E−10

Recurrent HCV

0.09

.1

0.07

.22

Suspected CMV hepatitis

0.09

.13

−0.001

.98

−0.21

Note: Clinical data is binary: 1 if positive, 0 if negative. Cells were highlighted if the Spearman correlation coefficient ≥0.2, and bolded if ≥0.3

TA B L E 5 Spearman correlation coefficients calculated between laboratory test values and MMDx steatohepatitis and fibrosis classifier
scores (N = 337)
Laboratory tests
Albumin
g/dl
(N = 200)

Bilirubin
mg/dl
(N = 226)

AST
IU/L
(N = 226)

ALT
IU/L
(N = 226)

ALP
IU/L
(N = 225)

MMDx Steatohepatitis ensemble classifier
score
(continuous variable)

−0.18
(p = .002)

0.22
(p = 8.9E−05)

0.25
(p = 4.9E−06)

0.23
(p = 4.5E−05)

0.15
(p = .007)

MMDx Fibrosis ensemble classifier score
(continuous variable)

−0.12
(p = .04)

0.23
(p = 4.5E−5)

0.20
(p = .0003)

0.05
(p = .39)

0.17
(p = .002)

Note: Correlation values >0.2 were highlighted for further study. This cutoff was arbitrarily assigned.

F I G U R E 5 Splines demonstrating the relationships between (A) standardized histology steatohepatitis grades (black line) and molecular
steatohepatitis scores (dotted line, both y-axis) over time posttransplant (days, x-axis) and (B) standardized histology fibrosis grades (dashed
line) and molecular fibrosis scores (grey line, both y-axis) over time posttransplant (days, x-axis). Histologic and molecular measurements
have similar progressions over time posttransplant

1.3E−07
2.3E−07
4.1E−07
4.2E−07
4.5E−07
6.8E−07

P4HA1

IGFBP2

FAM134B

HSD17B11

BLMH

1.2E−07

PRKCE

1.1E−07

1.1E−07

GOSR2

RBM33

1.0E−07

ACOT12

WBP1L

1.0E−07

SLC12A1

7.3E−08

8.3E−08

MPZL2

8.5E−09

8.0E−08

EPPK1

AASS

4.0E−08

H2AFY2

PPM1K

5.2E−09

ZBTB33

1.5E−10

3.3E−09

GOSR2

CNPY3

1.2E−12

TMEM154

p value

3.6E−04

2.7E−04

2.6E−04

2.6E−04

1.7E−04

1.2E−04

1.2E−04

1.2E−04

2.3E−05

1.3E−06

1.2E−04

1.2E−04

1.2E−04

1.2E−04

1.2E−04

1.2E−04

8.2E−05

1.7E−05

1.3E−05

1.9E−08

Bleomycin hydrolase

Hydroxysteroid (17-beta) dehydrogenase
11

Family with sequence similarity 134,
member B

Insulin-like growth factor binding
protein 2, 36 kDa

Prolyl 4-hydroxylase, alpha polypeptide I

RNA binding motif protein 33

WW domain binding protein 1-like

Aminoadipate-semialdehyde synthase

Protein phosphatase, Mg2+

Canopy 3 homolog (zebrafish)

Protein kinase C, epsilon

Golgi SNAP receptor complex member 2

Acyl-CoA thioesterase 12

Solute carrier family 12 (sodium)

Myelin protein zero-like 2

Epiplakin 1

H2A histone family, member Y2

Zinc finger and BTB domain containing
33

Golgi SNAP receptor complex member 2

Transmembrane protein 154

Gene name

173

2554

217

619

314

114

708

87

59

144

214

109

446

16

201

49

90

490

94

67

Expression in steatohepatitis
biopsies
(N = 31)

228

3288

356

1234

595

140

872

160

96

204

131

87

279

10

161

34

68

355

74

41

Expression in all biopsies without
steatohepatitis
(N = 222)

p values as determined in a t test of “steatohepatitis” biopsies vs. “non-steatohepatitis” biopsies. “Non-steatohepatitis” biopsies were those with steatohepatitis grades = 0, while “steatohepatitis” biopsies
were those with grades >0.

Note: The biopsy population with the highest expression in each row is shaded.

