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     Abbreviations 

   AUROC    Area under the receiver operating characteristic curve   
  AVB    Acute variceal bleeding   
  CSPH    Clinically signifi cant portal hypertension   
  EV    Esophageal varices   
  HCC    Hepatocellular carcinoma   
  LSM    Liver stiffness measurement   
  LSPS    Liver spleen platelet count score   
  MELD    Model for End-Stage Liver Disease   
  NIEC    North Italian Endoscopic Club   

          Introduction 

 Previous studies have indicated that subjective estimation of risk by physicians in 
the absence of scientifi cally based risk models is inaccurate, resulting in systematic 
underestimation and overestimation. In turn, there continues to be a substantial need 
to identify individuals at risk for potentially lethal clinical events before they occur. 
Over the past two decades, a number of risk stratifi cation models have been created 
to identify groups of patients at risk for complications of portal hypertension. The 
growing availability of therapies for both portal hypertension and underlying liver 
disease etiologies have further raised interest in developing more rigorous models 
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using advanced methods of risk stratifi cation [ 1 ,  2 ]. This chapter will discuss the 
evolution of methods for risk stratifi cation model building in portal hypertension 
and address emerging concepts such as the incorporation of new tests into existing 
models, the economic impacts of risk attribution, and suggestions on how to pro-
spectively validate consensus-driven models.  

    Definition of Risk Stratification 

 In the context of clinical medicine, risk stratifi cation is defi ned as a statistical pro-
cess to determine detectable characteristics associated with an increased chance of 
experiencing unwanted clinical outcomes. Said another way, risk stratifi cation 
determines whether events in a local population are accounted for by the risk factors 
in that population. By identifying factors before the occurrence of an event, it may 
be possible to develop targeted interventions to mitigate their impact [ 3 ].  

    Dichotomization of Single Variables for Risk Stratification 

 The ability to estimate risk accurately for both individual patients and populations is 
a challenging concept. In clinical practice, the assessment of risk by physicians is usu-
ally based on the perception of a high or low probability for developing major clinical 
events over time. Furthermore, most indications for therapy are also dichotomous in 
nature which reinforces the decision-making process used in clinical practice [ 1 ,  2 ,  4 ]. 
In contrast, the syndrome of portal hypertension is a complex pathophysiological dis-
ease state where the biological and statistical basis for risk estimation certainly 
exceeds the limits of a dichotomous, single risk stratifi cation variable [ 4 ,  5 ]. 

 The use of variables in a dichotomous fashion is complicated by other issues. 
Reproducibility of variable measurement within an individual may vary by 10 % or 
more which is separate from the biological variation that causes additional error in 
measurement. Because the risk for clinical events is usually distributed across a 
spectrum versus being located at the extremes (high or low), a dichotomous variable 
alone lacks suffi cient sensitivity and specifi city to be a useful method of risk strati-
fi cation [ 1 ,  2 ,  4 ,  6 ]. In general, odds ratios >15–20 are required to meaningfully 
affect prediction for an individual [ 4 ,  5 ]. However, such high odds ratios do not 
generally exist for individual predictors. 

 An example of using a single test result to assess risk comes from a recent sys-
tematic review and meta-analysis performed by Singh and colleagues [ 7 ] examining 
the association between quantitative liver stiffness measurement (LSM) and the 
future development of decompensated cirrhosis, hepatocellular carcinoma (HCC), 
and mortality. By pooling relevant studies for each outcome and the composite end 
point, a 7 % and 32 % increase in risk of liver-related event per unit of LSM was 
identifi ed. The authors, however, cited heterogeneity of studies, variability in treat-
ment and follow-up, and publication bias as potential limitations affecting precision 
of the results. The use of prospective cohort studies in patients at earlier stages of 
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chronic liver disease receiving similar treatment would be required to assess LSM 
as risk stratifi cation tool for recognizing high- and low-risk patients for clinical 
events. Furthermore, a greater focus on assessing whether a prognostic model 
including measures of liver severity such as MELD is likely to provide better dis-
criminative ability in predicting outcomes.  

