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Abstract

Liver allocation policy uses the Model for End-Stagiver Disease (MELD) for patients
with chronic liver disease to stratify potentiatients according to the risk of waitlist death.
The MELD is a Cox proportional hazardous model tizattcomposed of three statistically
significant mortality predictors. It has been shotwrbe a good indicator of mortality risk at a
single point in a patient's course. However, thexea need for accurately predicting the
progression of End-Stage Liver Disease (ESLD). Bty studies either did not consider a
heterogeneous patient population awaiting livengpdantation or did not address changes in
mortality risk over time.

In a retrospective cohort study, we consider ashditlist ESLD patients with multiple
MELD score readings. We classify these patientsclasasification tree analysis. We identify a
regression model for each patient class and themade the model parameters via traditional
nonlinear regression and local regression for getlent. At the end, we construct a parameter
estimator region for each patient class.
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1. Introduction

Mortality risk assessment for patients with Endg@taiver Disease (ESLD) has been studied
for more than four decades. Most of the researchsies on patient posttransplant survival and
many of which study its relationship with organ lkifyg1,2]. This research, on the other hand,
studies the dynamics of pretransplant survival modality risk.

Child and Turcotte [3] were among the first to didsx a risk classification system for
cirrhotic patients undergoing surgical proceduRaggh’s subsequent modification [4] provided a
practical and predictive index on mortality. Childscotte-Pugh (CTP) score has been used in
the United States from 1997 to 2002 as one critetio rank candidates awaiting liver
transplantation [5]. However, the criticisms of C3¢bre on applying subjective criteria, such as
hepatic encephalopathy and ascites, surfaced ar@d@-01, given the grave imbalance
between the suitable recipient candidates andablaidonors. Therefore, an objective and more
accurate method was sought for ranking potentiadlickates according to waitlist mortality risk,
which resulted in the development of the Model End-Stage Liver Disease (MELD) by



Kamath et al. [6]. The MELD score has been impletegno replace the CTP score to determine
the priorities of patients on the waitlist recetyidonor liver offers, i.e., within the same pool of
suitable recipient candidates, the patient withghdr MELD score is of higher priority to be
offered with the donor liver [7].

The MELD uses a Cox proportional hazards regressiodel [8] and currently includes the
following covariates (laboratory components) fockegatient: the serum bilirubin level, the
creatinine level, and the international normalizatio for prothrombin time. The calculation is
presented as: 0.957 x In(serum creatinine) + 08T&serum bilirubin) + 1.120 x In(INR) +
0.643. Baseline calculation requires all three tatmyy components within 14 days of placement
on the waitlist. Subsequent MELD calculations araden whenever one or more laboratory
components change. Scores are rounded to the hésmtds and multiplied by 10. More details
about the MELD, we refer to [7].

However, there are a number of concerns regardiagMELD in the current practice: 1)
although promising, most of studies on the MELDy reh the determination of a single MELD
score at a given time point on an individual pdtegelisease progression course and do not
directly study a group of patients awaiting liveartsplants; 2) the schedule of MELD score
reassessment is somehow arbitrarily regulatedestept. For patients with lower MELD scores,
the reassessment is not too frequent thus mayenatapable of capturing the elastic nature of
liver disease progression; and 3) the MELD is avisability predictor. However, there are
competing reasons for a patient to be removed fitmerwaitlist, such as receiving a transplant
and health condition being improved.

In this paper, we will address the first two issbgsclassifying patients based on a wide
variety of demographic and medical characteristiter than the three laboratory components.
We then apply the same family of regression mofielpatients from the same patient class and
construct the set of parameter estimator for thesclTe be specific, dendito be the set of
possible values of all demographic and medicaladtaristics used as predictofhenSp) is a
subset ofS indicating which class patiemt belongs to. Denoté to be the number of classes.
Suppose a patieptbelongs to clasgj = 1,...,J. We identify a regression model associated with
classj, to predict the magnitude and direction of chamg®MELD score. Suppose there are
MELD readings for a patiemt DenoteM; to bei™ MELD reading,i = 1,...m. Let AMi.; = M; —

M, or AM; = M; — My, whereM; is the initial MELD score ani; is thei™ MELD scorejet At
=t —t; Or At = t —t;, wheret; is the registration date amds the time that thé" reading takes
place. Then the regression modehdf vs. At for patientp is

AM =fij(At), given thapis aj" class patient. (1)

Knowing the regression model identified for clasgsve obtain a vector of parameter estimates
b(p) for patientp. Collectingb(p) for all patientsp in classj, we construct a set of parameter
estimatorsBj.

