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Abstract: Construction litigation expenditures have increased considerably over the years. An universal prediction model �UPM� was
developed to predict the outcome of construction litigation and, hence, encourage settlements out of court. The study was conducted by
using 151 Illinois circuit court cases filed in the period 1987–2005. UPM consists of data consolidation, attribute selection, hybrid
classification, and performance assessment. A code was written to automate the entire process in the Waikato environment for knowledge
analysis. UPM is versatile and scalable. The findings resulted in a higher prediction rate than those obtained in previous studies. The
system proved to be quite robust and fast. If the outcome of construction litigation can be predicted with reasonable accuracy and
reliability, all parties involved in the construction process could save considerable money and time.
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Introduction

Construction litigation has become commonplace in numerous
construction projects, particularly in large contracts. Disputes are
caused by a variety of reasons including design changes, changed
site conditions, delays, and acceleration orders, to name but a few.
Construction litigation expenditures have increased at an average
rate of 10% �Pena-Mora et al. 2003� per year. Several alternative
dispute resolution methods such as arbitration, mediation, and
dispute review boards have been developed as an alternative to
lengthy and costly litigation. Many attempts have been made by
researchers to reduce the number of claims and disputes and me-
diate between the parties, hence, avoiding litigation �Kassab et al.
2006; Ren et al. 2003; AbouRizk and Dozzi 1993; Kilian and
Gibson 2005; Diekmann and Girard 1995; Yiu et al. 2006; Russell
1996; Elazouni 2006�. Artificial intelligence-based models have
been used extensively to solve problems in various civil engineer-
ing domains �e.g., transportation, hydraulics, and soil mechanics�.
Some of these models have made use of hybrid systems and
obtained improved results �e.g., neural-expert system that predicts
the strength of concrete developed by Gupta et al. �2006��. There
have been only three attempts to reduce the frequency and sever-
ity of construction litigation by developing artificial intelligence-
based models to predict the outcome of court decisions, one using
artificial neural networks �Arditi et al. 1998�, another using
case-based reasoning �Arditi and Tokdemir 1999�, and the final
one using boosted decision trees �Arditi and Pulket 2005� on
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construction-related Illinois court cases, reaching prediction
rates of 66.67, 83.33, and 87%. The first two of these models used
a single classifier to make the predictions, while the third one
made use of boosting, an enhancing algorithm. The idea of an
integrated system composed of a multitude of combinations of
several preprocessing methods and several hybrid classification
systems is explored in this study in order to optimize the predic-
tion of the outcome of court cases in the construction litigation
domain.

A universal prediction method �UPM� was developed to be a
comprehensive methodology to solve prediction problems by ex-
ploring the combination of as many preprocessing methods and as
many hybrid classifiers as possible. It is expected that prediction
rates can be improved by developing new methodologies such as
UPM.

Universal Prediction Model

Experience and past literature reviews show that no single ma-
chine learning scheme is appropriate to all data mining problems
�Witten and Frank 2005�. Real data sets vary, and to obtain accu-
rate models, the bias of the learning algorithm must match the
structure of the domain. Data mining is an experimental science
�Witten and Frank 2005�. The concept of a universal learner pro-
posed in this study is an ideal approach that would be applicable
to all problems in all domains.

The UPM developed in this study is composed of three main
processes, namely, preprocessing, classification, and assessment
�Fig. 1�. The model is constructed using the Waikato environment
for knowledge analysis �WEKA� �Witten and Frank 2005� and
implemented in the construction litigation domain. WEKA is a
collection of machine learning algorithms and data preprocessing
tools and provides an environment for experimental data mining.
WEKA is available from the Computer Science Department of the
University of Waikato, New Zealand.

Preprocessing

Preprocessing consists of two functions as shown in Fig. 1. First,

the dataset is appropriately consolidated by using several algo-
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rithms and methods. This step is performed to ensure the appro-
priate data format required for a particular learning scheme. Next,
the attribute selection process searches the space of attribute sub-
sets and selects the most relevant attributes in the dataset.

Data Consolidation
Data consolidation attempts to make the data more efficiently
manageable by machine learning tools because real data are often
low in quality. Indeed, data may come from different sources at
different times. The data may have to be extracted from text,
assembled, integrated, and organized. The data have sometimes
not been gathered expressly for the purpose in mind. When origi-
nally collected, some of the fields probably did not matter and
were not filled properly. Provided that it does not affect the origi-
nal purpose of the data, there is no incentive to correct them.
However, when the same data are used for a specific purpose, the
errors and omissions may suddenly start to assume great signifi-
cance. Most data sets encountered in practice also contain missing
values. The significance of missing values has to be carefully
considered. Missing values may occur for several reasons, such as
malfunctioning measurement equipment, changes in design dur-
ing data collection, and collation of several similar but not iden-
tical data sets.

