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ABSTRACT 
 
A Bayesian network model was developed to predict 1-year graft survival rates after kidney transplantation.  The data 
from a random sample of 90% of 35,366 kidney transplants performed in the United States between 1987 and 1991 were 
used to build a Bayesian network model.  The discriminating power and the accuracy of the model predicting 1-year 
graft survival rates was demonstrated using the remaining 10% test sample.  By more accurately predicting graft 
survival, such models may be used to refine existing rule-based transplant-allocation systems and, thus, improve 
patient and transplant outcomes. 
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1. Introduction 
 
More that 30,000 patients with end-stage renal disease (ESRD) in the United States await transplantation, but fewer 
than 11,000 transplants are performed each year [1].  Since 1987, the United Network for Organ Sharing (UNOS) has 
developed and revised a set of rules, called the UNOS Point System, to help decide which transplant candidate will 
receive an available donor kidney, or graft [1].  Candidates with more points have higher priority for being 
transplanted. More points are assigned to potential matches based on a measure of immunologic matching between 
the donor kidney and transplant candidate, the number and type of Human Leukocyte Antigen (HLA) mismatches.  
All else being equal (e.g., age, time waiting for transplantation), an implicit goal of the Point System is to match the 
donor kidney with the candidate having the highest probability of maintaining short- and long-term graft function. 
Ahn and Hornberger made explicit the goal of using “predicted graft survival” as a basis of matching donor kidneys 
to help with the initial decision about whether the candidate should be included in the pool of candidates who may be 
eligible to be transplanted with an available donor kidney [2].   
 
Standard multiple-regression models, such as logistic or probit regression, have been used to predict 1-year graft 
survival rates as a function of patient demographic and health characteristics and donor-kidney characteristics [3-4]. 
Such models typically require the analyst to assert  distributional assumptions. Also, in the case of a continuous 
variable, such as age, the analyst may decide to model it as having a linear or quadratic relationship with the 
dependent variable or, instead, assign dummy variables to discrete age groups. The analyst also must decide whether 
to include dependencies, or interactions, between variables.  Last, for a subject with some missing data, the analyst 



must decide whether to drop that subject from the sample or try to impute the missing-variable values from available 
observations of other subjects in the database. 



 
We developed a Bayesian network model to relax distributional assumptions and handle missing-data problems to, 
thus, improve on predictions of 1-year graft survival rates.  This model is estimated using a supervised, machine-
learning system developed at AT&T Bell Labs, called the Advanced Pattern Recognition and Identification (APRI) 
system.  The APRI system was developed, and has been used extensively, to detect fraud in the telecommunications 
industry and to predict bankruptcy in the financial industry [5]. 
 
In this paper, we describe the Bayesian network and the APRI system, and show its prediction of 1-year graft survival 
rates for two hypothetical patients from the estimated Bayesian network.  We then demonstrate its performance in 
predicting graft survival rate.  Last, we show how the results of predictions from this model could be integrated into 
other expert systems developed by the authors to improve allocation decisions in kidney transplantation.   
 
 

2. Methods  
 

The APRI system uses a heuristic approximation to develop a Bayesian network model using an entropy-based 
concept of mutual information [6] to select variables and dependencies among the selected variables.  The mutual 
information I(X;Y) of discrete random variables X and Y is defined as 
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It is a measure of inefficiency of representing p(x,y) as p(x) p(y) or assuming independence between two random 
variables X and Y.  In the following, we provide a brief explanation of the Bayesian network and the APRI system. 
 
 
Bayesian Network 
 
Assume there exists a database with a set of variables of interest to the analyst.  The analyst can graphically illustrate 
the probabilistic relationships between these variables as a Bayesian network, which is a directed acyclic graph 
containing “nodes” that represent the variables. Arrows, or “arcs”, drawn between nodes in the network are assumed 
to represent the probabilistic dependencies. Figure 1 shows a very simple Bayesian network with two variables, X and 
Y.   
 
 
 
 
 

Figure 1.  Simple Bayesian network between two variables 
 
The arc between X and Y can be interpreted as indicated that the level of Y is determined by the level of X.  Let p(Y|X)  
represent the conditional probability of Y given X. 
 
