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Abstract  52 

Early diagnosis of drug-induced liver injury (DILI) continues to be a major hurdle during 53 

drug development and post marketing. The objective of this study was to evaluate the 54 

diagnostic performance of promising biomarkers of liver injury - glutamate 55 

dehydrogenase (GLDH), cytokeratin-18 (K18), caspase-cleaved K18 (ccK18), 56 

osteopontin (OPN), macrophage colony-stimulating factor (MCSF), MCSF receptor 57 

(MCSFR), and microRNA-122 (miR-122) in comparison to the traditional biomarker 58 

alanine aminotransferase (ALT). Biomarkers were evaluated individually and as a 59 

multivariate model in a cohort of acetaminophen overdose (n=175) subjects and were 60 

further tested in cohorts of healthy adults (n=135), patients with liver damage from 61 

various causes (n=104), and patients with damage to the muscle (n=74), kidney (n=40), 62 

gastrointestinal tract (n=37) and pancreas (n=34). In the acetaminophen cohort, a 63 

multivariate model with GLDH, K18 and miR-122 was able to detect DILI more 64 

accurately than individual biomarkers alone. Furthermore, the three-biomarker model 65 

could accurately predict patients with liver injury compared to healthy volunteers or 66 

patients with damage to muscle, pancreas, gastrointestinal tract and kidney. Expression 67 

of K18, GLDH ad miR-122 was evaluated using a database of transcriptomic profiles 68 

across multiple tissues/organs in humans and rats. K18 mRNA (Krt18) and MiR-122 69 

were highly expressed in liver whereas GLDH mRNA (Glud1) was widely expressed. 70 

We performed a comprehensive, comparative performance assessment of seven 71 

promising biomarkers and demonstrated that a three-biomarker multivariate model can 72 

accurately detect liver injury.   73 
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Introduction 74 

Drug-induced liver injury (DILI) is a major concern for patients, clinicians, regulatory 75 

agencies and drug makers, as it is the leading cause of acute liver failure among 76 

patients referred for liver transplantation (Bernal and Wendon 2014; Przybylak and 77 

Cronin 2012). The annual incidence of DILI is about 14-24 per 100,000 people 78 

(Bjornsson et al. 2013; Sgro et al. 2002; Shen et al. 2019). An overdose of 79 

acetaminophen (APAP/paracetamol) is the most common cause of DILI and acute liver 80 

failure in the US and Europe (Stravitz and Lee 2019). DILI is also a leading cause of 81 

compound attrition during drug development, and drug withdrawals and restrictions after 82 

drug approval and marketing (Kullak-Ublick et al. 2017) (Onakpoya et al. 2016). 83 

Although idiosyncratic and intrinsic DILI have different pathophysiologies, many 84 

biomarkers likely overlap in their ability to detect DILI.  A large effort is currently under 85 

way in academia, industry and via public-private partnerships to identify early, sensitive 86 

and specific translational biomarkers for diagnosis and prognosis of DILI in humans. 87 

Furthermore, the Food and Drug Administration (FDA) has a renewed interest to 88 

expand guidance on biomarker research to determine hepatotoxic liability of drugs and 89 

avenues for biomarker regulatory qualification opportunities.  90 

 The current DILI biomarkers are a combination of serum alanine 91 

aminotransferase (ALT) and aspartate aminotransferase (AST) which are general 92 

indicators of hepatocellular injury, serum alkaline phosphatase (ALP) which is partially 93 

predictive of cholestatic liver injury, and total bilirubin (TBL) concentration which is 94 

frequently used to predict global liver function (Church et al. 2019; Shi et al. 2010). It is 95 

widely accepted that current diagnosis of DILI relies on biomarkers which lack sufficient 96 
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specificity and sensitivity for detecting liver injury and therefore, there is a need for 97 

development of better biomarkers (Shi et al. 2010), especially those that can be used 98 

both in preclinical and clinical studies for drug development. 99 

Promising biomarkers for diagnosis of DILI, that have also been supported by the 100 

FDA, include total cytokeratin 18 (K18), caspase cleaved K18 (ccK18), macrophage 101 

colony-stimulating factor (MCSF), MCSF receptor (MCSFR), osteopontin (OPN), 102 

glutamate dehydrogenase (GLDH) and microRNA-122 (miR-122)(Church et al. 2019; 103 

Roth et al. 2020). Although these biomarkers have been evaluated in pre-clinical and 104 

clinical studies, a comprehensive study to quantitatively evaluate the performance 105 

characteristics of all 7 candidate biomarkers individually and in combination has not 106 

been performed. Therefore, the objective of this study was to evaluate the sensitivity 107 

and specificity of these promising safety biomarkers individually and in combination for 108 

detecting liver injury using acetaminophen overdose and cross-sectional cohorts of 109 

patients with liver damage due to diverse etiologies. Specifically, our aims were to 1) 110 

compare the diagnostic performance of the seven DILI biomarkers in patients with 111 

acetaminophen overdose (APAP, n=175); 2) apply random forest modeling to train, test 112 

and validate a multivariate model with top performing biomarkers to predict ALT; 3) 113 

independently confirm the performance of biomarkers individually and as a multivariate 114 

model in a cross-sectional  study involving patients with clinically established liver 115 

damage (n=104) as well as patients with other organ damage (n=185) and healthy 116 

volunteers (n=135).  117 
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Brief Experimental Procedures (Details provided in Supplementary Materials) 118 

Study Populations  119 

 Acetaminophen overdose study participants: Ethical approval for this study was 120 

provided by London - South East Research Ethics Committee (18/LO/0894) 121 

(ClinicalTrials.gov identifier: NCT03497104). Patients presenting to Royal Infirmary of 122 

Edinburgh, UK (RIE) following acetaminophen overdose, who met the inclusion criteria, 123 

were asked to provide informed consent to participate in the prospective, 124 

acetaminophen overdose cohort study and their demographics and blood results were 125 

recorded. Although the current consensus for defining DILI is an ALT value ≥ 5x upper 126 

limit of normal (ULN)  (Aithal et al. 2011), in this study a cutoff of three times the upper 127 

limit of normal (≥ 3x ULN) ALT (150 U/L) was used as this is consistent with prior 128 

studies(Starkey Lewis et al. 2011) and because the FDA has defined an ALT ≥ 3x ULN 129 

of study patients compared to controls as a potential signal of DILI during drug 130 

development in particular(Senior 2014). A cutoff of > 1 ULN ALT (> 50 U/L) was also 131 

explored. Serum was collected at three timepoints, baseline (T1, n = 175), T2 (n = 127) 132 

and T3 (n = 81). T1 was collected when the patient was admitted to the hospital, 4.6 133 

hours (IQT: 4.1, 10.7) after ingestion of acetaminophen. The median collection time for 134 