    Clinical Prediction Models 

    Multivariable Models 

 An ideal approach should not only classify patients as high or low risk but also 
intermediate risk, so that the large majority of patients in a population can be 
assessed [ 4 ]. With the inception of risk stratifi cation model development in most 
areas of clinical medicine, the predominant method used by many investigators was 
logistic regression analysis [ 1 ,  2 ,  6 ,  8 ]. In the literature, there are a multitude of 
publications using this approach in risk stratifi cation of patients affected by portal 
hypertension. Current risk estimation systems, however, are now more commonly 
based on proportional hazards techniques with either Cox (semiparametric) or 
Weibull (parametric) approaches. In contrast to logistic regression, the proportional 
hazards techniques have the advantage of allowing for losses to follow-up and vari-
able observation time among individuals within a cohort. The Cox proportional 
hazards method also has two additional distinct advantages : (1) no assumptions are 
required about the shape of the underlying survival function and (2) data is used 
more effi ciently by allowing risk to be estimated for periods greater than the length 
of the study’s follow-up [ 1 ,  2 ,  8 ]. 

 The risk stratifi cation of patients for determining the presence of esophageal 
varices has been a topic of great importance in the fi eld of portal hypertension [ 9 ]. 
Over time, published studies have evolved from developing models in single center 
cohorts to examining multiple models in several validation cohorts. Berzigotti et al. 
[ 10 ] recently performed a cross-sectional study using a training set of 117 patients 
with compensated cirrhosis to determine the predictive ability of spleen diameter, 
platelet count, and LSM in detecting clinically signifi cant portal hypertension 
(CSPH) and esophageal varices (EV). In this study, two unique statistical models 
generating CSPH and EV risk scores using multivariable backward stepwise logis-
tic regression were developed. A composite score with LSM, spleen diameter, and 
platelet count (LSPS) was also examined. Subsequently, the models were assessed 
in an independent series of 56 patients from another center. The discriminative abil-
ity of the different models was assessed by area under the receiver operating char-
acteristic curve (AUROC) analysis. Results were noted for an LSPS score above 
and below 3.2 correctly classifying 85 % of patients in the training set and 75 % in 
the validation set that was comparable to results from the EV risk score. The authors 
note that all of the patients had complete test results for all measurements, and thus 
model performance does not account for “real-life” situations where tests provide 
incomplete results in some patients.  
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    Risk Scores 

 Risk scores have been developed from clinical prediction models in assessing risk. 
Their advantage is that risk stratifi cation is most likely to defi ne the spectrum of risk 
for complications among populations with the disease of interest [ 4 ,  6 ]. Risk scores 
are commonly used in cardiovascular medicine, with the Framingham risk score as 
the most well-known system assessing the risk of symptomatic heart disease in 
asymptomatic populations. Another advantage of using risk scores is their utility in 
clinical practice where clinicians faced with an individual patient can reliably iden-
tify low-risk patients who do not require potentially expensive or risky therapies 
without compromising the quality of care [ 1 ,  2 ,  6 ]. 

 In contrast to logistic regression and some proportional hazards models, there are 
relatively fewer publications in populations with portal hypertension that examine 
risk scores across the spectrum of disease severity. An early notable example of risk 
stratifi cation system development using PH methodology is the North Italian 
Endoscopic Club (NIEC) prognostic model for predicting a fi rst bleeding episode in 
patients with cirrhosis and esophageal varices [ 11 ]. Subsequent validation of the 
NIEC index in multiple independent cohorts was also performed [ 12 ]. 

