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Abstract: Dialysis care is particularly complex and multiple factors may influence patient
survival. The cost of such treatment for end stage kidney disease is high and needs
attention for reducing it. Individual patient survival may depend on an intricate
interrelationship between various demographic and clinical variables, medications,
medical interventions and the dialysis treatment prescription. In this research, a data
mining approach is used to extract knowledge regarding the interactions between the
features and the outcome. There exist a complex and contradictory relationships among
data mining rules that are difficult to interpret and implement. To resolve these conflicts a
decision-making algorithm is developed using sixteen different classifiers. The decision-
making algorithm employs simple and weighted voting schemes. Thus in this paper, a
hybrid data mining enhanced decision making approach is used for predictions of an
individual patient surviving beyond the median survival time. The concepts introduced in
this research have been applied and tested using data collected at four dialysis sites.
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1 INTRODUCTION

Approximately 370,000 Americans undergo dialysis,
at an annua cost of $11.1 billion (USRDS, 2002).
More than 260,000 Americans suffer from chronic
renal failureand around 50,000 people die each year
due to kidney failure (USRDS, 2002; Cooper, 2002).
Chronic rena failure occurs when the kidneys are
operating at less than 50% of normal capacity
(KDOQI, 2002). End-stage renal disease (ESRD)
occurs when the kidneys are working at less than
10%0-15% of norma capacity (KDOQI, 2002;
NIDDKD, 2002). At this stage, either transplantation
or repetitive kidney dialysis becomes necessary for
survival. Two modalities of dialysis treatment are
available, hemodialysis (HD) and peritoneal dialysis.
The median life span for a person on diaysis in the
US is slightly more than 3 years (USRDSL, 2002).
Much of this excess mortality can be explained by
the associated health conditions such as diabetes that
lead to kidney failure. Understanding factors that are
predictive of survival of a given patient may alow
for targeted interventions for high-risk patients and
may suggest improvements areas.

Data mining offers tools for individual patient based
decisions rather than population-based. It provides
algorithms and tools for identifying valid, novel,
potentially useful, and ultimately understandable
patterns from data (PAKDD, 2002; Fayyad, 1997).
Although these agorithms have proven to be highly
effective in predicting the outcomes, there are
complex and contradictory relationships among the
rules that are difficult to interpret and implement.
Due to the conflicting nature of rules, development
of a decision-making method is warranted. In this
paper, a data mining aided by decision-making
approach is used for predictions of an individual
patient surviving beyond the median survival time.

2. DATA COLLECTION AND DECISION
CATEGORY FORMULATION

Data collection was performed at four satellite
locations of the University of lowa Hospitals and
Clinics (UIHC) in a routine process and was
provided for this research project. Data collection
was carried out for clinical variable, demographic,
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dialysis solution concentrations, etc. Averages were
computed for every patient for all variables. Data
transformation was performed so as to explore the
interactions between the features. In an effort to
improve classification accuracy, insignificant
parameters and patient data were removed from the
dataset.

All patients with less than fifteen visits were
removed from the dataset. Some constant chemical
values for the dialysis solution common to all
patients were discarded. All parameters with
continuous numerical values were also discretized
into ten intervals. The total number of patients and
features considered for data mining were 114 and
about 65 respectively.

Three decision categories were developed for data
mining and decision making purposes. The category
"Above median" consisted of patients who have
either survived more than three years on dialysis and
are still alive or deceased figure 1). The second
category "Below median" consisted of patients who
survived less than three years on dialysis (Figure 1).
The third category "Undetermined" consisted of
patients who are alive and have not yet completed
three years on dialysis. The group of patients in the
"Undetermined” category Figure 1) could land in
either categories of above or below median and were
excluded from datasets for data mining.

The goa of this research was to demonstrate the
applicability of data mining and decision-making to
predict patient's survival. Thus the median survival
time (three years in this research) could be modified
to any other number of years (e.g., Six years or nine
years). In fact, the decision could refer to multiple
intervals (e.g., less than 1 year, 1 - 2 years, 2 -3
years, 3 - 4 years, etc). These multiple interval
decisions can aso be effectively mined to generate
decision rules for each decision interval.

Survived Y earg
Three Plus
Less than three

Alive | Deceased
Above median
Undetermined| Below median

Figure 1. Decision value formulation.
3. DECISION MAKINGALGORITHMS

Decision making algorithms was developed using
partial datasets mining. The features for partia
datasets were grouped based on medical relevance
between the features (e.g., cardiovascular aspects,
acid-base equilibrium, all chemicals, with continuous
values, used in dialysis solutions formed one dataset,
different systolic and diastolic blood pressures
formed  another  dataset).  Eight  different
combinations were created to form trial datasets
(Table 1). These eight datasets were mined
separately using rough set based (RS) (Pawlak, 1991)
and decisionttree based (DT) (Quinlan, 1992) data
mining algorithms.
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The classification accuracy from 10 fold-cross
validation scheme was above 7580%. Each data
subset produced two sets of rules (classifiers), one
each from the two data mining algorithms. Thus in
all there were sixteen classifiers capable of predicting
the outcomes for new patients. These classifiers
were developed to perform multi-angle, highly
reliable (paralel redundancy concept in systems
engineering), robust, accurate decisions (predictions).
This approach forms a hybrid decisionmaking and
data mining scheme.