T2 was 12.7 hours (IQT: 9.2, 14.1) after T1, and the median for T3 was 22.9 hours (IQT: 135 

19.8, 24.2) after T1.  136 

Cross-sectional cohort study participants: Patient samples were collected from the 137 

University of Michigan health care system with informed consent (IRB approval # HUM-138 

44422). Patient cohorts were selected based on their individual disease states, their 139 

serum chemistry values and medical adjudication of their clinical files. Liver damage 140 
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patients were determined by utilizing the EWG definition (≥5x ALT ULN, or ≥2x ALP ULN, 141 

or ≥3x ALT ULN and ≥2x total bilirubin ULN) and medical adjudication demonstrating 142 

various liver damage etiologies. Healthy subjects were selected as those having normal 143 

ranges of ALT (< 35 U/L), AST (8 – 30 U/L), ALP (0.2 – 1.2 mg/dL), total bilirubin (0.2 – 144 

1.2 mg/dL), glucose (73 – 100 mg/dL), blood urea nitrogen (8 – 20 mg/dL), serum 145 

creatinine (0.5 – 1.0 mg/dL for females and 0.7 – 1.3 mg/dL for males), and creatine 146 

kinase (26 – 180 U/L for females and 38 – 240 U/L for males). Subjects with clinically 147 

demonstrable liver damage typically included those with accidental acetaminophen 148 

overdose, ethanol toxicity, drug abuse, transaminitis (elevated transaminases without 149 

other evidence of liver injury), metastatic liver disease (diagnosed by biopsy or 150 

histopathology after resection), cirrhosis, and liver impairment (Hepatitis B or C, hepatic 151 

graft vs host disease). The metastatic group is comprised of 12 different sites of origin of 152 

the primary cancers.  Represented by adrenal, breast, cholangiocarcinoma, colon, 153 

endometrial, kidney, liver, melanoma, ancreatic, pleomorphic sarcoma, prostate and 154 

rectal.  No single primary cancer site is represented by more than 4 patients of the 27 in 155 

this cohort. Some subjects exhibited multiple types of liver injury for example, a subject 156 

could be represented in both categories of drug induced liver injury and acute liver failure. 157 

Muscle Injury was diagnosed by either i) medical adjudication, ii) a muscle biopsy, iii) 158 

genetic testing or iv) clinically determined injuries, which may include, but are not limited 159 

to, Primary Disorders of Muscle (Dystrophies, Myotonic Disorders, Congenital 160 

Myopathies and Mitochondrial Myopathies) and Toxic Myopathies (Drug, Alcohol and 161 

Toxicants), as exhibited by, myositis (inflammatory muscle injury), neurogenic atrophy, 162 

necrotizing inflammatory muscle injury, chronic severe atrophy, AAF, type II fiber atrophy, 163 
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nuclear myobags, denervation atrophy, and increased lipids in myofibers. Subjects 164 

demonstrating Pancreatitis (Acute, Chronic, Hereditary) were diagnosed by either i) 165 

Persistent Severe Epigastric Pain, ii) Diagnostic Armamentarium [Endoscopic Ultrasound 166 

(ES), Magnetic Resonance Cholangiopancreatography (MRCP), Computerized 167 

Tomography (CT) or Transabdominal ultrasound] iii) Clinically Demonstrable Deficiencies 168 

or iv) Amylase or Lipase 3x ULN. Subjects demonstrating Gastrointestinal abnormalities 169 

were diagnosed by either i) Endoscopy, ii) Sigmoidoscopy or iii) Colonoscopy, or iv) 170 

Clinically Demonstrable Deficiencies, which could include, but is not limited to, 171 

Gastroesophageal Reflux Disease (GERD), Esophagitis, Irritable Bowel Syndrome (IBS), 172 

Celiac Disease, Crohn’s Disease, Ulcerative Colitis, Ulcerative Pancolitis, Ulcerative 173 

Proctosigmoiditis and Appendicitis. Subjects having Chronic Kidney Disease (CKD) were 174 

diagnosed by either i) Biopsy-Proven or ii) Clinically Demonstrable Deficiencies, which 175 

could include, but are not limited to, Diabetes, High Blood Pressure, Glomerulonephritis, 176 

Interstitial Nephritis, Polycystic Kidney Disease and Malformations, as exhibited by, CKD 177 

stage II – V, End Stage Renal Disease (ESRD) and patients on Dialysis. Patients were 178 

excluded from a cohort if they had any ongoing health problems or immunological flares 179 

that could influence liver health, or if they had additional organ injury outside their included 180 

cohort. Traditional organ damage biomarkers such as aspartate amino transferase (AST) 181 

and alkaline phosphatase (ALP) for liver; lipase and amylase for pancreas, blood urea 182 

nitrogen (BUN) and creatinine for kidney; and creatinine kinase enzyme activity for 183 

muscle damage were elevated in their respective clinically diagnosed organ damage 184 

cohorts (Supplementary Figure 5). All human serum was collected in serum separator 185 
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tubes, aliquoted, frozen at -80°C and sent to Pfizer’s Drug Safety Research and 186 

Development’s Biomarker Laboratories for biomarker analysis. 187 

 188 

Biomarker Measurements 189 

Clinical chemistry parameters ALT, GLDH, AST, ALP, TBIL, Lipase, AMYL, 190 

GLUC, BUN, CREA, CK were evaluated using a Siemens Advia 1800 chemistry 191 

analyzer. 192 

Protein biomarkers: K18 and ccK18 were measured by SpectraMax 500 from 193 

Molecular Devices using CK_M65 EpiDeath® ELISA kit and CK_M30 Apoptosense® 194 

ELISA kit respectively (Manufacturer: PEVIVA AB, Bromma, Sweden; Distributor: 195 

DiaPharma, West Chester Township, Ohio, catalog numbers 10040 and 10010). M65 196 

assay can detect full length, nonapoptotic and apoptotic fragments of K18 while M30 197 

assay detects only caspase-cleaved fragments of K18 (Ku et al. 2016). MCSF and OPN 198 

were measured by electro-chemiluminescent using Meso Scale Discovery (MSD) Kits 199 

(catalog number K151XRK-1 and K151HJC-2) and light intensity signal was detected by 200 