Denote the dependent variable, Y, as the “prime” node.  Independent variables in the model, X, that are thought to 
predict 1-year graft survival rates are denoted as “field” nodes.  For example, in predicting 1-year graft survival rates, 
the prime node is whether the graft had survived 1 year or not.  Field nodes also may be connected by arcs depending 
on the probabilistic relationships among them. 
 
Assessing p(Y|X)  directly for many dependent variables X may be difficult because of the data and storage 
requirements. However, the conditional probability p(X|Y) and the marginal probability p(Y)  may be easier to assess 
by analyzing a preclassified training data set.  The conditional probability p(Y|X)  then can be estimated by applying 
Bayes rule. 
 
In the APRI system, we estimate a Bayesian network with arrows pointing from the prime node to the field nodes, 
instead of the arrows pointing the other direction, to estimate the probability in the prime node and to perform 

X Y 



evidence propagations.  Thus, the probabilistic information is stored in the form of a marginal distribution on the 
prime node and conditional distributions on the field nodes.  For more detailed descriptions of Bayesian networks and 
evidence- propagation algorithms, see [7-8]. 
 
 
APRI System 
 
The APRI system creates a Bayesian network model using entropy-based mutual information to both select variables 
and identify dependencies between selected variables.  One advantage of the APRI system is its ability to reduce the 
time needed to train the Bayesian network model, particularly the time needed to repeatedly read the data. This time-
saving approach can be a critical factor for large commercial or clinical databases. 
 
Denote TYX as a parameter used to select the variables, or field nodes, that accounts for the amount of entropy of the 
prime-to-field nodes that should be included in the model.  TYX  takes on values between 0 and 1.  The system selects 
the variables with the highest entropy until the sum of the entropy of the selected variables no longer exc eeds the 
total sum of entropy. 
 
Denote TXX as a parameter, also taking values between 0 and 1, used to select dependencies among the X variables. 
After variable selection has been completed, the system calculates the conditional mutual information contained 
between each pair of selected variables, given the information in the prime node.  Dependencies are included until 
sum of the conditional mutual information no longer exceeds the total mutual information, conditional on the 
information in the prime node.  After both variable and dependency selection is done, the marginal and conditional 
distributions are estimated for each node from data contained in the database. 
 
 
Data 
 
We used a publicly available data set from UNOS [9] to create a Bayesian network model using the APRI system. The 
data set contains 40,114 kidney-transplant records reported to UNOS from October 1, 1987 to December 31, 1991.  
Besides graft survival at 1 year, records contain information on characteristics of the donor kidney and the transplant 
recipient (n= 43 variables).  For some records, there is no information on graft survival at 1 year.  For this analysis, we 
thus used the 35,366 records with data on 1-year graft survival.   
 
We used a random sample of 90% of records to train the Bayesian network model to predict 1-year graft survival rates 
as a function of the other 43 variables.  To test the performance of the model to predict graft survival rates, we used a 
random sample  of 90% of records to train the Bayesian network.  The model then was used to predict graft survival 
rates in the remaining 10% of records. We repeated this process of training and testing the model 10 times. 
 
 

3.  Results 
 

A Bayesian Network Model for Predicting 1-year Graft Survival 
 
The Bayesian network model selected 15 variables, of the 43 original variables, as most predictive of 1-year graft 
survival (Table 1).  Use of cyclosporine therapy was the most influential variable for predicting graft survival rates, 
followed by a variable that indicated where a transplant had been performed. The results shown in Table 2 are 
generally consistent with findings of other published multiple-regression models [3-4], except our model did not reveal 
patient sex to be an important predictor of the graft survival. 
 



Table 1.  Predictors in the order of their effect on the 1-year graft survival 

Rank Predictor 
1 Use of Cyclosporine therapy 
2 Transplant center 
3 Donor type, cadaveric or living 
4 Cold-ischemia time 
5 Number of HLA -AB mismatches 
6 Donor’s age 
7 Peak Panel Reactive Antibody 
8 Patient description 
9 Number of HLA -DR mismatches 
10 History of previous transplant 
11 Donor cause of death 
12 Patient race 
13 Patient age 
14 Patient weight 
15 Donor death by motorcycle 

 
 
Notably, the model revealed dependencies between the type of transplantation (donor type) and cold ischemia time; 
the latter variable represents the time the donor kidney is not perfused with blood at body temperature.  Failure of the 
model to detect this dependency would have raised serious concerns about the model’s face validity because living-
related transplants are well known to have a very brief cold-ischemia times between harvesting the organ and its 
implantation into the transplant recipient.  The model also revealed the presence of another dependency that was 
anticipated a priori between age of the donor and the cause of the donor’s death; donors who died in motorcycle 
accidents were more often younger donors. 
 