Given that the liver allocation policy in the UiS.targeted towards providing donated livers
to patients with the greatest risk for waitlist madity, analysis of updated MELD scores and
mortality risk during the patients’ entire waitiggurses is an important step in the evaluation of
the MELD as a basis for liver allocation. To thestoef our knowledge, Merion et al. [9] are the
only people that consider the dynamics presentedirwthe MELD. The authors ugeM as a
prognostic factor and conclude that serial MELD resocan predict waitlist mortality
significantly better than a single baseline MEL®rec However, the authors did not study the



heterogeneity of the patient population and thalipten window is short (30 and 90 days). In
addition, like most of the previous work, the stdpatient population is small. We in this paper
analyze a large amount, up-to-date data, to dey@iegiction models for longer periods of time.
Our data were acquired from the data repositoryhef United Network for Organ Sharing

(UNOS), the organization that operates the unifiadsplant network in the U.S.

2. Methodology

In this section, we first discuss the classificataf patients by building a classification tree
based on patient waitlisegistration information. We then describe the local regressmathod
for each patient subpopulation associated with égehnode on the classification tree, based on
patient waitlistfollow-up information. At the end of this section, we deserbur study design,
data collection, and data exclusion.

2.1. Classification Tree Analysis

To deal with a heterogeneous population with variptognoses and registration times, we
believe the courses of mortality risk dynamics diféerent from patient to patient. However,
developing a regression model based on the waitdlgiw-up data for each patient does not
provide much prediction power. Furthermore, theee anly a handful number of MELD score
readings for most of the patients.

Generally speaking, traditional statistical meth@ie cumbersome to use, or of limited
utility, in classifying patients into clinically iportant categories. There are a number of reasons
for these difficulties: 1) there are generally maossible predictor variables which make the
task of variable selection difficult; 2) predicteariables are rarely nicely distributed; 3) complex
interaction or patterns may exist in the data [Ml].three difficulties exist in our research.
Therefore, we apply classification and regressiee {(CART) analysis, which was originated
from the work by Fisher [11] (see alsDiscriminant Function Analysis and General
Discriminant Analysis).

CART analysis is a form of binary recursive paotiing of the subjects [12]. Classification
and regression trees are developed for predictatggorical predictor variables (class, group
membership, etc.) and continuous dependent vasabéspectively. There are a number of
CART methods for analyzing classification-type pesbs and to compute predicted
classifications, either from simple continuous peeas, from categorical predictors, or both.
The main advantage of the tree methods is that nonparametric and nonlinear. The final
results of using them can be summarized in a sefiégsually few) logical if-then conditions
(leaf nodes). In addition, CART has a sophisticatethod for dealing with missing variables,
which is the case in both patient registration fidw-up data sets.

In our case, we build classification trees andnaptteto predict the class of each patient’s
MELD score progression course. Within each classhepatient population subgroup), we
assume that all patients’ MELD scores would chawgh the same magnitude and direction
with respect to time. In our case, predictors aendical and demographic characteristics
obtained when patients register for waiting listst(including the three initial lab values that are
used to calculate the initial MELD score). They @becategorical predictors such as geographic
location and blood type of the patient; and 3 cuardus predictors: weight, height, and body
mass index of the patient.



2.2. Local Regression

Once patients are classified into population sulngsp we collect the follow-up data of all
patients from the same classification tree node. év@ry node, our preliminary regression
analysis with smoothing for the corresponding papah subgroup indicates that the mortality
risk dynamics is clearly nonlinear but does noepfinore guidance in terms of the family of
nonlinear models. We therefore first test a nundbesimple polynomial functions: quadratic and
cubic. In each node, we develop a nonlinear regnessodel for each patient and record the
parameter estimates. We construct a parameteraggimregion, a multidimensional object that
contains all parameter estimates for patients fiteersame tree node. Hence for any hypothetical
patient, we can classify her based on the classifietermined by the classification tree analysis,
and then draw a combination of parameter estimatpsint within the object).