Meso Sector S600, Model 1201.  MCSFR was measured by fluorescent labeled 201 

microbeads using Luminex Magnetic MultiPlex Human MCSFR kit (R&D Systems Inc., 202 

Minneapolis, Minnesota, catalog number LXSAHM-01) and the fluorescent signal was 203 

detected by Bio-Plex 200, Model Luminex XYP. Biomarker assays were performed 204 

according to manufacturers’ protocols with a few modifications. The serum biomarker 205 

values were calculated using a 6 to 9 point five-parameter logarithmic standard curve 206 

(Supplementary Figure 1). 207 
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MicroRNA-122: Total RNAs from 100 μl plasma/serum were purified by Qiagen’s 208 

miRNeasy kit (Valencia, CA, USA) according to the manufacturer’s protocol and a total 209 

final 20 μl of the purified RNAs was eluted. To remove possible heparin contamination, 210 

6 µl of extracted RNA was added to a master mix consisting of 2 µl of 10x reaction 211 

buffer (New England Biolabs, Ipswich, United Kingdom), 10.75 µl of RNA free H2O, 0.25 212 

µl of Heparinase I (New England Biolabs, Ipswich, United Kingdom) and 1 µl of RNase 213 

inhibitor (Promega, WI, United States). Samples were incubated for 1 hour at 30°C 214 

followed by 1 minute at 99°C. Samples were stored at -80°C. Five μl of the purified 215 

miRNA was subjected to ddPCR quantification. Three step reactions were employed in 216 

the quantification of miRNAs. First, a poly(A) tail was added to the miRNAs using a 217 

poly(A) enzyme from New England Lab. Next, polyadenylated miRNAs were transcribed 218 

to cDNA by reverse transcriptase (MultiScribe™, Applied Biosystems) with poly(T) 219 

oligos containing an adapter primer sequence. The cDNA was then quantified with 220 

specific forward (5’-GCTGGAGTGTGACAATGGTGTT-3’) and universal reverse ( 5’-221 

TTTCGGCTGCCATGTACGTTTTTTTTTTVN-3’) primers using Eva-green in droplet 222 

digital PCR (ddPCR). All primers were acquired through Integrated DNA Technologies 223 

(IDT, Coralville, Iowa). Circulating miR-122 was assayed in singleton by QX200 ™ 224 

Droplet Digital ™ PCR System from Bio-Rad using Evagreen-based detection method.  225 

The performance of miR-122 in ddPCR was evaluated to determine assay sensitivity, 226 

range of the assay, reproducibility, dilutional linearity, and freeze-thaw stability. 227 

Performance characteristics are described in the supplemental materials.   228 

 229 

Statistical Analysis  230 
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Area under the curve analysis 231 

Global predictivity across potential cutoffs for any single biomarker was assessed 232 

using the AUC (Area Under the Curve) of the Receiver Operator Characteristic (ROC) 233 

curve. The ROC curve plots the False Positive Rate horizontally versus the True 234 

Positive rate vertically, which represents, respectively, the fraction of actual control 235 

samples (e.g., healthy) predicted to be cases (e.g., liver injury), and the fraction of 236 

actual case samples predicted to be cases.  The curve is generated by visiting every 237 

distinguishable cutoff, which corresponds to a cutoff between every pair of adjacent 238 

unique sorted values in the observed biomarker dataset.  An AUC of 1.0 represents 239 

perfectly separable cases and controls, while an AUC of 0.5 represents predictability no 240 

better than random guessing.  241 

For each biomarker, we assessed the distinguishability of liver injury as cases 242 

versus healthy subjects as controls by calculating the AUC for that biomarker as 243 

calculated from the auc function using the pROC package in R (R Core Team, 2019) (R 244 

Development Core Team 2019).  The significance levels of the AUC values were 245 

evaluated using the roc test() function in that same package, using the default DeLong 246 

method(DeLong et al. 1988) for comparing AUCs from two datasets. Here, the p-value 247 

of a single AUC was evaluated by using roc test() to compare it to the AUC of the null 248 

set for the same biomarker values, where the null set was generated by randomly 249 

permuting the case and control labels of the biomarker values. To evaluate biomarker 250 

specificity for liver injury, AUCs were also evaluated via the same method using other 251 

organ injury cohorts as controls against the liver injury cohort as cases. Using roc test() 252 

as above, we were also able to assess the statistical significance of AUC differences 253 
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between different biomarkers, as well as for comparisons between different control 254 

cohorts vs. liver injury for the same biomarker.  255 

Multivariate modeling 256 

To evaluate the predictivity of a panel of the candidate biomarkers (GLDH, K18, miR-257 

122, OPN, ccK18, MCSFR and MCSF) to predict the measured ALT activity value, 258 

multivariate models were built using the baseline (T1) APAP overdose patient data.  259 

First, the natural logarithm of ALT was used as the dependent variable and candidate 260 

biomarkers were used as predictors.  Random forest and linear regression models were 261 

then built to assess the predictivity of the biomarker panel, i.e. composite score. 262 

Importance values were generated from the random forest modeling. All biomarker 263 

values were generally comparable between timepoints and the difference in biomarker 264 

kinetics were not expected to influence the modeling.  265 

Biomarker selection was based on their importance value > 20 (scaled maximum 266 

score is 100). Next, thresholds of predicted log(ALT) were used to categorize subjects 267 

into DILI or non-DILI given the condition that sensitivity > 0.95 at T2 . DILI was defined 268 

as ALT≥150 U/L (≥ 3x ULN) or ALT>50 U/L (> 1x ULN). The threshold of 50 U/L was 269 

used as the ULN as this is the locally defined ULN at RIE. After the model was built with 270 

baseline data (training set) and a threshold was chosen at T2, the model was validated 271 

using T3 data.   272 

Random forest was chosen as an optimal model based on the following considerations: 273 

 Correlation coefficient between score (predictive log(ALT)) and measured 274 

log(ALT) in both testing set (T2 data) and validation data set (T3 data). 275 
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 Number of false positives given a sensitivity > 0.95 in the testing data set; at the 276 

same time, defined a DILI threshold to evaluate in the validation data set (T3 277 

data). 278 

Since models were built at baseline, with thresholds decided based on timepoint 2, and 279 

validation conducted on data from T3 with the same set of patients, models were also 280 

tested in the cross-sectional cohort as an independent data set to evaluate model 281 

performance. 282 

 283 

  284 
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Results 285 

Analysis of candidate biomarkers in cohort of patients with acetaminophen 286 

overdose  287 

Promising liver injury biomarkers glutamate dehydrogenase (GLDH), cytokeratin 18 288 