Table 1. Partial datasets.

Trial Set Parameter Description
T1 All continuous values
T2 All discrete values
T3 All Features
Ta Excludes gll blood pressures except
the continuous value differences
T5 Exclud&_e al blood pressures except
the discrete value differences
T6 All continuous blpod pressure
values except differences
T7 Continuous chemical values only
T8 Discrete chemical values only

The sixteen classifiers are analogous to sixteen
experts providing judgment on a single patient's
health. If all the experts concur then it would be
likely a perfect diagnosis, but this rarely happens.
Thus the prediction generated from the sixteen
classifiers may not concur, as it is based on subset of
features. A decision-making scheme was develop to
handle such situations (Figure 2).

Simple voting scheme was developed in which each
classifier was provided with one vote and the votes
were counted for each decision outcome. Thus the
decision outcome with maximum number of votes
was the winner and the new record was assigned the
winner outcome. A conservative approach was
applied while handling cases where there was a tie.
The outcome "Below median® was assigned,
meaning that the patient would not survive above
three yesars.

Features considered for generating classifiers may
not have any correlation with the decision and they
may be medically insignificant. Also, the quality of
rules defining the classifiers may vary. The later two
were taken into account by a weighted voting
scheme. In this scheme the classification quality of
rules was used as weight and the weight were added
if more then one rule matches the outcomes {Table
2). Weighted voting scheme was employed to refine
the outcomes and provide appropriate representation
for strong rules verses weak rules. Thus the decision
outcome with maximum number of weighted votes
was the winner and the new record was assigned the
winner outcome. Same conservative approach as
above was applied in cases of atie.



Decision tree algorithm (DT) Rough set theory algorithm (RS

T501 0507 10150001

Above Below Above Below
median median median median

Voting scheme

Above Below
median median

Figure 2. Decisionmaking scheme.

Table 2. Sample of weighted voting scheme.

Rule| R1 R2 R3 R4 | R5| R6 |R7|R8| R9 |[R10|R11|R12| Weight Score

nge/ 20.37| 29.63 (37.04/20.37|7.41(9.26|/ 30 |30 26 | 24 | 14 | 20 [ BM |AM AD | ED
1 | BM N N N N [N [N|N|[NJ|N]|N |AM [20.37] 20 |Approx.| BM ?
2 N N N N N[N I[N|NJAM|[ N | N |AM| O | 46 | Exact |AM | AM
3 N N BM | N N[N I[N|N|[NJ|[NJ|N/|N (3704 0 | Exact |BM | BM
4 N N N N N N IN|IN| N N N N 0 0 |INoRulef 2 ?
5 | BM N N N N N IN|N| N N N N ]20.37] 0 | Exact | BM | BM
6 N N N N N N IN|IN|[ N N N N 0 0 |INoRule[ 2 ?
7 N N N BM | N N |[N|[N [AM]| N N [AM |20.37| 46 |Approx.| AM ?
8 N N BM N N N IN|IN|[ N N N N |37.04 O | Exact |BM | BM
9 | BM N BM N N N IN|[N|[ N N N N |5741] O | Exact |BM | BM
CA: Classification Accuracy BM: Below_med AM: Above med

AD: Approximate Decision ED: Exact Decision N: Not applicable

Table 3. Results produced by DT and RS algorithm.

DT RS
No. A_M |B_M | Prediction| Actual | Result |[A_M|B_M| Prediction | Actual | Result
1 5 3 A_M A_M |Match| 0 | 2 B M A_M | Fail
2 5 3 A_M A_M |Match| 8 | O A_M A_M |Match
3 4 4 B M AM|Fal ]| 4| 3 A M A_M |Match
4 4 4 B M B_M |Match| 2 2 B M B M [Match
5 4 | 4 BM |BM [Mach| 1 [ 4 B M B_M |Match
6 4 4 B M A_M | Fail 1| 4 B M A M | Fail
7 2| 6 BM |AM/|Fal | 1|2 B_M AM | Falil
8 1| 7 B M |BM [Mach| 3 [ 0 A M B M | Fail
9 1] 7 B M |[BM [Mach| 0 [ 8 B_M B_M |Match
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4 PREDICTIONS

