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Abstract
BACKGROUND
[bookmark: OLE_LINK98][bookmark: OLE_LINK99][bookmark: OLE_LINK44]Cholestatic liver diseases are characterized by an accumulation of toxic bile acids (BA) in the liver, blood and other tissues which lead to progressive liver injury and poor prognosis in patients.

AIM
[bookmark: OLE_LINK100][bookmark: OLE_LINK101]To discover and validate prognostic biomarkers of cholestatic liver diseases based on the urinary BA profile. 

METHODS
[bookmark: OLE_LINK102][bookmark: OLE_LINK103][bookmark: OLE_LINK38][bookmark: OLE_LINK39][bookmark: OLE_LINK40][bookmark: OLE_LINK41]We analyzed urine samples by liquid chromatography-tandem mass spectrometry and investigated the use of the urinary BA profile to develop survival models that can predict the prognosis of hepatobiliary diseases. The urinary BA profile, a set of non-BA parameters, and the adverse events of liver transplant and/or death were monitored in 257 patients with cholestatic liver diseases for up to 7 years. The BA profile was characterized by calculating BA indices, which quantify the composition, metabolism, hydrophilicity, formation of secondary BA, and toxicity of the BA profile. We have developed and validated the bile-acid score (BAS) model (a survival model based on BA indices) to predict the prognosis of cholestatic liver diseases.

RESULTS
[bookmark: OLE_LINK104][bookmark: OLE_LINK105][bookmark: OLE_LINK45][bookmark: OLE_LINK46][bookmark: OLE_LINK50]We have developed and validated a survival model based on BA (the BAS model) indices to predict the prognosis of cholestatic liver diseases. Our results demonstrate that the BAS model is more accurate and results in higher true-positive and true-negative prediction of death compared to both non-BAS and model for end-stage liver disease (MELD) models. Both 5- and 3-year survival probabilities markedly decreased as a function of BAS. Moreover, patients with high BAS had a 4-fold higher rate of death and lived for an average of 11 mo shorter than subjects with low BAS. The increased risk of death with high vs low BAS was also 2-4-fold higher and the shortening of lifespan was 6-7-mo lower compared to MELD or non-BAS. Similarly, we have shown the use of BAS to predict the survival of patients with and without liver transplant (LT). Therefore, BAS could be used to define the most seriously ill patients, who need earlier intervention such as LT. This will help provide guidance for timely care for liver patients. 

CONCLUSION
[bookmark: OLE_LINK106][bookmark: OLE_LINK107]The BAS model is more accurate than MELD and non-BAS models in predicting the prognosis of cholestatic liver diseases.

[bookmark: OLE_LINK96][bookmark: OLE_LINK97][bookmark: OLE_LINK74][bookmark: OLE_LINK75][bookmark: OLE_LINK79]Key Words: Hepatobiliary diseases; Bile acid indices; Death; Liver transplant; Survival model; Prognosis

[bookmark: OLE_LINK84][bookmark: OLE_LINK86]Alamoudi JA, Li WK, Gautam N, Olivera M, Meza J, Mukherjee S, Alnouti Y. Bile acid indices as biomarkers for liver diseases II: The bile acid score survival prognostic model. World J Hepatol 2021; In press

[bookmark: OLE_LINK87][bookmark: OLE_LINK88][bookmark: OLE_LINK89][bookmark: OLE_LINK18][bookmark: OLE_LINK19]Core Tip: We have developed survival models based on bile acid (BA) indices to predict the prognosis of hepatobiliary diseases. Our BA models outperformed the model for end-stage liver disease and non-BA models in predicting the occurrence of the adverse events of death and/or liver transplant.