(K18), caspase-cleaved K18 (ccK18), microRNA-122 (miR-122), osteopontin (OPN), 289 

macrophage colony-stimulating factor (MCSF) and MCSF receptor (MCSFR) were 290 

evaluated for their ability to predict ALT in a cohort of patients with acetaminophen 291 

(APAP) overdose (n=175) (Supplementary Table 2) at three timepoints. A random forest 292 

model to predict ALT was trained, tested and validated on this APAP overdose cohort 293 

using GLDH, K18 and miR-122 as they had a high importance value as determined by 294 

the random forest model (100, 88.05, 54.57 respectively) relative to OPN, ccK18, 295 

MCSFR and MCSF (16, 15.21, 8.27 and 0 respectively). Consistent with prior APAP 296 

cohort studies (13) and because ALT ≥ 3x ULN may be a potential signal of DILI during 297 

drug development in particular (14), we first evaluated the predictability of the model 298 

using an ALT cutoff of ≥150 U/L. GLDH, K18 and miR-122 concentrations were 299 

elevated at all timepoints in APAP overdose subjects with ALT≥150U/L compared to 300 

APAP exposed patients with ALT<150U/L, with few exceptions (Figure 1A). Using 301 

baseline (T1) data to train the model with GLDH, K18 and miR-122 (also referred to as 302 

the three-biomarker model), the composite score (i.e. predicted log ALT) produced by 303 

this model was highly correlated (R = 0.921) with measured ALT activity (Figure 1B). 304 

The model was then tested at the second timepoint (T2) (Figure 1C) and validated at 305 

the third timepoint (T3) (Figure 1D). The composite score highly correlated with 306 

measured log ALT activity at T2 and T3 and the correlation coefficients (0.905 and 307 
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0.922, respectively) were comparable to those from the training data (T1), suggesting 308 

generalizability of the model. With the objective of maximizing sensitivity (fixed at ≥ 309 

0.95), the composite score threshold was set at the lowest composite score (4) in 310 

subjects with ALT ≥ 150U/L in the testing data set (Figure 1C). In general, when the 311 

values of two or three of the biomarkers were high, the patient tended to have a high 312 

composite score (Supplemental figure 2). The composite scores at each timepoint 313 

demonstrated high specificity, with few false positives with an ALT cutoff of ≥150U/L 314 

(Figure 1E, F) or >50U/L (Supplemental table 4). Furthermore, all seven-biomarkers 315 

were used in the multivariate model and were evaluated with a cutoff of ALT ≥ 150U/L 316 

(Supplemental Figure 3, Table 1) and > 50U/L (Table 1, Supplementary table). In this 317 

cohort, the specificity and positive predictive value (PPV) of the models were similar 318 

between the three- and seven- biomarker models when using a cutoff of either ALT ≥ 319 

150U/L or > 50U/L.  320 

In addition to random forest, we also evaluated a linear regression approach to 321 

develop a multivariate model for predicting ALT. Values of the receiver operator 322 

characteristic area under the curve (ROC AUC) suggest comparable predictivity 323 

between the two approaches at T1, T2, T3 (random forest ROC AUC = 0.99, 0.99, 1.00 324 

and linear regression ROC AUC = 0.98, 0.98, 0.99 respectively).   However, in cases of 325 

significant class imbalance (the total number of a class of data is far less than the total 326 

number of another class of data), it is recognized the ROC AUC values can sometimes 327 

be overoptimistic (Davis and Goadrich 2006). With that in mind, we also computed the 328 

Precision-Recall curve (PRC) AUC values for both approaches.  Where ROC curves 329 

summarize the tradeoff between sensitivity and specificity, P-R curves summarize the 330 
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tradeoff between sensitivity (“recall”) and positive predictive value (“precision”).   The 331 

results at T1 (random forest PRC AUC = 0.86 and linear regression PRC AUC = 0.61) 332 

suggest an advantage to the random forest approach. PRC AUC are similar at T2 and 333 

T3 between the random forest (PRC AUC = 0.91, 1.00) and linear regression (PRC 334 

AUC = 0.90, 0.97) approaches. While the composite score using a linear regression 335 

model correlated with ALT (R=0.83, R=0.91, R=0.94 for T1, T2 and T3 respectively), 336 

there were more false positives (Supplemental Figure 4) compared to the random forest 337 

model. Therefore, we focused on the results from the random forest model only. 338 

To compare the performance of individual biomarkers to the models, sensitivity 339 

was set to ≥ 0.95 and specificity was compared (Table 2) within each timepoint or injury 340 

damage cohort. The threshold was determined by maximizing the specificity given 341 

sensitivity >= 0.95 within each timepoint or injury damage cohort.  Consistent with the 342 

above findings, the three and seven biomarker model had similar specificities and in 343 

general, were higher than the individual biomarkers. K18 had a higher specificity than 344 

any other biomarkers at each timepoint and slightly lower specificity than the three and 345 

seven-biomarker models, suggesting that K18 might be a sufficient standalone liver 346 

injury biomarker.  347 

 348 

Performance characteristics of biomarkers in a cross-sectional cohort of patients 349 

with liver injury  350 

The performance characteristics of the 7 candidate liver injury biomarkers and 351 

multivariate model in comparison with the traditional biomarker, ALT, was further tested 352 

in an independent cross-sectional study with healthy volunteers (n=135) and patients 353 
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with damage to liver (n=104), muscle (n=74), pancreas (n=34), GI (n=37), and kidney 354 

(n=40). Liver damage patients included transaminitis (n=54), metastatic liver disease 355 