Top 10 genes with decreased
expression in steatohepatitis
biopsies

Top 10 genes with increased
expression in steatohepatitis
biopsies

Gene symbol

Adjusted
p value

TA B L E 6 Top 10 unique genes increased and decreased with histologic steatohepatitis ordered by adjusted p value
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(A)

(B)

F I G U R E 6 Volcano plot showing all transcript associations with (A) histologic steatohepatitis vs. all other biopsies and (B) histologic
fibrosis vs. all other biopsies. Fold change and p value cutoffs were selected arbitrarily for the sake of simplifying the number of labeled top
transcripts on each plot. Red transcripts had elevated log2 fold change and the most significant p values

indication biopsies will range from relatively normal to severe dis-

annotated in hepatic fibrosis (e.g., STMN221). Steatohepatitis pheno-

ease, while protocol biopsies are typically only relatively normal. We

types as measured by histologic grades or molecular scores peaked

have compiled these results in Table S3, with highlighting marking

~2–5 years posttransplant before declining while fibrosis scores rose

the significant p values.

steadily. Although previous studies of rejection in liver transplants
assessed 235 biopsies and identified a group of biopsies with tissue

4
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DISCUSSION

injury, this was injury separate from rejection episodes. Here, we assessed injury, regardless of rejection, across an expanded population,
with special focus on steatohepatitis and fibrosis as two common and

This study explored the molecular phenotypes of injury, fibrosis, and

significant liver injury phenotypes. This supervised approach allowed

steatohepatitis in a population of 337 liver transplant biopsies and

us to train on specific liver phenotypes and explore the gene expres-

compared them to biochemical and histologic features. PCA using

sion specifically associated with steatohepatitis and fibrosis.

expression of injury-associated transcript sets as input revealed that

This population of liver transplant biopsies taken predominantly for

PC1 separated all injury from no injury; PC2 separated early injury

indications permits us to identify disease-selective genes rather than

from late injury/fibrosis; and PC3 was moderately correlated with

simply disease-associated genes because it represents a wide range

steatohepatitis and anti-correlated with fibrosis. PC1 scores were

of abnormalities for comparison. Typically, investigators compare dis-

high early and decreased with time posttransplant as donation-

eased and normal tissue to map the disease-associated gene expres-

implantation injury resolved, presumably reflecting the response-to-

sion, but many of these changes in expression are widely shared among

wounding including regeneration. PC2 scores increased steadily with

disease states. Our top steatohepatitis-selective transcripts showed

fibrosis. PC3 scores increased early posttransplant before declining.

little sharing with the 25 differentially expressed genes in steatohep-

Liver function test abnormalities were associated with PC1 and the

atitis recently identified using RNA sequencing21 because they used

extremes of PC2 and PC3. A machine-learning classifier predicted

a different comparator that did not specifically include fibrosis. This

histologic steatohepatitis (AUC = 0.83), positively correlated with

analysis was designed to find steatohepatitis-selective increases or de-

steatohepatitis grades, and weakly anti-correlated with fibrosis. A

creases in gene expression by including many non-specific abnormal-

fibrosis classifier and the PC2 score predicted fibrosis (AUC = 0.74

ities— extensive inflammation, injury, and fibrosis—in the comparator.

and AUC = 0.80, respectively) and positively correlated with fibrosis

For example, while steatohepatitis is mildly inflamed, the inflammatory

grades. The cross-validated scores of these classifiers provided an

features are not selective. Nevertheless, macrophages are associated

independent assessment of steatohepatitis and fibrosis, which were

with steatohepatitis,67 and we found increased expression of macro-

not correlated with each other but coexisted in biopsies with both

phage transcripts and other inflammatory transcripts in steatohepatitis

phenotypes. Transcripts selective for histologic steatohepatitis were

even if such transcripts were not selective for steatohepatitis.