INTRODUCTION
[bookmark: OLE_LINK108][bookmark: OLE_LINK109]Cholestatic liver diseases are hepatobiliary diseases associated with a reducing in bile flow due to impairment in bile production or failure of bile flow into bile duct[1]. Chronic liver diseases account for greater than 41000 deaths in the United States in 2017, making it the 11th leading cause of mortality[2]. Most cholestatic diseases progress toward end stage liver failure, which likely requires liver transplantation. Even after liver transplantation, post-surgery complications are common, which may require liver re-transplantation[3].
Biomarkers currently used in the clinic for the diagnosis and prognosis of liver diseases are primarily serum liver enzymes such as aspartate transaminase (AST), alanine transaminase (ALT), and bilirubin. However, these markers have numerous shortfalls including the lack of specificity for liver or bile duct injuries as they can be elevated in hyperthyroidism, adrenal, heart, or muscle disorders. Also, severe cell injury has to occur before their levels increase[4,5]. Multifactorial models with multiple parameters based on these biomarkers are also frequently used and offer advantages compared to the use of their individual biomarker components such as the Child-Turcotte-Pugh score[2]. 
[bookmark: OLE_LINK20][bookmark: OLE_LINK21]More recently, the model for end-stage liver disease (MELD) was developed to predict three-month mortality of patients with end-stage liver disease[5,6]. MELD is calculated based on serum creatinine, bilirubin, international normalized ratio (INR), and Na+, which are related to both liver and renal functions. MELD is currently used in many countries to classify patients awaiting transplantation to identify patients with the highest priority for liver transplant (LT)[6]. Since its implementation, MELD led to an intense reduction in the number of people waiting for liver transplant and decreased mortality on the waiting list without affecting post-transplant survival[7]. MELD is also an effective predictor of outcome in other conditions, such as patients have cirrhosis going for surgery and patients with alcoholic hepatitis or fulminant hepatic failure[7]. However, MELD is based on three objective laboratory variables, that are not necessarily liver specific. For example, serum bilirubin can be elevated in cases of hemolysis or sepsis. Serum creatinine can also be elevated from an underlying kidney disease that unrelated to hepatorenal syndrome and is a poor surrogate of renal function in cirrhotic patients[8]. In addition, patients may have an elevated INR which can be secondary to warfarin use. Any of these conditions can increase the MELD score and overestimate the liver disease severity[9]. Furthermore, several studies have shown that patients with cholestatic liver diseases may still have high mortality rates despite having low MELD scores[10,11].
Numerous clinical and preclinical studies have shown up to a 100-fold increase in BA concentrations in urine with various hepatobiliary diseases[12-16]. The impediment in bile flow associated with cholestatic liver diseases cause accumulation of toxic BA in the liver and blood, which can worsen the liver condition that lead to their accumulation and contribute to the unfavorable liver disease prognosis[17]. However, the potential use of BA as a marker for liver diseases have never translated into a widespread use in the clinic[18,19], due to major limitations including the major differences of the physiologic and pathologic effects of the various individual BA and the extremely high inter- and intra-individual variability of BA concentrations.
To this regard, we have developed the concept of “BA Indices”, which are ratios calculated from the absolute concentration of individual BA and their metabolites. BA indices offered numerous advantages over absolute BA concentrations including low intra- and inter-individual variability and resistance to the influence of food consumption, age, gender, body mass index (BMI), and moderate alcohol consumption[19-21]. In the 1st part of this study, we have demonstrated that BA indices outperformed serum liver enzymes as biomarkers for the diagnosis of cholestatic liver diseases. In this second part of the study, we have developed survival models based on BA indices to predict the prognosis of hepatobiliary diseases. Our BA models outperformed the non-BA and MELD models in predicting the occurrence of the adverse events of death and/or LT.

MATERIALS AND METHODS
[bookmark: OLE_LINK110][bookmark: OLE_LINK111]Study participants
[bookmark: OLE_LINK22][bookmark: OLE_LINK23]New and existing patients of the University of Nebraska Medical Center (UNMC) hepatology clinic, who were diagnosed with one or multi-hepatobiliary conditions due to chronic hepatitis C (n = 63) , hepatitis B (n = 14), alcoholic liver disease/alcoholic cirrhosis (n = 103), primary biliary cholangitis (n = 11), primary sclerosing cholangitis (n = 13), autoimmune hepatitis (n = 24), alpha-1-antitrypsin deficiency (n = 5), nonalcoholic fatty liver disease/nonalcoholic steatohepatitis (n = 51), carcinoma (n = 24), cryptogenic cirrhosis (n = 10), polycystic liver disease (n = 5), elevated liver function test (n = 18), and unknown etiology (n = 5), were enrolled in this study. Table 1 shows a summary of our patient population characteristics. A total of 257 patients (121 female and 136 male) between the ages of 19 and 83 years, who were treated for cholestatic liver diseases in UNMC, over the period from November of 2011 to December of 2018, were recruited into the study. All participants were followed up for up to 7 years by collecting urine samples for BA analysis and monitoring non-BA parameters and adverse events including liver transplant, and death from their medical records.
[bookmark: OLE_LINK24][bookmark: OLE_LINK25][bookmark: OLE_LINK17][bookmark: OLE_LINK47][bookmark: OLE_LINK15][bookmark: OLE_LINK16]The study was approved by the Institutional Review Board at UNMC and written informed consents were provided for all participating subjects. The registry URL was (https://www.clinicaltrials.gov/ct2/show/NCT01200082?term=alnouti&draw=2&rank=1). The clinical trial number was NCT01200082. Thirty milliliters of urine samples were collected from patients on their first visit to the hepatology clinic. All urine samples were stored in -80 °C until analyzed by liquid chromatography-tandem mass spectrometry (LC-MS/MS). 

Non-BA parameters
The performance of potential biomarkers from the urinary BA profile was also compared with and existing markers of liver function including ALT, AST, serum creatinine, albumin, protime, INR, bilirubin, AST/ALT ratio, and AST/platelet ratio index (APRI). These markers were monitored using the patients’ medical records. Bile acid quantification by liquid chromatography–tandem mass spectrometry
Urine samples were extracted using solid phase extraction as described previously[8,22,23]. BA concentrations were quantified by LC-MS/MS, as we described previously.