(n=27), drug induced (n=24), cirrhosis (n=20), alcoholic (n=15), hepatitis (n=12), liver 356 

transplant (n=9) and acute liver failure (ALF) (n=4) (Supplemental methods, 357 

Supplemental Table 3, Supplemental Figure 5). All 7 measured candidate liver injury 358 

biomarkers as well as ALT were elevated in patients with liver damage relative to other 359 

organ damages (Figure 2A). Of these biomarkers, GLDH, K18 and miR-122 had a 360 

greater fold-increase (7.3-, 12.0- and 6.3-fold, respectively) in liver damage over healthy 361 

volunteers than ALT (5.3-fold). Candidate biomarkers were also stratified by the type of 362 

liver damage (Figure 2B). Biomarkers tended to be highest in patients with ALF, drug-363 

induced liver injury, and transaminitis (elevated transaminases without other evidence of 364 

liver injury). As previously reported(Church et al. 2019), GLDH activity showed a 365 

positive correlation with ALT activity (Figure 2C). K18, ccK18 and miR-122 levels were 366 

also positively correlated with ALT activity (Figure 2C) suggesting that these biomarkers 367 

positively associate with ALT. MCSF and MCSFR levels did not correlate with ALT 368 

activity (r=-0.043, p=0.66; r=0.1512, p=0.125 respectively) and OPN levels did not 369 

correlate with ALT activity (r=-0.2086, p=0.0336).  370 

 For each biomarker, we assessed the distinguishability of liver damage (cases) 371 

versus healthy subjects (controls) by calculating the area under the receiver operator 372 

characteristic curve (AUC) for each biomarker. K18 achieved near complete separation 373 

between patients with liver damage and healthy subjects with an AUC of 0.98 (Table 2, 374 

Figure 3A, Supplemental Table 4). MCSF achieved an AUC of 0.97, whereas ALT 375 

achieved an AUC of 0.93, and GLDH, ccK18, MCSFR, OPN and miR-122 demonstrated 376 
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AUCs of 0.87 – 0.92.  K18 also distinguished patients with liver damage from those with 377 

GI tract, pancreatic, muscle and kidney damage (AUC = 0.959, 0.963, 0.937, and 0.90, 378 

respectively) (Supplemental Table 5). However, the K18 AUC for liver vs kidney 379 

damage subjects was only 0.90. By comparison, ALT had similar AUC values in healthy 380 

compared to GI tract, pancreas and kidney, but was significantly reduced (p = 7.2e-05) 381 

when compared to the muscle damage patients. We also assessed the statistical 382 

significance of AUC differences between different biomarkers using the same 383 

comparison cohorts. When comparing AUCs, K18 was superior in terms of sensitivity 384 

and specificity over ALT and GLDH in diagnosing liver damage compared to healthy 385 

volunteers, GI tract and muscle damage patients (Figure 3A). K18 outperformed ALT for 386 

liver damage in all cohorts except kidney injury where they were similar. GLDH only 387 

outperformed ALT for muscle injury. ccK18 did not outperform ALT in any cohort. MCSF 388 

outperformed ALT for healthy, GI tract, and muscle but not for pancreas and kidney. 389 

MCSFR only outperformed ALT for GI tract. Overall, in this cross-sectional analysis, 390 

GLDH, K18, and miR-122 were more sensitive and specific compared to other 391 

biomarkers in a liver damage patient cohort.  392 

The cross-sectional cohort of patients with liver damage, other organ damage 393 

and healthy volunteers was used as an independent validation data set for the 394 

multivariate models. The models were constructed to predict ALT with the APAP 395 

overdose cohort and therefore, we used the same composite score thresholds defined 396 

in the APAP cohort for validation in the cross-sectional cohort. The three-biomarker 397 

model was able to achieve near perfect separation between patients with liver injury and 398 

healthy volunteers (Table 1) and composite scores were highly correlated with the 399 
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measured log ALT (Figure 3B). The model exhibited strong predictability as reflected by 400 

the ROC AUC (Figure 3C, Table 1) when comparing liver damage to healthy or other 401 

organ damage cohorts. When setting the sensitivity ≥ 0.95 and comparing the individual 402 

biomarkers to the models, K18 had a similar specificity to the three-biomarker model 403 

(Table 2). The seven-biomarker model had a higher specificity for identifying patients 404 

with liver damage than the three-biomarker model or any individual biomarker alone 405 

(Supplemental figure 6). Of ALT, K18, GLDH and miR-122, K18 has the highest 406 

specificity in the cross-sectional data, consistent with findings in Figure 3A. In the case 407 

of setting the specificity to 0.95, in this cohort of 104 patients with liver damage, ALT, 408 

GLDH, K18 and miR-122 would correctly identify 83, 82, 98 and 80 patients, 409 

respectively. CcK18, MCSF, MCSFR and OPN would correctly identify 73 94, 75 and 89 410 

patients respectively. The three biomarker and seven biomarker panel would correctly 411 

identify 101 and 103 patients, respectively. If the three-biomarker model composite 412 

score threshold was lowered and set based on an ALT of > 50U/L as defined in 413 

supplemental figure 3, the number of false negatives decreased (Supplemental Table 414 

4). Patients with liver damage in the cross-sectional cohort contained multiple different 415 

types of liver disease and some had low ALT measurements (diagnosed using >2x ULN 416 

ALP), which may be why the lower threshold performed better. The predictability of the 417 

model was also enhanced when all 7 biomarkers were included (Supplemental Table 4; 418 

Table 1). The linear regression three biomarker model as defined in the APAP cohort 419 

performed slightly better (Supplemental Figure 7) than the random forest (Figure 3) 420 

when independently validated in the cross-sectional liver damage cohort.   421 



21 

 

 

In summary, the three-biomarker model with GLDH, K18 and miR-122 was 422 

trained, tested and validated in the acetaminophen overdose cohort, demonstrated high 423 

predictability of ALT and accurately identified liver damage subjects in an independent 424 

validation cohort.    425 

 426 

Expression patterns of K18, GLDH and miR-122 in humans and rat  427 

K18 protein and gene expression was evaluated in healthy and injured human 428 

livers. Using immunohistochemistry and in-situ hybridization we found that in both 429 

normal (n = 5) and diseased livers (n=5), K18 protein and mRNA were consistently and 430 

highly expressed in bile duct epithelium and in peri-portal hepatocytes (Supplemental 431 

figure 8A). Expression in midzonal and centrilobular hepatocytes was also observed, 432 

however this was more variable both within and across samples.  433 

To evaluate the physiological gene expression profiles of KRT18 (gene for K18) 434 

and GLUD1 (gene for GLDH) across different tissues in human and rat, we queried (1) 435 

