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Abstract—Sensitive and predictive DILI (Drug Induced Liver 

Injury) biomarkers are needed in drug R&D to improve early 
detection of hepatotoxicity. The discovery of DILI biomarkers that 
demonstrate the predictive power to identify individuals at risk to 
DILI would represent a major advance in the development of 
personalized healthcare approaches. In this healthy volunteer 
acetaminophen study (4g/day for 7 days, with 3 monitored non-
treatment days before and 4 after), 450 serum samples from 32 
subjects were analyzed using protein profiling by antibody 
suspension bead arrays. Multiparallel protein profiles were generated 
using a DILI target protein array with 300 antibodies, where the 
antibodies were selected based on previous literature findings of 
putative DILI biomarkers and a screening process using pre dose 
samples from the same cohort. Of the 32 subjects, 16 were found to 
develop an elevated ALT value (2Xbaseline, responders). Using the 
plasma profiling approach together with multivariate statistical 
analysis some novel findings linked to lipid metabolism were found 
and more important, endogenous protein profiles in baseline samples 
(prior to treatment) with predictive power for ALT elevations were 
identified. 
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I. INTRODUCTION 
RUG induced liver injury (DILI) is the leading cause of 
drug attrition due to either preclinical toxicity or toxicity 

in man in clinical trials. Moreover, liver injury is among the 
most common causes of acute liver failure in the United 
States, accounting for approximately 13% of all cases [1]. The 
liver is the most exposed organ related to drug toxicity due to 
its metabolizing capacity of exogenous compounds to reactive 
intermediates. These metabolites can cause progressive 
hepaocyte damage, fulminant hepatic failure and in severe 
cases even death if liver transplantation is not performed. 
DILI is often categorized into two different types; type 1 and 
type 2, where type 1 is a dose- dependant state which usually 
is possible to predict, while type 2 is an ideosyncratic 
condition which refers to the combination of genetic and non-
genetic factors that make some patients more susceptible of 
developing injuries [2]. 

From a regulatory perspective; one case of DILI in an entire 
clinical trial population is considered ominous and may reject 
the drug candidate. Indications of drug induced liver injuries 
are thus a major bottleneck in drug development, and inflict 
huge costs for the pharmaceutical industry.  
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To further complicate the issues of drug development and 
DILI, is idiosyncratic DILI incidence is ranging from 5-20 / 
1000 exposed for the more DILI-inducing drugs, to 1-10 / 1 
million exposed to drugs which has very few recordings of 
DILI onset. It is therefore not surprising that DILI is not often 
considered a potential diagnosis when liver dysfunction is 
identified, and this is a major hurdle when clinical studies are 
planned [3]. 

Presently, there is no specific test for DILI, nor any means 
of singling out a DILI-inducing drug among many received, so 
the physician must empirically decide if a certain treatment 
should be terminated or not. In order to clinically define and 
diagnose DILI onset, the main clinical bio-marker used today 
is alanine transferase (ALT). Additional markers are aspartate-
transaminase (AST) and alkaline phosphatase (ALP), where 
ALT and ALP data often are combined in order to estimate the 
type of liver damage. The concentration of the amino 
transferases (ALT, AST and ALP) in plasma, in combination 
with the medical history of the patient and the experience of 
the physician, are the factors that are utilized to diagnose a 
DILI onset [1]. However, amino-tranferases suffer from 
limitations regarding specificity and insensitivity to 
discriminate DILI from other forms of causes of amino-
tranferase elevations, such as muscle tissue breakdown and 
alcohol intake. In addition, it is believed that severe liver 
damage occurs only in a subset of the patients experiencing 
increased levels of trans-aminases. In general, even though an 
elevation in amino-tranferases, some patients (typically 90 %) 
show no or mild signs of liver dysfunctions (adaptation), and 
only a small proportion (<1%) fail to adapt and develop DILI 
are seen [4].  

In order to predict drug disposition and liver toxicity, 
several models have been used [5]. Acetaminophen is known 
to result in severe, dose-dependent liver injury when 
administered in large quantities, and is the leading cause of 
DILI. The drug has been used for many years, and the 
metabolic breakdown of the drug is well documented as well 
as the potential risks of the drug metabolites. It has been 
shown that when the drug is used in therapeutical quantities, 
usually 4 mg per day, some might experience an increase in 
amino-tranferases, although no liver injury is detected. 

The aim of this study is to find alternative bio-markers for 
DILI with better specificity and sensitivity than the existing 
aminotransferases. Further, the new biomarkers should give 
mechanistic insights, information and reliable signals about 
the liver injury.To insert images in Word, position the cursor 
at the insertion point and either use Insert | Picture | From File 
or copy the image to the Windows clipboard and then Edit | 
Paste Special | Picture (with “Float over text” unchecked).  
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II.   MATERIAL AND METHODS 
Urine and blood samples from a cohort consisting of 32 

healthy individuals were collected. The patients were 
administered acetaminophen, 1 mg four times daily, for seven 
days during a 14 day trial. The first 3 days were an 
acclimation period and dosing started on day four and ended at 
day 10. Day 11 to 14 composed a recovery phase. Clinical 
parameters, such as ALT and AST were measured and 
recorded throughout the study [6]. The maximum ALT level 
during the trial was used to stratify the samples into two 
different strata; non-responders, and responders. The peak 
ALT-value was compared to the mean value from the three 
acclimation days and the cutoff was peak ALT value <1.5 * 
mean baseline values for non-responders and peak ALT value 
>2 times the baseline values for the responders. 