Calculation of BA indices
BA profile in urine was characterized using BA “indices”, which describe the composition, hydrophobicity, toxicity, and metabolism of total and individual BA as we have described previously[8,22,23]. 

Statistical analysis
All statistical analysis was performed using the Statistical Product and Service Solutions software, version 25 (IBM corporation, Armonk, NY, United States) and R software, version 3.6.3 (R Foundation for statistical Computing). A P-value of 0.05 was considered significant for all the statistical tests described below. 

Survival model development
Cox proportional hazards (PH) regression was used to develop survival models to predict the prognosis of hepatobiliary diseases in terms of progressing specifically into the end points/adverse events of death. 
For the “death” models, the only endpoint/adverse event recorded was death at 3 and 5 years. We only had 7 and 17 deaths occurring within earlier time points including 1 and 2 years, respectively, which was not enough to develop survival models. Patients who underwent liver transplant (LT) were censored with the date of transplantation. Patients still alive at the end of each period (3 and 5 years) were considered as censored at that time. The term ‘‘censored’’ indicates that the patient was alive at that date and that was the end of the follow-up[22]. Patients dropped off, not due to the occurrence of adverse event, i.e. death, before the end of the follow-up period, were censored at the last day they were seen in the clinic. 
In addition to the “death only” models above, we also constructed models to predict death and/or LT. We followed the same approach as the “death” models, with the exception that the endpoint was the occurrence of the adverse events of either death or LT. Patients whom did not have either of the adverse events at the end of each period (3 and 5 years) were censored at that time. 
Individual BA and non-BA variables were analyzed as possible predictors of survival in a univariate Cox regression analysis. Values of these variables included in the statistical analysis were obtained at the time of patients’ first visits. Significant variables (P < 0.05), which were identified from the univariate analysis were included in the multivariate analysis. To build the multivariate model a backward elimination regression method was used to retain the most significant variables with retention criteria of P < 0.05.

Model performance, goodness of fit and validation
[bookmark: OLE_LINK26][bookmark: OLE_LINK27]Goodness of fit was performed by testing PH assumption for each covariate included in the final Cox model and for the global model as a whole. We used the bootstrapping for model validation. 
[bookmark: OLE_LINK69][bookmark: OLE_LINK70][bookmark: OLE_LINK71]Receiver operating characteristic (ROC) curve analyses was performed on the scores from the various multivariate Cox models to determine their cut-off values in differentiating patients with vs without the adverse event. The cut-off values with optimum specificity and sensitivity were selected and the areas under the ROC curve (AUC) values were calculated.

Survival prediction
[bookmark: OLE_LINK34][bookmark: OLE_LINK35]The average survival probability [S0 (t)] for a patient with an average score were calculated for different time points. To obtain the probability of survival for t years [S (t)], first the score e.g. bile-acid score (BAS) is calculated, and finally S (t) is calculated using this equation: 
Where, BAS0 is the average score from all patients in this study.
Kaplan-Meier plots were used to display survival curves. We have divided patients into two categories of high vs low risk and compared their survival with the Log-rank test and Breslow test[22]. We have tried the median cut-off values of the model scores to define high vs low risk.

Models comparison
We have used multivariate cox regression analyses to build various models for the prediction of death. The performance of the different models in predicting the occurrence of death within 3- and 5-year periods were compared between the different models using the statistic outcomes from the Bootstrapping, Schoenfeld residuals, AUC, and Kaplan-Meier analyses.

RESULTS
[bookmark: OLE_LINK112][bookmark: OLE_LINK113]Patient population characteristics
Table 1 shows a summary of the characteristics of the patient population in our study. The demographic variables were (age, BMI, gender, and race). Subjects were divided into five race groups (White, Black, Asian, Hispanic, and others). During the 7-year follow-up period of 257 patients with cholestatic liver diseases, 27 patients (10.5%) died and 25 patients (9.7%) underwent liver transplantation. 
We were interested in predicting the occurrence of adverse events of death within 3- and 5-year periods. During a 3-year follow-up period, 21 patients (8.2%) died and 19 patients (7.4%) underwent liver transplantation. While during a 5-year follow-up period, 25 patients (9.7%) died and 21 patients (8.2%) underwent liver transplantation.