GTEX (Genotype-Tissue Expression) and HPA (Human Protein Atlas), public human 436 

gene/protein expression databases and (2) Pfizer Zoomap, an internal tissue atlas for 437 

preclinical species. Rat gene expression data in each tissue can be found in 438 

supplemental table 6. In the human, KRT18 expression is predominantly expressed in 439 

the liver compared to other tissues, whereas GLUD1 is widely expressed, suggesting 440 

that GLUD1 may be less specific for liver than KRT18 (Fig 4A). In the rat, Krt18 441 

expression is the highest in bladder, ileum, colon, stomach and liver (Supplemental 442 

figure 8B). Rat Krt18 and Glud1 expression levels in some tissues, including the liver, 443 

kidney and heart correlated with human expression (Supplemental figure 8C, 8D).  444 
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To further assess the utility of expression profiles of Krt18 and Glud1 in rat  445 

hepatotoxicity, we queried DrugMatrix, a public rat toxicogenomics database that 446 

includes tissue gene expression and pathological evaluations. Krt18 expression had 447 

minimal variability in control samples with an associated pathology score of 0 (Figure 448 

4B). In samples treated with compound, Krt18 expression increased with more severe 449 

pathology scores, suggesting that Krt18 gene expression is actively regulated during 450 

liver injury and that upregulation of Krt18 may start to occur prior to any overt pathology 451 

or occur as a secondary effect of hepatocyte regeneration in the context of injury. 452 

Additionally, ALT activity correlated with Krt18 expression (Figure 4C), which is 453 

consistent with the patient data (Figure 1B). We also filtered for Glud1 and found 153 454 

samples with a reported pathology term including liver necrosis and/or apoptosis. While 455 

treated samples had higher expression of Glud1 compared to controls, there was no 456 

correlation of pathology with Glud1 expression levels (Figure 4D). Glud1 gene 457 

expression was not correlated with measured ALT activity (Figure 4E).  458 

Tissue Atlas, a human miRNA tissue expression database, was interrogated for 459 

miR-122 expression. MiR-122-3p and miR-122-5p were highly expressed in the liver 460 

(Figure 4F) with a tissue specificity index > 0.91 and tissue expression correlated with 461 

each other (r2 = 0.91). Rat miR-122 expression was evaluated in the RATEmiR 462 

database. Rat miR-122-3p and miR-122-5p were liver tissue specific (Supplemental 463 

figure 8G) with a tissue specificity index = 1, and tissue expression was highly 464 

correlated with each other (r2 = 1). Furthermore, rat miR-122-3p expression was highly 465 

correlated with human miR-122-3p (r2 = 0.96) and miR-122-5p is correlated with human 466 

miR-122-5p (r2 = 0.67) (Supplemental figure 8E, 8F). These expression data suggest 467 
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that K18 and miR-122 maybe be specific biomarkers of liver injury in rats and humans. 468 

Although Glud1 mRNA expression doesn’t seem to be tissue specific in rats and 469 

humans, protein expression and enzyme activity of GLDH across all tissues has not 470 

been evaluated and may provide additional information on it’s utility and specificity.     471 
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Discussion 472 

The present study evaluated the diagnostic performance of seven promising biomarkers 473 

of liver injury in humans. We provide evidence to suggest that (i) K18 was superior in 474 

terms of sensitivity and specificity over ALT and GLDH in diagnosing liver damage 475 

compared to healthy volunteers, GI tract and muscle damage patients; and (ii) a three 476 

biomarker model with K18, GLDH and miR-122 that was trained, tested, and validated 477 

using an acetaminophen overdose cohort, was independently validated in a cross-478 

sectional cohort and able to achieve separation between patients with liver damage and 479 

healthy volunteers. The three-biomarker model also demonstrated strong diagnostic 480 

potential when comparing liver damage patients and patients with damage to the 481 

muscle, pancreas, GI tract and kidney. Early detection, accurate diagnosis and 482 

determining outcomes of DILI continue to be major hurdles during drug development 483 

and post marketing. Significant biomarker gaps exist in the current methods to 484 

diagnose, provide mechanistic information and determine prognosis of DILI in clinical 485 

trials. These results not only provide a comprehensive assessment of individual 486 

biomarker performance in acetaminophen and liver damage cohorts due to different 487 

etiologies, but also highlight the utility of K18, GLDH and miR-122 in a multivariate 488 

model to provide greater sensitivity and specificity than each biomarker alone in 489 

detecting liver injury.  490 

Elevations in ALT activity can occur in other settings such as muscle 491 

movement(Fu et al. 2019) and myocardial(Giesen et al. 1989) and skeletal muscle 492 

injury(Nathwani et al. 2005). Data from this study demonstrate that the three-biomarker 493 

model (GLDH, K18 and miR-122) clearly separated patients with muscle injury from 494 



25 

 

 

patients with liver damage thereby offering significant advantages over measuring ALT. 495 

This finding suggests that the three-biomarker model could be deployed as monitoring 496 

biomarker panel for liver injury in clinical trials involving patients with muscular 497 

dystrophies(Zhu et al. 2015) where ALT is non-specifically elevated due to muscle 498 

damage and a specific biomarker to monitor liver health is desired. 499 

In this study, all candidate biomarkers were elevated in liver damage patients 500 

relative to healthy volunteers, muscle, pancreas, GI tract and kidney patients. 501 

Furthermore, candidate biomarkers were elevated in each type of liver damage, 502 

including DILI. K18 had superior sensitivity and specificity over ALT, GLDH and miR-503 

122 in liver compared to healthy, muscle and GI tract damage patients. K18 has been 504 

proposed as a biomarker for a range of liver conditions including acute liver failure and 505 

chronic liver diseases such as viral hepatitis, non-alcoholic fatty liver disease and liver 506 

cancer(Ku et al. 2016). While an advantage of K18 as a biomarker is that it is an early 507 

marker of apoptosis/necrosis; a disadvantage is that it is also a biomarker for 508 

dysfunction in tissues other than the liver including the lung (Fu et al. 2019; Levy et al. 509 

2019; Molnar et al. 2019; Tajima et al. 2019) (Yang et al. 2019). Thus, a panel of 3 or 7 510 

biomarkers may be advantageous over a single biomarker. An advantage of GLDH as a 511 

biomarker is that it is an early marker of liver-specific mitochondrial damage and has 512 

low inter- and intra-individual variability compared to other liver injury biomarkers(Tajima 513 

et al. 2019). GLDH has also been shown to be more readily detectable than ALT in a rat 514 

model of APAP-DILI (Thulin et al. 2017). However, GLDH has been shown to have a 515 

shorter half-life than ALT (Tajima et al. 2019) and by itself did not offer any advantage 516 

over ALT in detecting liver damage compared to healthy controls. miR-122 is 517 
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advantageous as an early marker of liver-specific damage but it’s use has been limited 518 

due to the higher inter-and intra-individual variability(Levy et al. 2019) and a potentially 519 

short half-life(Thulin et al. 2017). 520 

Traditional liver injury biomarkers are passively released from necrotic 521 

hepatocytes and lack mechanistic understanding of underlying liver injury. Our data and 522 

others(Ku et al. 2016) demonstrate that hepatocytes and cholangiocytes specifically 523 

express K18. With a direct hepatotoxic insult, in early apoptosis K18 is cleaved and 524 

released into circulation as ccK18; while full-length K18 is released with necrosis. 525 