different from early injury or inflammation, and overrepresentation

Overall, steatohepatitis emerged as a metabolic abnormality that

analysis of these transcripts produced pathway terms representing

can progress to fibrosis but remains distinct. In our study, two of

metabolic abnormalities. Many top transcripts selective for histologic

the top 25 steatohepatitis genes21 were significantly associated with

fibrosis were immunoglobulin-associated, similar to those found in

fibrosis: LTBP and STMN2, compatible with the association between

other transplanted organs with fibrosis, and some were previously

steatohepatitis and future fibrosis. Some of our steatohepatitis

3.1E−05
4.0E−05

MAPK14
GFRA1

1.6E−03

1.9E−05

1.1E−05

MTFR1
2.0E−05

1.0E−05

PPP3R1

GFRA1

7.1E−06

GPR180

CXorf57

1.0E−03

5.4E−06

KBTBD11

3.4E−05

2.5E−03

2.2E−03

1.6E−03

1.0E−03

7.6E−04

6.1E−04

2.5E−04

1.6E−06

8.3E−06

8.3E−06

9.2E−08

7.4E−09

IGJ

8.3E−06

7.3E−06

7.2E−06

5.9E−06

3.4E−06

3.4E−06

STX17

6.8E−09

IGKV1-5

3.8E−08
1.7E−07

SLC16A10

6.2E−09

DCDC2

2.5E−09

EPHA3
3.7E−09

1.2E−09

IGKV1-39

4.4E−09

1.0E−09

PAPLN

IGHG1

3.0E−11

NALCN

IGK

3.0E−12

STMN2

p value

GDNF family receptor alpha 1

Mitogen-activated protein kinase 14

Chromosome X open reading frame 57

GDNF family receptor alpha 1

Mitochondrial fission regulator 1

Protein phosphatase 3, regulatory
subunit B, alpha

G protein-coupled receptor 180

Kelch repeat and BTB (POZ) domain
containing 11

Solute carrier family 16, member 10
(aromatic amino acid transporter)

Syntaxin 17

Immunoglobulin J polypeptide

Immunoglobulin kappa variable 1–5

Doublecortin domain containing 2

Immunoglobulin heavy constant gamma
1 (G1m marker)

Immunoglobulin kappa locus

EPH receptor A3

Immunoglobulin kappa variable 1–39
(gene)

Papilin, proteoglycan-like sulfated
glycoprotein

Sodium leak channel, non-selective

Stathmin-like 2

Gene name

84

145

15

164

176

53

58

159

61

239

616

735

71

2245

219

131

572

88

48

36

Expression in fibrosis
biopsies
(N = 51)

99

168

17

201

210

63

73

200

79

279

285

295

42

898

121

75

191

55

34

19

Expression in all biopsies without
fibrosis
(N = 202)

p values as determined in a t test of “fibrosis” biopsies vs. “non-fibrosis” biopsies. “Non-fibrosis” biopsies were those with fibrosis grades ≤1, while “fibrosis” biopsies were those with grades >1.

Note: The biopsy population with the highest expression in each row is shaded.

Top 10 genes with decreased expression
in histologic fibrosis biopsies

Top 10 genes with increased expression
in histologic fibrosis biopsies

Gene symbol

Adjusted
p value

TA B L E 7 Top 10 unique genes increased and decreased with histologic fibrosis ordered by adjusted p value
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F I G U R E 7 Pathway analysis results assessed using Cytoscape BiNGO, and visualized in smaller clusters. (A) Pathway terms (nodes) and
their connections (edges) for transcripts selective for steatohepatitis with p value <0.05 (N = 276) as input. Cellular compartment, molecular
function, and biological process clusters are highlighted for easy visualization, with biological process broken into smaller groups identified
by a parent node. Steatohepatitis pathway terms are unique in the predominance of metabolic terms (see “biological process –metabolism”
[pink] and “biological process –biological regulation” [purple] groups) and the focus on cytoplasmic terms in the “cellular compartment”
(yellow) group. (B) Pathway terms (nodes) and their connections (edges) for transcripts selective for fibrosis (top N = 150 transcripts as input
to reduce the number of nodes and simplify the visualization). Cellular compartment, molecular function, and biological process clusters are
highlighted for easy visualization, with biological process broken into smaller groups identified by a parent node. Fibrosis pathway terms are
unique in the predominance of immunologic terms (see “biological process –biological regulation” [green] group), the focus on extracellular
terms in the “cellular compartment” (blue) group, and the presence of terms found in other models of transplant fibrosis (i.e., kidney and
heart) such as “response to wounding” (see biological process –cellular response [cyan] group). Nodes become darker as they become more
significant in terms of p value, with purple nodes being the most significant and light yellow the least significant

genes (TMEM154, PRKCE, and IGFBP2) were previously annotated in

target for anti-fibrotic therapies.60 STMN2 has also been implicated

but most were not previously identified because

in hepatocellular carcinoma.69 The association of NALCN with fibrosis

of the comparators used as discussed above. These top genes may

recalls how sodium channels were implicated in the development of

be key regulators of metabolic dysregulation in steatohepatitis and

liver diseases where oxidative stress is a significant contributor,70 in-

steatohepatitis,

59

metabolic syndrome. For example, one of our top 10 steatohepatitis-

cluding cirrhosis. PAPLN correlated with liver fibrosis in steatohepatitis

decreased genes protein phosphatase Mg2+/Mn2+ dependent 1K/

patients,64,65 and was overexpressed in severe fibrosis and cirrhosis,

PPM1K is known to reduce hepatic steatosis in rats, raising the pos-

including steatohepatitis at risk of fibrosis.65 Ephrin and its receptors

sibility that low expression in the steatohepatitis-positive biopsies is

such as EPHA3 are involved in fibrosis, angiogenesis, and carcinogene-

a mechanism of steatohepatitis.