 
Predicting Patient-Specific 1-year Graft Survival 
 
We illustrate the model’s prediction of the average 1-year graft survival rate, among all possible transplants with 
donor kidneys in the transplant pool, for two hypothetical kidney-transplant patients (Table 2). The key distinctions 
between the two patients are that Patient A is: younger, has never had a prior transplant, has fewer HLA mismatches, 
and a lower peak panel reactive antibody (P-PRA) level. (PRA is a measure of the candidate’s general immunologic 
reactivity to foreign substances).  Because of these favorable health characteristics, Patient A has a much higher 
average predicted graft survival rate than Patient B.  Besides providing an average predicted 1-year graft survival rate 
among all possible transplants, the model can be used to estimate the predicted 1-year graft survival rate for a specific 
donor-kidney and patient pair.   
 
In many instances, information on some variables are unavailable.  For variables where information is available, the 
APRI system “propagates” information through the Bayesian network to update the predictions on the prime node.  
Then, the APRI system estimates the conditional expected value for variables where information is unavailable. If 
information is unavailable on all candidate and donor-kidney variables, the model predicts an average graft survival 
rate equal to 82.4%. 
 



Table 2.  Patient and donor-kidney characteristics 

Variables Patient A Patient B 
Cyclosporine therapy Yes Yes 

Peak PRA (%) 10 15 
Prior transplant No Yes 

Donor type Cadaveric Cadaveric 
Description Work full time Work part time 
Patient race White White 

Patient age (yrs) 35 60 
HLA-AB mismatch 2 3 
HLA-DR mismatch 1 1 

Donor age (yrs) 30 35 
Average predicted 

1-year graft survival rate 
91.2% 78.4% 

 
 
Performance Evaluation 
 
Perfect probability forecast is not possible in most real problems. To measure the usefulness of the probability 
forecast, we evaluated “discrimination” and “calibration” properties of the 1-year graft survival rates prediction from 
the Bayesian network model. 
 
Discrimination   
Discrimination measures the degree to which a prediction distinguishes between a graft surviving or not to 1 year.  
We ordered records in the test sample by increasing rank of predicted graft survival rate.  Within each decile, we 
counted number of graft survival and failure cases.  The second column of Table 3 shows the cumulative rates of graft 
survival observed in the test sample.  The third column shows the cumulative rates of graft failure observed in the test 
sample. 
 
Figure 2 provides a graphical representation of discrimination.  The x- and y-axes represent the cumulative rates of 
graft survival and failure, respectively, observed in the test sample. If the Bayesian network model had perfect 
discrimination, this figure would have straight lines from (0,0) to (0,1) and from (0,1) to (1,1).  A model with no 
discriminating power would have the curve lie on the 45o-sloped line.  Figure 2 shows that the Bayesian network 
model developed by the APRI system has good discriminating power. 
 

Table 3.  Accuracy of prediction (n=3537 records in test sample) 

Decile (%) 
Cumulative 

 Observed rates (%) 
Graft survival  

rates (%) 
 Graft survival Graft failure Observed Predicted 

0-9 6.8 25.0 55.9 46.3 
10-19 16.0 38.7 75.8 67.3 
20-29 25.6 50.4 79.3 76.0 
30-39 35.3 61.7 80.0 81.1 
40-49 45.4 70.8 84.0 84.9 
50-59 55.8 79.1 85.3 88.1 
60-69 66.4 85.9 88.1 91.0 
70-79 77.3 91.9 89.4 93.8 
80-89 88.4 96.5 91.8 96.3 
90-100 100.0 100.0 94.9 99.1 

Average N.A. N.A. 82.4 82.4 
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Figure 2.  Discrimination plot 

 
 
 
Calibration 
Calibration assesses the extent to which predicted rates are equal to observed rates among all observations [10]. 
Table 3 also shows average observed and predicted 1-year graft survival rate (fourth and fifth columns, respectively), 
by decile.  For example, in the first decile, the average predicted graft survival rate is 46.3%.  These predictions then 
were contrasted with the observed (or actual) average 1-year graft survival rates (fourth column in Table 3) in the test 
sample, by decile. 
 