Data consolidation involves the application of a filter algo-
rithm to the data sets at hand. If the filter is supervised, i.e.,
if it uses class values to derive intervals for discretization, ap-
plying it to the test data may bias the results. To avoid the occur-
rence of bias, the unsupervised attribute filters are used in this
research.

Attribute Selection
Each individual, independent case that provides input to machine
learning is characterized by its values on a fixed, predefined set of
features called attributes. Most machine learning algorithms are
designed to learn to use the most appropriate attributes for mak-
ing their decisions. Experiments with a decision tree learner have
shown that adding to standard data sets a random binary attribute
generated by tossing an unbiased coin affects classification per-
formance, causing it to deteriorate by about 5–10% �Witten and
Frank 2005�. This happens because at some points in the trees that
are learned, the irrelevant attribute is invariably chosen to branch
on, causing random errors when test data are processed.

Because of the negative effect of irrelevant attributes on most
machine learning schemes, it is possible to precede learning with
an attribute selection stage that strives to eliminate all but the
most relevant attributes. The best way to select relevant attributes
is manually, based on a deep understanding of the learning prob-
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methods can also be useful. Deleting unsuitable attributes im-
proves the performance of learning algorithms, and speeds them
up, although this may be outweighed by the computation involved
in attribute selection. More importantly, dimensionality reduction
yields a more compact, more easily interpretable representation of
the target concept, focusing the user’s attention on the most rel-
evant variables.

Machine learning algorithms can be used for attribute selec-
tion. For instance, the decision tree algorithm can be applied to
the full dataset, and then only those attributes that are actually
used in the tree are selected. When a decision tree is used for
attribute selection, it will not have any effect if the base classifier
is also a decision tree, but it may have a positive effect if the base
classifier is a different learning algorithm. Some algorithms are
notoriously susceptible to irrelevant attributes, and their perfor-
mance can be improved by using a decision tree builder as a filter
for attribute selection first.

Classification Using Hybrid Systems

“Hybrid” means something made up of a mixture of different
elements. In this study, a hybrid intelligence system consists of
at least one base classifier and other additional components �see
Fig. 1�. Base classifiers include decision trees �based on the di-
vide and conquer approach�, rule learning schemes �that take each
class in turn and seek a way of covering all instances in it, at the
same time excluding instances not in the class�, and function
learning schemes �mathematical equations written in a reasonably
natural way�.

The addition to a base classifier can be in the form of meta-
learner applications or other classifiers �ensemble methods�. Add-
ing enhancing tools such as meta-learner applications or using
ensemble methods is likely to improve the performance of a base
classifier, and, hence, enhance the predictive performance of the
system compared to using a single model.

Meta-Learner Approach
Meta learners include tools such as boosting and bagging that
enhance the performance of a base classifier. Bagging is a vari-
ance reduction scheme, while boosting primarily reduces the bias
of the base procedure. There are two major differences between
bagging and boosting. First, boosting changes adaptively the dis-
tribution of the training set based on the performance of previ-
ously created classifiers, while bagging changes the distribution
of the training set stochastically. Second, boosting uses a function
of the performance of a classifier as a weight for voting, while
bagging uses equal weight voting. Boosting algorithms are con-
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ging is much more robust than boosting in noisy settings. While
boosting reduces both bias and variance, bagging mainly reduces
variance �Webb 2000�. MultiBoost AB is an algorithm that com-
bines boosting with bagging. It retains boosting’s bias reduction
ability while adding bagging’s effective variance reduction. How-
ever, whereas bagging uses resampling to get the data sets for
training and producing a weak hypothesis, MultiBoost AB uses
wagging, i.e., reweighting for each training example, pursuing the
effect of bagging in a different way �Kotsiantis and Pintelas
2004�.

Ensemble Approach
The ensemble approach includes tools such as stacking, grading,
and voting that manipulate the output of multiple models. Unlike
bagging and boosting that are applied directly to a base classifier,
the ensemble approach involves running multiple models, and
applying tools such as stacking, grading, and voting to extract
enhanced predictions. The procedure involves estimating the ex-
pected error of combinations and choosing the combination with
the lowest error and, hence, the highest prediction capability.

The basic idea of Stacking is to use the predictions of the base
classifiers as attributes in a new training set that keeps the original
class labels �Seewald 2002�. Stacking learns from the outputs of
the base classifiers �e.g., decision trees, JRip� by using another
learning algorithm �Wolpert 1992� that makes use of class
probability distributions. A variation of stacking called StackingC
makes use of multi response linear regression rather than class
probability distributions and has proved to be more efficient
than basic stacking �Seewald 2002�. StackingC was used in this
research.