Univariate Cox regression analysis for death prediction 
Supplementary Table 1 shows the results of univariate Cox regression analyses for death prediction by BA Indices. Cox regression detects the risk of death associated with changes in BA indices. Positive regression coefficients imply that the risk of death increases with increasing the values of BA indices, while negative coefficients imply the risk of death increases with a decrease in the values of BA indices. We found correlation between the risk of death and many BA indices (P < 0.05). 
The hazard ratio (HR) from Cox regressions analysis quantifies the magnitude of the risk of death per unit change in BA indices. Because BA concentrations and indices have different scales and units, we performed the same calculation per 10% and 20% of the mean value of each variable instead of per absolute unit. For example, for a 20% increase in the %CDCA, the risk of death increases 1.26-fold (HR: 1.26; P < 0.05).
We performed the same univariate cox regression analysis for demographics and non-BA parameters as well (Supplementary Table 2). Notably, the risk of death was significantly higher in males than females from this univariate analysis. Increasing levels of INR, protime, bilirubin, AST/ALT, APRI, and MELD also significantly increased the risk of death, whereas decreasing levels of albumin significantly increased the risk of death. 

Multivariate Cox regression analysis for death prediction 
In multivariate analysis, a backward elimination regression was used to retain the most significant BA variables. The only BA variables retained in the multivariate model were %CDCA and %Tri-OH, which were independently predictive of survival (Table 2). For example, a 20% increase in the %CDCA and %Tri-OH increases the risk of death by 1.34-fold (HR: 1.34; P < 0.05) and 1.14-fold (HR: 1.14; P < 0.05), respectively. The BAS for individual patients can be calculated from this equation: BAS for death = 0.039 × %CDCA + 0.052 × %Tri-OH.
For example, for a patient with %CDCA of 20%, and a %Tri-OH of 50%, the BAS would be 3.38.
We performed the same multivariate Cox regression analysis for demographics and non-BA parameters as well. For demographic variables, gender was significant in univariate analysis, but did not retain in multivariate analysis when included in the BA model building. In contrast, gender retained in the multivariate analysis for the non-BA model, but with minimal improvement of model goodness of fit and validation (the Bootstrapping, Schoenfeld residuals, AUC, and Kaplan-Meier analyses). Therefore, we did not include gender in the multivariate Cox models and AST/ALT ratio was the only significant predictive variable of death (Table 2). For example, a 20% increase in the AST/ALT, increases the risk of death by 1.36-fold (HR: 1.36; P < 0.05). The non-BAS for individual patients can be calculated from this equation: non-BAS for death = 1.236 × AST/ALT.
In addition, we used the same methodology to develop other models including: (1) mixed BA and non-BA variables including demographics to test how the performance of a global BA- and non-BA mixed model compares to the BA-only and non-BA-only models; (2) MELD variables with coefficients from our data set to create a model with the original MELD variables, but with model coefficients derived from our data set; and (3) original MELD modified with BA and/or non-BA variables including demographics, to test if the performance of the original MELD can be improved by adding significant BA and non-BA parameters from the univariate analysis and vice versa (Supplementary Table 3). Overall, none of these strategies produced any statistically significant models neither they did improve the BA or non-BA-only model; therefore, were not further evaluated or validated. 

Model performance, goodness of fit and validation 
Goodness of fit was performed by testing PH assumption for all the covariates of the final Cox model as well as for the global model as a whole, using a statistical test and a graphical diagnostic based on Schoenfeld residuals. A graphical diagnostic that shows a non-random pattern against time is evidence of violation of the PH assumption. The PH assumption is supported by a non-significant relationship between residuals and time. The Schoenfeld residual plots and p-values supported the validity of the BA and non-BA models (Supplementary Figure 1). 
We also used the bootstrapping validation. Bootstrapping validation results for the BA and non-BA models indicate that our regression coefficients were in the range of the 95%CI, P-values were statistically significant for each covariate, bias values and standard error values were very small (Supplementary Table 4). We can conclude that the Bootstrapping validation results supported the validity of the BA and non-BA models.
Figure 1 shows the ROC curves of the models for death prediction. For 5-year death prediction, the AUC for BAS, non-BAS, and MELD were 0.740, 0.653, and 0.683, respectively. For 3-year death prediction, the AUC for BAS, non-BAS, and MELD were 0.761, 0.664, and 0.715, respectively. Potential cut-off values selected based on the optimum sensitivity and specificity for different models. The ROC-optimum scores for BA, non-BA, and MELD models for death prediction were 2.71, 1.72, and 10, respectively (Table 3).