68

sis.66 Genes selective for hepatic fibrosis may be of particular interest

Fibrosis development posttransplant in an unselected liver biopsy

in understanding liver fibrosis progression and carcinogenesis.

cohort is related to late graft dysfunction and failure,8 and it is useful

Limitations include interobserver variation in histology. Centers

to examine the drivers of fibrosis in the post-HCV era. Based on our

did not agree to share their biopsies for central review in this IRB-

previous kidney studies, we hypothesize that fibrosis is not an autono-

approved protocol, but the close relationships between the molecular

mous process, but a response-to-wounding triggered by the collective

injury-associated gene expression and histology features is a testa-

burden of injury the liver has experienced. PC2 and the fibrosis classi-

ment to the quality of local SOC assessments, which can take into

fier will be useful in defining fibrosis distinct from rejection, steatohep-

account more clinical information.71,72 Aging may have a role in the

atitis, and injury.8 Both histologic and molecular fibrosis phenotypes

transcript expression found in these analyses, but previous studies

increased steadily with time posttransplant in this predominantly indi-

found no specific aging signal in biopsies with atrophy-fibrosis.58,73,74

cation biopsy population. Rejection vs. non-rejection has no impact on

This supervised approach allowed us to train on specific liver pheno-

the injury-based PCs. Injury can occur in the context of rejection epi-

types and explore the gene expression specifically associated with

sodes, or from other causes. In organ transplants (kidneys, hearts, and

steatohepatitis and fibrosis, and further unsupervised analyses and

lungs) the injury features are related to organ function and outcomes,

questions regarding aging and atrophy-fibrosis are forthcoming in a

whereas untreated rejection activity affects function and outcome

manuscript in preparation. While immunosuppression is related indi-

through organ injury.32 MMDx can now provide two estimates of in-

rectly to the patient's scenario, and thus indirectly to the molecular

jury: the previous estimate

29

which was based on the sharing of mole-

disease states, we have never seen direct effects of immunosup-

cules between the innate immune response and the adaptive immune

pression on the molecular phenotype of indication biopsies of any

response (rejection-associated transcripts) and the present one which

organ. Analyzing immunosuppression data is complicated because it

is based on the parenchymal injury response. These estimates provide

can both influence and be influenced by disease states. We collected

different information, and both will be useful in patient management.

available data from each participating center and examined associ-

While the top genes with increased expression in fibrosis included

ations but found no relationship between administration of various

six immunoglobulin-associated transcripts as expected from fibro-

immunosuppressive regimens and the gene expression in the biopsy,

sis in other organ transplants, four other genes had previously been

or in the PCA. Because of the dynamic changes in the state of recur-

annotated as increased in fibrosis in primary liver diseases: STMN2,

rent hepatitis, we examined the potential effects of excluding these

NALCN, PAPLN, and EPHA3, all of potential interest in the progression

from the analyses. Recurrent hepatitis had no significant association

of liver disease and in carcinogenesis. Hepatic stellate cells are a major

with either the principal components, steatohepatitis classifier, or

source of STMN2,60 a member of the stathmin family of genes that

fibrosis classifier. Deleting recurrent HCV biopsies had no effect on

binds tubulin and destabilizes cellular microtubules,

61

and correlates

Figure 1 (data not shown).

with the stage of fibrosis,60,62,63 including in biopsies with steatohep-

MMDx permits not only a molecular definition of rejection but

atitis. It has been suggested that STMN2 could induce fibrogenesis via

also reveals the molecular phenotypes of other major parenchymal

activation of sympathetic neurotransmitters,62 making it a potential

disorders—early injury, steatohepatitis, and fibrosis. Collecting a
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portion of a biopsy core in RNALater for MMDx analysis offers a
useful addition to conventional assessment. The disease-selective
genes will also be of interest in the future to assess primary liver diseases in native livers such as steatohepatitis. Objective quantitative
assessment by MMDx offers a method for assessing disease severity
and monitoring effects of interventions and has considerable potential to contribute to patient management.
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