 The most prominent example of risk stratifi cation using PH techniques is the cre-
ation of the Model for End-Stage Liver Disease (MELD) score [ 13 ,  14 ]. With the idea 
of providing risk stratifi cation for all patients in the spectrum of disease severity related 
to cirrhosis, Teh and colleagues [ 15 ] studied the ability of MELD score to predict short- 
and medium-term risks for mortality after common surgical procedures. By multivari-
able analysis, only MELD score, American Society of Anesthesiologists class, and age 
predicted mortality at 30 and 90 days, 1 year, and long-term, independently of type or 
year of surgery among 772 patients with cirrhosis. Thirty-day mortality ranged from 
5.7 % with MELD scores <8 to more than 50 % for patients with MELD scores >20. 
Given the linear relationship with mortality risk and MELD score, patients across the 
entire range of disease severity could be assessed with an ordinal range of MELD 
scores corresponding to rising time- dependent probabilities for mortality. Subsequently, 
multiple validation studies in separate cohorts supported the initial study’s results. 

 Other more complicated methods also exist, including cluster analysis, tree- 
structured analysis, and neural networks. These methods are particularly useful for 
selecting the most appropriate variables when a large number of potential predictors 
of risk are available. However, the main problem with all of these methods is model 
shrinkage—their predictive ability declines sharply once the model is applied to an 
external dataset which limits their utility in clinical practice [ 1 ,  2 ,  8 ].   

    Validation, Discrimination, and Calibration of Risk 
Stratification Models 

    Internal Validation 

 Internal validation describes how well a constructed model performs in the dataset 
from which it was derived. For the most part, risk estimation systems generally 
perform well when assessed in this way. However, when a proportion of the same 
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dataset from which the model was created is used to further demonstrate validity 
(i.e., split-set approach), assertions of model superiority require caution as predic-
tion is made at the exact end point in the test dataset [ 2 ,  6 ,  8 ].  

    External Validation 

 In contrast to a spilt-set approach, the application of a risk model in an external 
dataset is more appropriate for assessing external validation. In general, risk models 
that demonstrate similar predictive ability in different cohorts suggest that the sys-
tem may have good discrimination in identifying future cases and non-cases (see 
below) [ 2 ,  6 ,  8 ]. Model AUROCs or c-statistic values in external validation datasets 
>0.7 are generally considered satisfactory. Lower values may occur when popula-
tion differences in an external dataset from the testing set are known or identifi ed 
after cohort comparison [ 8 ,  16 ].  

    Discrimination 

 Several measures exist to assess the overall pattern of risk stratifi cation model per-
formance including sensitivity, specifi city, AUROC, c-statistic, and clinical likeli-
hood ratios [ 6 ,  8 ]. Although used for assessing diagnostic test performance, AUROC 
has increased in use for assessing the discrimination ability of a risk model (i.e., 
how well the model can identify future cases with clinical events and non-cases). 
AUROC technique using thresholds cut points provide sensitivity and specifi city 
parameters which are better understood by physicians [ 16 ]. In turn, reporting the 
sensitivity and specifi city at threshold cut points for distinguishing high from low 
risk is helpful. It is generally accepted that AUCROCs and c-statistic values ≥0.80 
denote excellent discrimination [ 6 ,  8 ,  16 ,  17 ].  

    Calibration 

 Risk prediction models also require a high degree of calibration to fulfi ll the goals 
of internal and external validation. Calibration is defi ned by how well the predicted 
event rates correspond to the observed events. Models which can discriminate well 
but have marginal ability for calibration usually result in misclassifying high- and 
low-risk persons for clinical events [ 1 ,  2 ,  16 ,  17 ]. Risk estimation systems can also 
change how well calibrated they are based on different baseline rates for the event 
in question in different geographic regions. Methods to assess reclassifi cation after 
modifi cation of risk stratifi cation models have been developed and are now begin-
ning to be used more frequently in emerging literature. Of note, a system with per-
fect calibration will have a lower value of discrimination (between 0.8 and 0.9) as 
they are linked concepts [ 2 ,  8 ,  16 ,  17 ]. 