Survival prediction 
[bookmark: OLE_LINK28]Table 4 presents the estimated survival probability [S0 (t)] for a patient with an average BAS0 of 2.24 (the average BAS from all 257 patients in this study) for different time points. To obtain the survival probability for t years [S (t)], first BAS is calculated, S0 (t) is identified from Table 4, and finally S (t) is calculated using this equation: .
Where, BAS0 is the average BAS from all patients in this study; namely 2.24, while BAS is the BAS for that particular patient. For the same example patient discussed above, the probability of surviving for at least 3 years is: Survival probability for (3) years = 0.934 exp (3.38 - 2.24) = 0.81= 81%
The relationship between estimated 5- and 3- year survival probability [S (t)] and the BAS in patients with liver disease are shown in Figure 2A. Survival probability decreases as a function of BAS. For example, the 5-year survival probability for patients with BAS of 1.2 (25th percentile of the population), 2.1 (50th percentile of the population i.e. median), and 3.1 (75th percentile of the population) are 97%, 93%, and 82%, respectively. Similarly, the 3-year survival probability for patients with the same BAS above, are 98%, 94%, and 85%, respectively.
Table 4 presents the estimated survival probability [S0 (t)] for a patient with an average non-BAS0 of 1.58 for different time points. The survival probability for (t) years is calculated using this equation: 
The relationship between estimated 5- and 3- year survival probability [S (t)] and the non-BAS in patients with liver disease are shown in Figure 2B. For example, the 5-year survival probability for patients with non-BAS of 1.1 (25th percentile of the population), 1.4 (50th percentile of the population), and 1.9 (75th percentile of the population) are 92%, 90%, and 83%, respectively. Similarly, the 3-year survival probability for patients with the same non-BAS above, are 95%, 91%, and 86%, respectively. 
By the end of the study, up to 7 years monitoring of 257 patients with cholestatic liver diseases, 27 patients (10.5%) have died. The Kaplan-Meier estimator was used to estimate subjects’ survival free of adverse events over time. We have tried the median of the BAS of the population (2.19) cut-off value to define high vs low risk of death (Figure 3A). The estimated mean survival time was 71 mo (5.9 years) for the high-risk group and 82 mo (6.8 years) for the lower risk group based on the median BAS of 2.19 (Table 5). The P values of the log rank test and Breslow test were statistically significant (P-value < 0.05), indicating the median cut-off of BAS, can differentiate low vs high risk of death.
Figure 3B shows the Kaplan Meier survival for the high vs low risk of death groups based on the median (1.44) for the non-BAS. The estimated mean survival time was 74 mo (6.2 years) for the high-risk group and 79 mo (6.6 years) for the lower risk group based on the median non-BAS of 1.44. The P value from the log rank test and Breslow test was insignificant (P-value > 0.05), indicating the median of non-BAS (1.44) cannot differentiate low vs high risk of death (Table 5). 
Figure 3C shows the Kaplan Meier survival for the high vs low risk of death groups based on the median (11) for the MELD model. The estimated mean survival time was 74 mo (6.2 years) for the high-risk group and 78 mo (6.5 years) for the lower risk group based on the median MELD of 11. The P value from the log rank test and Breslow test was insignificant (P-value > 0.05), indicating the median of MELD (11) cannot differentiate low vs high risk of death (Table 5). 
Death and/or LT model
[bookmark: OLE_LINK42][bookmark: OLE_LINK43]We have developed similar BAS and non-BAS multivariate cox models for the prediction of the adverse events of death and/or LT instead of death only (Supplementary Table 5). Both models were also validated using the same criteria (data not shown). For both 3 and 5-years prediction, AUC was > 0.74 for both models (Supplementary Figure 2 and Supplementary Table 6). Similar to the “death only” models, there were direct relationship between BAS and non-BAS and liver transplant-free survival (Supplementary Figure 3). The estimated mean liver transplant-survival time was 60 mo (4.9 years) for the high-risk group and 79 mo (6.6 years) for the lower risk group based on the median BAS (0.45), which were statistically different (Supplementary Figure 4 and Supplementary Table 7). 