We then apply théoess method, a nonparametric method for estimatinglloegression
surfaces pioneered by Cleveland [13]. The methdaolval greater flexibility than traditional
modeling tools because one can use it for situationwhich one does not know a suitable
parametric form of the regression surface. Furtleeenthe method is suitable when there are
outliers in the data and a robust fitting methodasessary.

In our research we use the LOESS procedure provide@AS/STAT software for
performing local regression. The main featureshef procedure include 1) fits nonparametric
models; 2) supports the use of multidimensionaldigters; 3) supports both direct and
interpolated fitting using kd trees; and 4) computenfidence limits for predictions; and 5)
performs iterative reweighting to provide robusirig when there are outliers in the data.

For each patient, assume thatifer1 ton, thei™ MELD reading and the corresponding time
pointt; are related bAM; = g(t;) + ¢, whereg is the regression function aads a random error.
The idea of local regression is that near Xo, the regression functiog(x) can be locally
approximated by the value of a function in somecBge parametric class. Such a local
approximation is obtained by fitting a regressiamface to the data points within a chosen
neighborhood of the poing. Note thag is dependent upon the patient class.

2.3. Study Design, Data Coallection, and Data Exclusion

We in our study included all adult liver transplaandidates who were placed on the United
Network for Organ Sharing (UNOS) waitlist prior dane 18, 2006, the time the request was
placed to UNOS for data acquisition from their itugional database. We acquired two datasets:
transplant information and candidate waitlist higtdn the original datasets, there are records
for 30,906 patients. We queried the transplant ickae dataset to acquire a data set consisting
of 38 predictors related to transplant candidatgsteation. We conducted our classification tree
analysis in R and regression analyses in SAS/SP/sbftware.

From the registration dataset, we excluded theepttiwho died before the implement of the
MELD. Patients who had MELD score greater thantisfaly mass index less than 10 or greater
than 200, height less than 50 cm, weight less Btakg, were also excluded. We then conducted
a classification tree analysis. For each tree nagemerged the two datasets with the keyword
waitlist ID. We then deleted patients with feweanhb MELD readings. After data exclusion, we
had 50,263 MELD records for 6438 patients. Atehd, we calculatedM andAt.



3. Reaults

Table 1: Basic demographic characterist

of waitlist patients at registration |
Variable | Value
Age (yr)
18 -34 373 (2.1%)
35-49 1983 (11.2%)
50 - 64 3924 (22.1%)
>= 65 625 (3.5%)
Missing 10851 (61.1%)
Gender
F 6305 (35.5%)
M 11451 (64.5%) DIAL_TY| TCR=af DIAL_TY [TCR=acfh
Race
White 12872 (72.5%) 2o R
Black 1279 (7.2%) B i
Hispanic 2741 (15.4%)
Asian 664 (3.7%)
Other 200 (1.1%) Figure 1: Classification Tr

Figure 1 shows that patient diagnosis at the nmegish is a strong predictor in the
classification. It is followed by whether the paties on dialysis or not and his/her functional
status at the registration. Table 2 reports thebmimof patients in each class. Node 1 has the
most patients. It only contains patients from @asersubset of OPOs. Figure 2 plots/&M vs.

At data from Node 1.
Table 2: Classification Tree Node Summary
Node 1 2 3 4 5

# of Pat. 8811 1496 2102 1684 2213

2305 3233

Flot of Delta MELD wvs. Delta Time for Node 1

Figure 2: Data Plot for Node 1

For each tree node, we first regressed all patidmEt D readings with the application of
smoothing. We then identified a regression model estimate the parameters for each patient
within the class. We applied both traditional noghr regression (quadratic and cubic) and local
regression (loess method). Figures 3a and 3b shewegions of parameter estimators for Node

1 in the cases where the region models are quadmati cubic, respecitvely. Figures 3c shows
the Loess fit with smoothing parameter = 0.05 fatignts in Node 1.
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Figure 3: Regression analysis results

4. Conclusions and Future Resear ch

In this paper, we present our first attempt inedeping temporal prediction models for

ESLD patients’ mortality risks. In the future wellwalidate the models and explore more
accurate models with higher predicting power.
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