Figure 3 shows a calibration plot of predicted  versus observed 1-year graft failure rates.  If the data were perfectly 
calibrated, all points would lie on the straight 45o-sloped line. The extent to which the data are not aligned with the 
45o-sloped line reflects the degree of miscalibration.  In lower deciles, the Bayesian network model generally 
underestimates the observed graft survival rate. In higher deciles, the Bayesian network model slightly overestimates 
the observed graft survival rate.  These findings suggest that predictions could be improved by calibration.   
 
Further work is in progress to contrast the discrimination and calibration of this Bayesian network model to other 
more commonly applied multiple-regression models used to predict kidney-transplant outcomes [3-4].  Notably, the 
APRI system has been found to have better discrimination than conventional regression models for predicting fraud 
detection in the telecommunications industry and bankruptcy in the financial industry [5]. 
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Figure 3.  Calibration plot 

 
 



 
4.  Discussion 

 
Matching donor kidneys and candidates to achieve high graft survival rates is an important goal of commonly used 
allocation rules, such as the UNOS Point System.  Taking advantage of modern principles of decision making and the 
availability of outcomes data on thousands of prior transplants, Ahn and Hornberger have proposed new models for 
allocating donor kidneys [2].  In particular, these model make explicit the goal of using predicted graft survival rates to 
allocate donor kidneys.  To illustrate how such predictions may be used, assume that Q(.) is a function that represents 
the overall effect of transplantation on a transplant-candidate’s quantity and quality of life, e.g., quality-adjusted life 
expectancy.  We assume that a functioning graft will favorably influence Q(.).  Figure 4 shows a simple decision model. 

 
 

A prediction of 1-year graft survival rate, x, is estimated by the Bayesian network model as a function of the observed 
patient and donor-kidney characteristics.  Based on this prediction, a decision D shown in Figure 4 is made about 
whether transplantation between a candidate patient and donor kidney should be performed.  Note that x is calibrated 
by f(x) to represent the actual graft survival rate. 
 
Each patient may vary in the value, Q=Q(N), associated with having to wait for a future donor kidney, based on such 
factors as their age, likelihood of future donor kidneys becoming available that will acceptable, and quality of life on 
dialysis and with transplantation.  The patient transplanted with the donor kidney then would have a probability f(x) 
of successful engraftment at 1 year with an associated value of Q=Q(S) and, otherwise, would have a probability 1- 
f(x) of graft failure at 1 year with an associated value of Q=Q(F).  Patients who were deemed eligible for transplant, 
but were not chosen, then would have a value of Q=Q(N). 
 
Prediction models have been used with variable success to assist medical decision making. Clinicians may believe that 
their own judgments, and that of their patients, has a basis in more information than is available in clinical databases 
and, thus, is more reliable than the judgments stemming from a model of that data. In kidney transplantation, however, 
rule-based models for allocating donor kidneys have been in practical use for almost a decade.  The APRI system 
described here, and its performance in predicting 1-year graft survival rates, shows promise for providing valid 
information to better allocate such scarce resources as transplant organs.  Future research efforts will focus on 
assessing the performance of predictions based on a Bayesian network model with more commonly used multiple-
regression models. 
 
In 2000, South Korea passed the law legalizing the organ transplantation which was allowed implicitly [11].  Since the 
passage of the law, central organization for organ transplantation was established in National Medical Center and all 
the organ resources are managed centrally through the organization.  As UNOS experienced, many efficiency and 
equity issues are expected.  A sophisticated 1-yr. graft survival rate prediction would address the efficiency and 
equity issues, and valuable medical resources such as donor kidneys would be used properly [12]. 
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Figure 4.  Deciding whether kidney transplantation should be performed or not 
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