DISCUSSION
[bookmark: OLE_LINK114][bookmark: OLE_LINK115]We developed a survival model based on BA indices to predict the prognosis of hepatobiliary diseases in terms of progressing into the end point/adverse event of death over a 3- and 5-year period of time. Using the multivariate Cox regression analysis, we have constructed these final models for death prediction: (1) The BAS model for death prediction: BAS for death = 0.039 × %CDCA + 0.052 × %Tri-OH; (2) The non-BAS model model for death prediction: non-BAS (non-BAS) for death = 1.236 × AST/ALT. BAS in this population ranged from 0-4, while the non-BAS ranged from 0.44-4.98.
Cholestatic diseases are associated with impaired bile flow to the intestine, which is expected to translate into reduced transformation of primary BA including CDCA and CA into secondary BA by intestinal bacteria. Therefore, accumulation of primary BA in the blood may indicate further impairment in bile flow and worsening of the liver diseases[8,22,23]. This is in agreement with the BAS model, where increased %CDCA and %Tri-OH BA (primarily consists of CA) were the most significant predictors of liver disease prognosis into death. Another interpretation for the accumulation of CDCA could be related to the fact that CDCA is the best substrate for bile salt export pump (BSEP), which is responsible for the efflux transport of BA across the canalicular membrane from hepatocytes into bile. Therefore, loss of BSEP function could be associated with the progression of the liver disease[8,22], which leads to CDCA accumulation in the liver and eventually into the systemic circulation.
Goodness of fit was performed by testing PH assumption using a statistical test and a graphical diagnostic based on Schoenfeld residuals. For death prediction, the PH assumption was met in both BA and non-BA models supporting their validity (Supplementary Figure 1). In addition, we used the bootstrapping method for model validation. Bootstrapping validation results supported the validity of both the BA and non-BA models for death prediction (Supplementary Table 4). Further validation efforts are also ongoing to build internal and eventually external data sets for more rigorous model validation. 
We used ROC analysis to compare the accuracy of our prognostic models. The higher the AUC under the ROC curve, the greater the overall accuracy of the marker in distinguishing between groups. For prognostic models, AUC of 0.9 or greater is rarely seen, AUC between 0.8 and 0.9 indicates excellent diagnostic accuracy, and any AUC over 0.7 may be considered clinically useful[23,24]. ROC curves are also used to determine cut-off values which quantify the normal ranges of biomarkers. The selection of optimum cut-off values is a tradeoff between sensitivity and specificity. Accordingly, scores for the BA, non-BA, and MELD models for death prediction of 2.71, 1.72, and 10, respectively, were identified as cut-off values with optimum sensitivity vs specificity (Table 3). 
For 5-year death prediction, the AUC for BAS was 0.74 compared to 0.65 for non-BAS and 0.68 for MELD models (Figure 1A). Similarly, for 3-year death prediction, the AUC for BAS was 0.76 compared to 0.66 for non-BAS and 0.71 for MELD models (Figure 1B). In addition, BAS sensitivity in death prediction (74% vs 67% and 62%) was 7% and 12% higher than non-BAS and MELD, respectively. BAS specificity was also higher than non-BAS and MELD (68% vs 66% and 64%). Therefore, ROC analysis show that BAS is more accurate and results in higher true-positive and true-negative prediction of death compared to both non-BAS and MELD. 
The Cox survival model can be used to predict the survival probability at any time point. The survival probability for t years [S (t)] was calculated for every subject using both BAS and non-BAS models, as: Survival probability for (t) years: S (t) = S0 (t) exp (BAS -2.24), survival probability for (t) years: S (t) = S0 (t) exp (non-BAS -1.58).
Where S0 (t) presents the estimated survival probability for a patient with an average BAS of 2.24 or non-BAS of 1.58 for different time points (Table 4).
As shown in Figure 2, both 5- and 3-year survival probabilities decrease as a function of both BA and non-BAS. For example, the 3-year survival probability for patients with BAS of 1.2 (25th percentile of the population), 2.1 (50th percentile of the population i.e. median), and 3.1 (75th percentile of the population) are 98%, 94%, and 85%, respectively. While, the 3-year survival probability for patients with equivalent non-BAS (25th, 50th, and 75th population percentiles) are 95%, 91%, and 86%, respectively. 
The Kaplan-Meier estimator was used to estimate subjects’ survival free of adverse event over time. Median cut-off for BAS (2.19) was able to differentiate low vs high risk of death. While the median cut-offs for non-BAS and MELD were not able to differentiate low vs high risk of death (Figure 3 and Table 5). 
Twenty-three patients with high BAS (> the median BAS of 2.19) died vs four patients with low BAS (< the median BAS of 2.19) for the entire study. Therefore, 19 more patients died with high compared to low BAS. In contrast, nine and five more subjects with high non-BAS and high MELD have died compared to low non-BAS and low MELD, respectively. Also, patients with low BAS lived for an average of 82 mo, while patients with high BAS lived for an average of 71 mo since their diagnosis with the liver diseases. Therefore, patients with low BAS lived 11 mo longer than patients with high BAS. On the other hand, patients with low non-BAS or low MELD (< median score), lived, in average, for only five or four months longer, compared to the high non-BAS or high MELD (high score), respectively (Table 5). Consequently, the shortening of lifespan between patients with high vs low BAS was 6-7 mo more compared to high non-BAS or high MELD. Also, the number of deaths with high BAS is 2-4-fold higher than that with high non-BAS or high MELD. Therefore, it can be concluded that in this patient population, patients with high BAS are at a much higher risk of death compared to patients with high MELD or high non-BAS. 
Similar conclusions can be made regarding the death and/or LT prediction models. Patients with high BAS lived without need for LT 2-5 mo less than patients with high non-BAS or high MELD. Therefore, patients with high BAS are at a higher risk of death and/or LT compared to patients with high MELD or high non-BAS (Supplementary Figures 2-4) and (Supplementary Tables 5-7).

CONCLUSION
[bookmark: OLE_LINK116][bookmark: OLE_LINK117]In summary, we have developed and validated a survival model based on BA (the BAS model) indices to predict the prognosis of cholestatic liver diseases. Our results demonstrate that the BAS model is more accurate and results in higher true-positive and true-negative prediction of death compared to both non-BAS and MELD models. Both 5- and 3-year survival probabilities markedly decreased as a function of BAS. Moreover, patients with high BAS had a 4-fold higher rate of death and lived for an average of 11 mo shorter than subjects with low BAS. The increased risk of death with high vs low BAS was also 2-4-fold higher and the shortening of lifespan was 6-7-mo lower compared to MELD or non-BAS. Similarly, we have shown the use of BAS to predict the survival of patients with and without LT. Therefore, BAS could be used to define the most seriously ill patients, who need earlier intervention such as LT. This will help provide guidance for timely care for liver patients. 