Some patients in the "in determinate" category
(Figure 1) actually crossed in the above or below
median categories at the end of the study and were
used for verification and validation of sixteen
classifiers and testing the decision-making
algorithm. Survival predictions can be performed
on patients with at least 15-20 visits, i.e., based on
about month dialysis data. Survival predictions for
nine test cases were performed by pretending that
the outcome was not known for these patients via
truncating (six months before the test case either
completed three years or deceased) the data after
certain time into dialysis treatment. The results
from the DT algorithm for test set of nine
previously unseen cases are shown in Table 3. The
classification accuracy is 66.67% meaning that for
six out of nine cases the predictions were accurate.
There were four borderline cases where decisions
(votes) resulted in a tie and the assigned decision
was "Below median". After analyzing these cases
it was observed that they in fact were nearly
approaching the threeyear survival and there was a
good chance of above the median survival. The
prediction made by te knowledge generated with
the RS algorithm (simple voting as well as
weighted voting scheme) for the nine test cases are
shown in Table 3. The prediction accuracy is 56%
meaning that for five out of nine cases the
predictions were accurate. The predictions were
exact, meaning the outputs were predicted with
100% confidence for 56% cases. The rule
generated sometimes conflicted with their outcome
for certain cases. This was handled either by
placing a "?' for such @ses, forming exact RS or

applying voting scheme for the rule and predicting
the outcome, forming approximate RS. For cases
where the survival time cannot be predicted with
high accuracy, imply that a transplant in immediate
future would be necessary.

Interestingly cases 2 and 9 predicted the same
outcome for each and every trial dataset. This
implies that these cases were Most invariant'.
Thus they form 'Signatures’ (Kusiak, 2002) for
that outcome and it is desired that other patients
conform to the set of feature values of these
signatures. This could be achieved, wherever
possible through interventions. The overlap of
cases (Table 4) was analyzed from the results
generated by DT and RS algorithms. Thus for cases
2, 4, 5 9 accurate predictions were made
irrespectively of the type of the algorithm used. For
cases 6 and 7 erroneous predictions have been
reached.

The knowledge generated by the DT algorithm
produced superior prediction accuracy, but limited
numbers of features were considered Figure 3).
While the RS agorithm, resulted in higher
classification accuracy (see Appendix 1) and larger
number of features and exact rules. There is a
tradeoff (Figure 3) between overall prediction
accuracy (higher for DT) and individual
classification accuracy (higher for RS). There is a
need for lager datasets to obtain statistically sound
prediction accuracy. As more new test cases
become avalable the confidence of the classifiers
and decision-making model will grow.

Table 4. Overlap analysis.

Prediction Overlap Partial
DT RS Exact|RSApprox. Overlap
Abovemed| 1,2 2,3 2 2 -
Correct ([Below_med |4,5,8,9 4,5,9 4,59 4,5,9 -
Abovemed| 3,6,7 1,6,7 | 1,3,6,7 6,7 1,3
Wrong|Below_med - 8 8 - 8
Exact RS Approximate DT
Classification Accuracy Classification Accuracy
Correct 75.97% Correct 57.10%
Incorrect 24.03% Incorrect 42.90%
Prediction Prediction
Above med 2 Above_med
Correct Below_med 3 56% Correct Below_med 67%
Wrong 4 | 44% Wrong 3 33%
< | TradeoOff | >

Figure 3. Decisionmaker’s dilemma.
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After analyzing the decision rules generated by RS
and DT agorithms, significant features were
identified based up on the rules of high strength.
The identified significant features for dialysis
treatment are diagnosis, total dialysis time,
potassium, calcium and sodium levels, deviation
from target weight (Bellazzi, 2002), arteria
pressure, post- dialysis pulse rate supine, difference
between post and pre supine blood pressures, etc.

5. CONCLUSIONS

The most significant result obtained from this
research was to demonstrate that data mining and
decision making are useful for survival prediction
of dialysis patients. The potentia for making
accurate decisions for individual patients is
enormous and the classification accuracy is high
enough to warrant use of additiona resources and
conduct further research. The decision tree
dgorithm produced correct predictions 67% of the
time using equally weighted parameter sets. The
rough set algorithm produced correct predictions
56% of the time using ssimple as well as weighted
voting schemes. The decision making process can
be enhanced using other approach such as goa
programming, genetic programming, etc. A hybrid
expert decision making system can be built by
using the rules generated by the data mining
algorithms and the framework of decision-making
algorithm.
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Appendix 1: Sample Crossvalidation Results
The one-out-of n (=114) cross-validation results for
the 114 patient dataset are shown in Table 5 and
Table 6. The k (=10) fold cross-validation results
areshownin Table 7 and Table 8.

Table 5. The confusion matrix.

Below_med| Above med None
Below_med 27 15 0
Above med 3 69 0
Table 6. Classification accuracy.
Correct | Incorrect | None
Below_med | 64.29 | 35.71 0
Above med| 95.83 | 4.17 0
Average | 84.21 | 1579 0
Table 7. The confusion matrix.
Below_med| Above med| None
Below_med 22 20 0
Above med 4 68 0
Table 8. Classification accuracy.
Correct | Incorrect | None
Below_med | 52.83 | 47.17 0
Above med| 95.75 | 4.25 0
Average | 75.97 | 24.03 0