 Despite mortality rates as high as 20 % following acute variceal bleeding (AVB), 
existing risk stratifi cation models have seldom been used to determine prognosis 
given their lack of external validation. Recently, Reverter et al. [ 18 ] examined 
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multiple techniques to assess advanced performance metrics of risk stratifi cation 
models for acute variceal bleeding (AVB). Among 178 patients with cirrhosis and 
esophageal AVB who received standard therapy from 2007 to 2010, several risk 
models including MELD and a modifi ed version of MELD were assessed for the 
ability to predict mortality within 6 weeks of AVB presentation. In addition to dis-
crimination and calibration assessment, the models were further examined in sepa-
rate cohorts from Canada and Spain. With an observed 6-week mortality frequency 
of 16 %, MELD was the best model in terms of discrimination. Following recalibra-
tion by adding the use of a logistic regression model, a MELD score of 11 was asso-
ciated with a 5 % risk of mortality (i.e., low-risk group), while a MELD score of 19 
was associated with a 20 % mortality rate (i.e., high risk). The MELD-based model 
showed excellent discrimination (AUC 0.87) in both external cohorts, while calibra-
tion was excellent in the Canadian cohort. Overprediction of mortality risk in high 
MELD score patients within the Spain cohort suggested less robust calibration.   

    Integrating Current Tests into Existing Risk Stratification 
Models 

 Several novel markers for risk stratifi cation have undergone evaluation as tools to 
assess prognosis in patients with portal hypertension. Elastography imaging has 
received the most attention recently, with serum fi brosis markers and genomic poly-
morphism analyses also examined as potential tests. As discussed earlier, no single 
test is likely to provide adequate risk stratifi cation [ 1 ,  2 ,  4 ,  5 ]. In contrast, studies 
have been conducted to improve risk estimation through the incorporation of new 
risk factors into existing models. However, improving a model’s AUC from 0.80 to 
0.90 by adding a new marker requires the novel test result to have an independent 
odds ratio >3 which is highly uncommon given signifi cant correlations with 1 or 
more risk factors for portal hypertension. Conversely, the absence of improved dis-
crimination (as measured by the AUC or c-statistic) suggests the novel marker is 
unlikely to be useful as a screening test [ 5 ,  8 ,  16 ]. Additional challenges exist based 
on the strong correlation among parameters that address the same physiology. 
Choosing which tests to combine has also not been standardized to date [ 1 ,  2 ]. 

 Asrani and colleagues [ 19 ] examined the contribution of LSM by magnetic reso-
nance elastography in identifying patients at increased risk for hepatic decompensa-
tion among patients with cirrhosis. Among 430 subjects with varying stages of 
cirrhosis, the mean LSM value was independently associated with decompensated 
cirrhosis after adjustment for MELD score, age, gender, albumin, and platelet count 
at baseline. However, the odds ratio for LSM was only 1.13. In the follow-up cohort, 
the hazard rate of hepatic decompensation was 1.42 per unit increase in LSM over 
time. However, for subjects with compensated disease and mean LSM values >5.8 
kPa (equivalent to roughly 18 kPa by transient elastography), the hazard rate of 
hepatic decompensation was 4.96 compared to an individual with compensated cir-
rhosis and lower mean LSM values. This study highlights the limitation of LSM 
alone for risk stratifying all patients with compensated cirrhosis.  
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    Contemporary Issues in Risk Stratification Modeling 

    Competing Risks 

 The presence of competing risks for death in patients with portal hypertension mod-
ifi es the relationship between risk stratifi cation models and mortality. It is clear that 
many risk factors for portal hypertension are also signifi cantly associated with death 
due to other liver-related causes such as hepatocellular carcinoma. Current risk 
stratifi cation strategies do not typically account for competing risks, which limits 
some of their discrimination and calibration utilities. Risk stratifi cation models 
examining short-term mortality risk will also be compromised when applied to pop-
ulations with longer life expectancies [ 1 ,  2 ]. In the Asrani study, cause-specifi c Cox 
PH analysis adjusting for competing risks was utilized to determine the association 
between elevated LSM and development of decompensation [ 19 ].  

    Dynamic Risk Profiling 

 Most risk stratifi cation models incorporate variables as static entities when in 
most cases they are actually dynamic in nature. Continuous risk markers, such as 
liver stiffness, can vary within individuals when measured at different times or 
when repeated over time. Thus, the timing of risk assessment is important [ 1 ,  2 ]. 
Temporal variations in portal pressure including time of day [ 20 ,  21 ], season [ 22 ], 
and relationship with exertion [ 23 ,  24 ] have all been documented which affect 
timing of measurement as well. Finally, the frequency with which risk should be 
assessed is unknown because the duration of the predictive value of a test is rarely 
studied.  