A. Data Generation 
Protein expression data was collected using a bead based 

solution assay [7]. 300 antibodies were related to DILI and 
liver specific expression based on literature knowledge, RNA-
transcriptional data, protein expression data using the human 
protein atlas, and protein expression data from a previous 
experiment using pre dose samples from day one (data not 
shown). In short, antibodies were coupled to beads with a 
unique identity which can be identified and quantified using a 
flourometer. The samples were labeled using biotine and once 
the antibodies had been pooled with the samples and washed; 
streptavidin was used to quantify the relative amount of 
antibodies that has an interaction to the target proteins. The 
amount of expression is estimated by using the median 
intensity per antibody for all beads that are recorded by the 
flourometer. In all, 300 protein expression values per sample 
were measured and collected.  

B.  Data Analysis 
The intensity data were normalized using probability 

quotient normalization [8] and potential biases were evaluated 
using principal component analysis [9].  

Since the data have longitudinal characteristics, a general 
mixed model was applied. The model was used on two 
different sets of data, one where all samples were included and 
a second where the recovery phase was excluded. 

 In addition, the data was analyzed using three classifying 
procedures (partial least squares discriminant analysis (pls-
da)[10], random forest [11] and receiver operator statistics 
(ROC)). These three methods were applied cross-sectionally 
using data stratified into four different time spans; pre dose 
(day 1-3), early dose (day 4-6), late dose (day 7-9) and post 
dose (day 11-14) where measurements for each patient were 
averaged within the time span.  

The models were applied using the lme4-package and the 
R-software (cran.r-project.org). Pls-da and random forest were 
applied using the randomForest- and the caret (classification 
and regression training) –packages [12]. Using the caret 
functions, the maximum number of components in pls-da was 
set to 18 and number of trees in randomForest was set to 2000. 
Prior the classification procedure the variables were 
preprocessed, (scaled and centered) using the preprocess and 
predict functions in the caret package.  

Using the abovementioned methods, p-values and the 
coefficients from the generalized linear models as well as the 
variable importance values from the classifiers were 
calculated. For further evaluation of data and selection of 
proteins, the p-value cutoff for the mixed models was set to 
0.05 (following multiple adjustments) and the variable 
importance cutoff was selected based on a random sampling 
procedure. In this procedure all samples were randomly 
assigned and used as input to the classifiers and the variable 
importance was calculated. This was iterated 1000 times and 
the distribution of variable importance’s was compared with 
the variable importance value from the model using the correct 
sample stratification. If the variable importance was within the 
5 % quintile the protein was selected for further analysis. 

The proteins that were selected from the analysis procedure 
were further investigated by using Ingenuity Pathway Analysis 
using default parameters [13]. 

 

III. RESULTS 
Analyzing 300 proteins, 10 of them were found 

significantly changed across time and between groups using 
the mixed models across all days and 5 for the reduced data. 
Two examples of significant variables are shown in Fig. 1. 

 

 
Fig. 1 Two examples of mixed models. The plot to the left shows data from a 
variable significant across days and the right plot depicts a variable significant 

for the interaction between individual status and time. The lines are  linear 
regression and a lowess fit (solid line) 

 
The number of variables that were in the 95 percentile for 

each specific variable importance distribution using the plsda 
classifier distributions was 27 across the different time strata. 
The correlation between the different classification model and 
the variable importance is depicted in Fig. 2. 
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Fig. 2 The correlation between different classifiers 

 
The overlap between days for the plsda classifying model is 

depicted in a venndiagram in Fig. 3. 
 

 
 
Fig. 3 All variables found as significant using the plsda classifier. 

The variables were selected based on iterative comparisons of 
variables originating from the model with correct class partitioning 
and the models with randomly sampled data. The 95:th percentile 

was used as cutoff value 
 

The union of all the significant variables was analyzed 
regarding biological context in Ingenuity Pathway Analysis 
(REF) were the top ranked canonical pathways and bio 
functions were related to conversion and homeostasis of lipids. 
There were also significant pathways related to amino acid 
perturbations. 

IV. DISCUSSION 
Using cross-sectional t-tests, none of the antibodies used as 

proxy for protein expression showed any significant change 
between the two groups at any time point. Although the 
difference in ALT-levels between the two groups is small and 
that the dose given is at therapeutic amounts, a subset of 
proteins was expected to differ between the groups. By 

applying power analysis, it was shown that the difference in 
protein expression had to be quite substantial due to both the 
relatively small number of patients and the inherent variability 
of the antibodies. By applying methods which utilize all the 
data (generalized mixed models) and multivariate methods we 
still managed to distinguish a few interesting proteins among 
the 300 investigated. In order to increase the power of the 
analysis more samples have to be included since the inherent 
variability of the antibodies is a fixed atribute. To estimate the 
variability make more technical replicates could be included if 
possible. These estimations could be utilized to select which 
antibodies to include in an additional experiment and to 
exclude antibodies with high variance. By reducing the total 
number of different antibodies, antibodies targeted towards the 
same protein could be included and the estimations of protein 
abundance in plasma should be more accurate. 
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