Therefore, levels may reflect different cell death processes in the liver (Fu et al. 2019). 526 

Although ccK18 performed well with an AUC of 0.873, the relatively reduced sensitivity 527 

and specificity can be investigated in subsequent studies to understand if this is 528 

associated with kinetics of ccK18 release, severity of injury and/or underlying pathologic 529 

mechanism of liver injury using longitudinal cohort of patients with DILI. Gene 530 

expression was increased with the degree of liver apoptosis and necrosis, suggesting 531 

K18 has an active role in liver damage. We and others show that miR-122 is specifically 532 

expressed in the livers of humans(Landgraf et al. 2007) and rats(Smith et al. 2016). 533 

MiR-122 accounts for 70% of hepatic miRNAs(Lagos-Quintana et al. 2002) and is 534 

superior to ALT in detecting liver injury in muscle injury patients(Zhang et al. 2010). 535 

MiR-122 is an early marker of liver injury(Wang et al. 2009) and found in protein rich 536 

fraction of plasma and specifically packaged into exosomes(Bala et al. 2012) during 537 

liver injury. GLDH, MCSF, MCSFR and OPN may also be used as mechanistic 538 

biomarkers. GLDH, a mitochondrial protein, reflects loss of mitochondrial integrity. 539 

MCSFR, a receptor for MCSF, is shed from activated macrophages during DILI(Church 540 
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et al. 2019) and is a biomarker of inflammation. Notably, we observe high levels of 541 

MCSFR in patients with cirrhosis relative to the other candidate biomarkers. OPN may 542 

also be a marker of liver inflammation and necrosis(Roth et al. 2020).  543 

In summary, our results identify a three-biomarker model with K18, GLDH and 544 

miR-122 for sensitive and specific detection of APAP DILI and liver damage due to 545 

other causes. Whether these biomarkers either alone or in combination outperform 546 

traditional markers such as ALT as safety biomarkers for diagnosis and prediction of 547 

DILI remains to be tested in larger multicentered longitudinal cohort.   548 

  549 
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Tables 
 
Table 1. Assessment of the random forest biomarker models in the 
acetaminophen overdose and cross-sectional cohorts 

Data set 
Panel -31 
R 

Panel -3 
AUC (CI) 

Panel -72 
R 

Panel -7 
AUC (CI) 

Acetaminophen overdose cohort 

   ALT ≥ 150 U/L cutoff 

Training (T1) 0.921 
0.99 

(0.98, 1) 
0.964 

0.99 
(0.99, 1) 

Testing (T2) 0.905 
0.99 

(0.97, 1) 
0.912 

0.99 
(0.98, 1) 

Validation (T3) 0.922 1 (1, 1) 0.922 1 (0.99, 1) 

   ALT > 50 U/L cutoff 

Training (T1) 0.921 
0.98 

(0.96, 1) 
0.964 

0.99 
(0.97, 1) 

Testing (T2) 0.905 
0.98 

(0.96, 1) 
0.912 

0.97 
(0.93, 1) 

Validation (T3) 0.922 1 (1, 1) 0.922 
0.99 

(0.98, 1) 

Cross-sectional cohort: comparator group vs liver 

Healthy 0.856 
0.99 

(0.98, 1) 
0.815 1 (1, 1) 

Muscle 0.76 
0.92 

(0.88, 0.97) 
0.688 

0.96 
(0.93, 0.99) 

Pancreas 0.799 
0.97 

(0.95, 1) 
0.731 

0.99 
(0.98, 1) 

GI tract 0.811 
0.98 

(0.96, 1) 
0.748 

0.99 
(0.98, 1) 

Kidney 0.814 
0.93 

(0.90, 0.97) 
0.751 

0.97 
(0.94, 0.99) 

1Panel-3: GLDH, K18, miR-122; 2Panel-7: GLDH, K18, miR-122, ccK18, MCSF, 

MCSFR, OPN; R: Pearson’s correlation coefficient to measured ALT activity; AUC: area 

under the curve; T1: Timepoint 1 (collected at hospital admission, median: 4.6 hours, 

IQR: 4.1, 10.7 after acetaminophen ingestion), T2: Timepoint 2 (11.4 hours after T1), 

T3: Timepoint 3 (21.8 hours after T1); GI: gastrointestinal; CI: 95% confidence interval. 
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Table 2. Comparative assessment of candidate biomarkers at a fixed sensitivity 
for diagnosis of liver injury 

Metric 
Biomarker 
Threshold 

Sensitivity Specificity 
ROC 
AUC 

PPV NPV 

Acetaminophen overdose cohort1 

T1       

GLDH 5.5 1.00 0.77 0.95 0.22 1.00 

K18 375.5 1.00 0.94 0.97 0.52 1.00 

ccK18 NA 1.00 0.00 0.72 0.06  

MCSF 3.8 1.00 0.04 0.68 0.07 1.00 

MCSFR 493.5 1.00 0.35 0.84 0.09 1.00 

OPN 3.2 1.00 0.09 0.72 0.07 1.00 

miR-122 3412.0 1.00 0.85 0.96 0.31 1.00 

Panel-3 4.7 1.00 0.99 0.99 0.85 1.00 

Panel-7 4.7 1.00 0.99 0.99 0.85 1.00 

T2       

GLDH 5.5 1.00 0.77 0.97 0.29 1.00 

K18 135.5 1.00 0.84 0.97 0.38 1.00 

ccK18 NA 1.00 0.00 0.87 0.09  

MCSF 19.5 1.00 0.32 0.82 0.12 1.00 

MCSFR 416.1 1.00 0.22 0.73 0.11 1.00 

OPN 8.6 1.00 0.31 0.78 0.12 1.00 

miR-122 280.0 1.00 0.10 0.90 0.10 1.00 

Panel-3 4.0 1.00 0.94 0.99 0.61 1.00 

Panel-7 4.2 1.00 0.97 0.99 0.79 1.00 

T3       

GLDH 6.5 1.00 0.86 0.98 0.52 1.00 

K18 716.0 1.00 0.99 0.99 0.92 1.00 

ccK18 160.0 1.00 0.81 0.96 0.46 1.00 

MCSF 21.0 1.00 0.66 0.90 0.31 1.00 

MCSFR 445.6 1.00 0.19 0.70 0.16 1.00 

OPN 7.4 1.00 0.14 0.76 0.15 1.00 

miR-122 82.0 1.00 0.01 0.72 0.14 1.00 

Panel-3 4.6 1.00 1.00 1.00 1.00 1.00 

Panel-7 4.4 1.00 0.99 1.00 0.92 1.00 
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Metric 
Biomarker 
Threshold 