ARTICLE HIGHLIGHTS
Research background
[bookmark: OLE_LINK118][bookmark: OLE_LINK119]Most cholestatic diseases progress toward end stage liver failure, which likely requires liver transplantation. Numerous clinical and preclinical studies have shown up to a 100-fold increase in bile acids (BA) concentrations in urine with various hepatobiliary diseases. However, due to their high inter-and intra-individual variability, BA has not been used in clinic as markers for the diagnosis and prognosis of liver diseases. To this end, we have developed the concept of BA indices and utilized it to build a survival model to predict the prognosis of liver diseases.

Research motivation
[bookmark: OLE_LINK120][bookmark: OLE_LINK121]Biomarkers currently used in the clinic for the diagnosis and prognosis of liver diseases are primarily serum liver enzymes. Model for end-stage liver disease (MELD) was developed to predict three-month mortality of patients with end-stage liver disease. MELD is based on three objective laboratory variables that are not necessarily liver specific. The potential use of BA as a marker for liver diseases has never translated into a widespread use in the clinic. To this end, we have developed the concept of BA indices and utilized it to build a survival model to predict the prognosis of liver diseases. 

Research objectives
[bookmark: OLE_LINK122]The objective of this project was to discover and validate prognostic biomarkers of cholestatic liver diseases based on the urinary BA profile. We investigated the use of the urinary BA profile to develop survival models to predict the prognosis of hepatobiliary diseases. One application for BAS could be to define the most seriously ill liver patients, who may need earlier intervention such as liver transplantation. 

Research methods
Sample analysis: Liquid chromatography-tandem mass spectrometry. Statistical analysis: univariate and multivariate Cox proportional hazards regression, testing proportional hazards assumption, receiver operating characteristic curve, survival probability, and Kaplan-Meier plots.

Research results
[bookmark: OLE_LINK123][bookmark: OLE_LINK124][bookmark: OLE_LINK125]The bile-acid score (BAS) model (a survival model based on BA indices) was more accurate and results in higher true-positive and true-negative prediction of death compared to both non-BAS and MELD models. Both 3- and 5-year survival probabilities markedly decreased as a function of BAS. Patients with high BAS had a 4-fold higher rate of death and lived for an average of 11 mo shorter than subjects with low BAS. The increased risk of death with high vs low BAS was also 2-4-fold greater and the shortening of lifespan was 6-7-mo lower compared to MELD or non-BAS. 

Research conclusions
[bookmark: OLE_LINK126][bookmark: OLE_LINK127][bookmark: OLE_LINK48][bookmark: OLE_LINK49]We have developed and validated a survival model (the BAS model) based on BA indices to predict the prognosis of cholestatic liver diseases.

Research perspectives
[bookmark: OLE_LINK128][bookmark: OLE_LINK129]BAS could be used to define the most seriously ill patients, who need earlier intervention such as liver transplant. This will help provide guidance for timely care for liver patients. 
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[bookmark: OLE_LINK138][bookmark: OLE_LINK139][bookmark: OLE_LINK151][bookmark: OLE_LINK142][bookmark: OLE_LINK143][bookmark: OLE_LINK140][bookmark: OLE_LINK141][bookmark: OLE_LINK146][bookmark: OLE_LINK144][bookmark: OLE_LINK145][bookmark: OLE_LINK78][bookmark: OLE_LINK147][bookmark: OLE_LINK148][bookmark: OLE_LINK149][bookmark: OLE_LINK150]Figure 1 Receiver operating characteristics curves of bile-acids score, non- bile-acids score, and model for end stage liver diseases for death prediction. A: The area under the receiver operating characteristic curves (AUC) for bile-acids score (BAS), non-BAS, and model for end stage liver diseases (MELD) for 5-year death prediction; B: The AUC for BAS, non-BAS, and MELD for 3-year death prediction. AUC: Area under the receiver operating characteristic curves; BAS: Bile-acids score; MELD: Model for end stage liver diseases.
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[bookmark: OLE_LINK76][bookmark: OLE_LINK77][bookmark: OLE_LINK72][bookmark: OLE_LINK73]Figure 2 Estimated 5- and 3-year survival [S (t)] from the bile-acids score and non- bile-acids score models. A: The relationship between estimated 5- and 3- year survival probability [S (t)] as a function of bile-acids score (BAS); B: The relationship between estimated 5- and 3- year survival probability [S (t)] as a function of non-BAS. Q1, Q2, and Q3 are 25th, 50th, and 75th percentiles of the population, respectively. BAS: Bile-acids score.
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[bookmark: OLE_LINK82][bookmark: OLE_LINK83]Figure 3 Kaplan-Meier survival plots for high vs low bile-acids score, non- bile-acids score, and models for end stage liver diseases. aP-values < 0.05 from the Log rank and Breslow tests. A: The median cutoff value of the bile-acids score (BAS) was used to define high vs low risk of death; B: The median cutoff value of the non-BAS was used to define high vs low risk of death; C: The median cutoff value of the model for end stage liver diseases was used to define high vs low risk of death. BAS: Bile-acids score; MELD: Model for end stage liver diseases.
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Table 1 Patient population characteristics
	