    Economic Implications of Risk Stratification 

 One of the stated goals of risk stratifi cation is to identify all individuals at high risk 
for major clinical events and to pursue treatments, when available, to prevent these 
events. However, for a randomized trial, this may require screening and evaluating 
10–20 times as many patients to identify the 5–10 % of patients who are at high risk. 
Screening costs, therefore, could outpace costs of the study and its interventions and 
thus may prevent conduct of the study. Well-designed studies to improve risk strati-
fi cation models could also incur costs that may be prohibitive as well. In clinical 
practice, a key goal of risk stratifi cation is to identify those patients at low risk for 
clinical events who would not benefi t from an expensive or invasive therapy. 
Notably, if an alternative therapy of equivalent effi cacy and lower cost becomes 
available, the performance of risk stratifi cation models could change. From a health 
economics perspective, recognizing high-risk groups that do not benefi t from inter-
ventions due to competing risks (in addition to low-risk patients) also decreases the 
overall costs and increases effectiveness [ 1 ,  2 ,  25 ].   
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    Unmet Needs 

 Despite advances in the approaches and techniques for developing risk stratifi cation 
models over time, a number of unmet needs in this fi eld remain. The majority of 
study designs used for model building are retrospective in nature given that the fre-
quency of events is already known. In contrast, the conduct of prospective studies 
(observational or interventional) examining the effi cacy of risk stratifi cation models 
in predicting events would confi rm excellent performance that is defi ned retrospec-
tively. Developing consensus on strategies and evaluation plans for incorporating 
new tests into existing risk models is also needed as current approaches are nonsys-
tematic. Assessing the robustness of risk stratifi cation models in selected popula-
tions with portal hypertension is also needed with specifi c attention to the elderly, 
racial and ethnic minorities, populations with multiple comorbidities, and those 
residing in different geographic areas [ 1 ,  2 ,  6 ,  25 ].  

    Future Pathway for Risk Stratification 

 Recommendations have been proposed elsewhere [ 1 ,  2 ,  25 ] that defi ne a pathway 
for improving the development and application of risk stratifi cation models, which 
are relevant for populations with portal hypertension:

    1.    Establishing baseline risk models composed of important, readily available clini-
cal variables for common patient groups   

   2.    Generating a consensus list of currently available risk stratifi cation techniques 
that should be assessed for improving performance of baseline model   

   3.    Thorough evaluation of the added prognostic utility of novel risk markers, 
including assessment of interactions, discrimination, calibration, model fi t, and 
reclassifi cation   

   4.    Evaluation of optimized risk stratifi cation approaches in randomized clinical 
trials   

   5.    Creation of a full and transparent process for promoting clinical trials supported 
by all stakeholders    

      Conclusion 
 Developing and validating risk stratifi cation models in populations with portal 
hypertension remains a daunting process. While locating a simple algorithm or 
test for predicting mortality or major clinical events is ideal, this will not be real-
istic given that no single test result can adequately represent the pathophysio-
logic complexity of portal hypertension. As methodologies for risk model 
development have moved from logistic regression analysis to proportional haz-
ards techniques, an increased emphasis on developing risk scores including 
patients at intermediate risk of adverse clinical events will improve the relevance 
of predictive models. Notably, the MELD score has been able to serve in this 
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capacity to date as compared to more traditional but categorical systems like 
Child-Pugh classifi cation. There also need to be additional refi nements which 
account for the dynamic nature of clinical variables and the knowledge of com-
peting risks that can infl uence the risk for major clinical events. As risk stratifi ca-
tion models are being developed using advanced statistical techniques in 
cooperation with biostatisticians, these strategies should be considered for test-
ing in prospective randomized clinical trials to establish their utility and also to 
identify models where new tests can be incorporated to determine if risk stratifi -
cation improves.     
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