Sensitivity Specificity 
ROC 
AUC 

PPV NPV 

Cross-sectional cohort: healthy vs liver 

GLDH 2.3 0.88 0.58 0.90 0.62 0.87 

K18 137.0 0.95 0.93 0.98 0.92 0.96 

ccK18 70.5 0.94 0.36 0.87 0.53 0.89 

MCSF 17.1 0.95 0.72 0.97 0.72 0.95 

MCSFR 828.5 0.95 0.64 0.92 0.67 0.95 

OPN 11.8 0.95 0.59 0.95 0.64 0.94 

miR-122 614.0 0.95 0.71 0.94 0.71 0.95 

Panel-3 3.1 0.95 0.96 0.99 0.94 0.96 

Panel-7 3.6 0.95 1.00 1.00 1.00 0.96 

ALT 15.5 0.95 0.46 0.93 0.58 0.93 
1Sensitivity was fixed at ≥ 0.95 where possible and thresholds for the APAP 

cohorts were determined with ALT ≥ 150 U/L within each timepoint. Panel-3: 

GLDH, K18, miR-122; Panel-7: GLDH, K18, miR-122, ccK18, MCSF, MCSFR, OPN; R: 

Pearson’s correlation coefficient to measured ALT activity; ROC AUC: receiver operator 

curve area under the curve; T1: Timepoint 1 (collected at hospital admission, median: 

4.6 hours, IQT: 4.1, 10.7 after acetaminophen ingestion), T2: Timepoint 2 (12.7 hours, 

IQT: 9.2, 14.1 after T1), T3: Timepoint 3 (22.9 hours, IQT: 19.8, 24.2 after T1); PPV: 

positive predictive value, NPV: negative predictive value. 
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Figure legends 
 
Figure 1. Analysis of a three biomarker-based multivariate model for detection of 

liver injury using longitudinal cohort of patients with acetaminophen overdose. 

Three liver injury biomarkers (GLDH, K18 and miR-122) were used to build a predictive 

model for log ALT. (A) ALT, GLDH, K18 and miR-122 levels at each timepoint. 

Correlation between composite score and measured log ALT activity at (B) baseline 

(time 1, training), (C) time 2 (testing) and (D) time 3 (validation). (E) Score of each 

patient overtime. (F) Summary results from setting the threshold at an ALT cutoff of ≥ 

150 U/L. Values are shown as raw and natural logarithm ALT. Pearson’s R coefficient is 

shown based on the measured log ALT and score. 

Figure 2. Evaluation of seven candidate biomarkers for liver injury in comparison 

to ALT in the cross-sectional cohort. (A) Glutamate dehydrogenase (GLDH), 

cytokeratin 18 (K18), caspase-cleaved K18 (ccK18), macrophage colony-stimulating 

factor (MCSF), MCSFR (MCSFR), microRNA-122 (miR-122) and osteopontin (OPN) in 

comparison with the traditional biomarker, alanine aminotransferase (ALT) were 

measured in healthy volunteers (n=135) and patients with damage to liver (n=104), 

muscle (n=74), pancreas (n=34), GI (n=37) or kidney (n=40). (B) Candidate biomarkers 

in the liver damage cohort in subjects with acute liver failure (n=4), drug induced (n=24), 

transaminitis (n=54), alcoholic (n=15), hepatitis (n=12), liver metastatic (n=27), cirrhosis 

(n=20) and transplant (n=9). Healthy data is repeated from Fig 2A for reference. Values 

are log10 normalized. Some subjects exhibited multiple types of liver damage. (C) 

Spearman’s r correlation coefficient between ALT activity and candidate biomarkers 
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GLDH, K18, ccK18 and miR-122 in patients with liver damage. Values are log10 

normalized.  

 

Figure 3. Independent validation of the three biomarker-based multivariate model 

for detection of liver damage in the cross-sectional cohort. (A) Area under the 

receiver operator characteristic curve (AUC-ROC) for candidate biomarkers in patients 

with liver damage vs healthy volunteers. The three-liver injury biomarker (GLDH, K18 

and miR-122) model was evaluated in the cross-sectional cohort. Correlation between 

composite score and measured log ALT activity in (B) liver damage patients and healthy 

volunteers and (C) all organ damages. (D) Summary results from setting the threshold 

at 4 (as defined in Figure 1C). Values are shown as raw and natural logarithm ALT. *P < 

0.05, **P < 0.01, ***P < 0.001, **** P< 0.0001. 

 

Figure 4. Expression patterns of KRT18, GLUD1 and miR-122 in human and rat.  (A) 

A RNAseq-based database was queried for KRT18 and GLUD1 gene expression in 

human tissues (see methods). DrugMatrix, an Affymatrix-based rat toxicogenomics 

database, was queried for Krt18 (B, C) and Glud1 (D, E) expression across several 

tissues. (B) Krt18 in control samples (n = 77) and samples treated with a compound (n = 

115), classified by histopathology score for liver necrosis and or apoptosis of none (n = 

96), minimal (n = 14) and mild (n = 5). The Kruskal-Wallis p-value is 5.76e-5. (C) 

Correlation between ALT activity and rat Krt18 gene expression. (D) Glud1 expression in 

control samples (n = 19) and samples treated with a compound (n = 134), classified by 

histopathology score for liver necrosis and or apoptosis of none (n = 113), minimal (n = 
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18) and mild (n = 3). The Kruskal-Wallis p-value is 0.119. (E) Correlation between ALT 

activity and rat Glud1 gene expression. (F) Tissue Atlas was queried for 3p and 5p miR-

122 in human tissues. The linear regression line (blue) and confidence interval (grey 

shading) are shown. Pairwise comparisons were calculated using the Dunn test if the 

Kruskal–Wallis test was significant. *P < 0.05, **P < 0.01, ***P < 0.001, **** P< 0.0001. 

TPM: transcript per million; QNE: quantile normalized expression. 
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