	Patients
	Death
	Liver transplant

	n
	257
	27
	25

	Gender

	Male
	136
	21
	17

	Female
	121
	6
	8

	Age (yr)

	mean ± SE
	52.2 ± 0.71
	55.9 ± 1.88
	52.9 ± 2.1

	Body mass index

	mean ± SE
	30.7 ± 0.45
	29.65 ± 1.19
	29.11 ± 0.45

	Race

	White
	217
	26
	24

	Black
	11
	0
	0

	Asian
	7
	0
	0

	Hispanic
	4
	0
	1

	Others
	18
	1
	0

	Non-BA parameters (mean ± SE)

	Creatinine (mg/dL)
	1.02 ± 0.09

	Albumin (g/dL)
	3.53 ± 0.04

	INR
	1.19 ± 0.02

	Protime (s)
	12.01 ± 0.42

	AST (U/L)
	59.9 ± 4.07

	ALT (U/L)
	54.9 ± 4.26

	Bilirubin (mg/dL)
	1.75 ± 0.15

	AST/ALT
	1.28 ± 0.04

	MELD
	10.6 ± 0.34

	APRI
	1.15 ± 0.11


BA: Bile acids; INR: International normalized ratio; AST: Aspartate aminotransferase; ALT: Alanine aminotransferase; MELD: Model for end-stage liver disease; APRI: Aspartate aminotransferase/platelet ratio index. 

Table 2 Multivariate Cox regression analysis for death prediction
	BA indices (%) and non-BA parameters
	B-value (regression coefficient)
	Standard error
	P-value
	Hazard ratio: Exp (B)

	
	
	
	
	1 unit change
	10% change
	20% change

	The BAS model 

	%CDCA
	0.039
	0.010
	0.000
	1.040
	1.159
	1.344

	%Tri-OH
	0.052
	0.016
	0.001
	1.053
	1.069
	1.142

	The non-BAS model

	AST/ALT
	1.236
	0.303
	0.000
	3.442
	1.165
	1.357


[bookmark: _Hlk41941910][bookmark: OLE_LINK80][bookmark: OLE_LINK81]Using the regression coefficients from this table: The bile-acids score (BAS) equation is: the non-BAS equation is: BAS: Bile acids score; AST: Aspartate aminotransferase; ALT: Alanine aminotransferase.

Table 3 Receiver operating characteristics analysis of bile-acids score, non- bile-acids score, and models for end stage liver diseases for death prediction
	Models
	AUC (5-yr)
	AUC (3-yr)
	(Cutoff value; sensitivity, specificity)

	BAS
	0.740
	0.761
	(2.71; 74, 68)

	non-BAS
	0.653
	0.664
	(1.72; 67, 66)

	MELD
	0.683
	0.715
	(10; 62, 64)


AUC: Areas under the ROC curve; BAS: Bile acids score; MELD: Model for end-stage liver disease. 

Table 4 Estimated survival probability [S0 (t)] for death prediction
	t (mo)
	5
	7
	14
	24
	36
	60
	76

	The BAS

	S0 (t)
	0.993
	0.985
	0.971
	0.948
	0.934
	0.916
	0.901

	The non-BAS

	S0 (t)
	0.989
	0.978
	0.958
	0.924
	0.902
	0.876
	0.855


BAS: Bile acids score.

Table 5 Kaplan-Meier analysis for survival
	Cutoff
	Total n
	[bookmark: OLE_LINK85]n of events
	Estimated mean (mo)
	Standard error
	95%CI

	BAS

	Median cutoff of 2.19

	Low risk < 2.19
	128
	4
	81.68
	1.14
	79.44-83.93

	High risk > 2.19
	129
	23
	70.72
	2.5
	65.81-75.62

	Non-BAS

	Median cutoff of 1.44

	Low risk < 1.44
	118
	9
	78.68
	1.70
	75.34-82.02

	High risk > 1.44
	139
	18
	73.97
	2.21
	69.64-78.29

	MELD 

	Median cutoff of 11

	Low risk < 11
	133
	11
	78.06
	1.71
	74.71-81.42

	High risk > 11
	124
	16
	73.91
	2.35
	69.29-78.52


[bookmark: _Hlk66746971]BAS: Bile acids score; MELD: Model for end-stage liver disease.
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