Grading is a technique developed by Seewald and Fürnkranz
�2001� who have made use of the principles originally set by Bay
and Pazzani �2000�. Grading trains a classifier for each of the
original base classifiers on a training set that consists of the origi-
nal cases but with class labels that encode whether the prediction
of this classifier was correct on this particular case. So the origi-
nal dataset is transformed into a two-class dataset with new val-
ues that encode whether the base classifier was able to correctly
predict this case in an internal cross-validation or not �Seewald
and Fürnkranz 2001�. Hence, in contrast to stacking, grading
leaves the original cases unchanged, but instead modifies the class
labels.

In voting, instead of giving its entire vote to the class it con-
siders to be most likely, each base classifier is allowed to split its
vote according to its estimate of the class probability distribution
for the particular case. Voting adds up the distributions of all base
classifiers, renormalizes the sum, and chooses the class with high-
est probability afterwards �Kuncheva 2004�.

Validation
Classifier accuracy is important in that it allows one to evaluate
how accurately a given classifier will label future data, that is,
data on which the classifier has not been trained. Using training
data to derive a classifier and then using the same data to test for
accuracy can result in misleading overoptimistic estimates due to
overspecification of the learning model to the data. The hold out
and cross-validation methods are two common techniques for as-
sessing classifier accuracy. In the hold out method, the data are
randomly partitioned into two independent sets, training and test
sets. Typically, two-thirds of the data are allocated to the training
set, and the remaining one-third to the test set �Nashvili 2006�.

The training set is used to derive the classifier, whose accuracy is
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assessed with the test set. In k-folds cross-validation, the initial
data are randomly partitioned into k mutually exclusive subsets or
“folds” �S1 ,S2 , . . . ,Sk� each of approximately equal size. Training
and testing are performed k times. In iteration, i the subset Si is
reserved as the test set, and the remaining subsets are collectively
used to train the classifier. Accuracy is the overall number of
correct classifications from the k iterations, divided by the total
number of samples in the initial data. In stratified cross-
validation, the folds are stratified so that the class distribution of
the samples in each fold is approximately the same as that in the
initial data. A stratified tenfold cross-validation is recommended
for assessing classifier accuracy due to its relatively low bias and
variance �Han and Kamber 2001�.

The results are analyzed and compared to pick the models that
perform better with the construction litigation dataset.

Assessment

In this process, prediction systems are compared and evaluated on
the basis of four performance measures: prediction accuracy, ro-
bustness, speed, and interpretability. If the top priority is predic-
tion accuracy, the hybrid combination that gives the highest rate
of prediction is selected. If the top priority is robustness, the
hybrid combination that has the most consistent results with crisp
and noisy data is selected. This process is extended to speed and
interpretability too. If on the other hand, a combination of priori-
ties is to be preferred, then the assessment is made accordingly.
• Prediction accuracy: this criterion is assessed based on how

correctly a model classifies instances measured by the mean
absolute error. This metric shows the predictive performance
of different models by indicating the level of accuracy in terms
of percent of test cases predicted correctly. The k-folds cross-
validation method is implemented in the experiments.

• Robustness: noisy and missing values in the dataset can affect
the robustness of different learning algorithms in different
ways. Comparing the outcomes of different models in the face
of noise and missing values will give an indication of the
robustness of these models. This criterion is assessed based on
the model’s sustainability from external distraction factors
such as noise in data and missing values. Preprocessing filters
are used to manipulate the dataset creating noisy information
and unknown attributes. The model that can sustain, or in other
words, minimize its prediction error under these circumstances
is considered to be more robust.

• Speed: this criterion is assessed based on the computation time
of the model. This metric reflects the complexity of the model
that is being used. For example, it is obvious that a neural
network model will take longer to run than a decision tree
model due to the demanding computational processes of its
multilayer structure compared to the straight forward branches
in a decision tree model.

• Interpretability: this criterion is assessed based on the output
of the models. This factor is subjective and depends heavily on
the structure of different algorithms in different models. For
example, decision tree-based algorithms produce a tree,
weights, and branch probabilities; rule-based algorithms pro-
duce rules that lead to the class; yet neural network-based
algorithms return incomprehensible results that cannot be in-
terpreted in the real world meaning. This metric is useful when
trying to put together practical rules and guidelines relative to

the problem domain.
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Methodology

Scope of the Model

Although WEKA is a resourceful environment, only a limited
number of tools were selected for use in the model. Bound by the
amount and characteristics of the dataset at hand, some tools are
specifically applicable and some are more suitable than others.
The criteria of tool selection to form the model are described in
this section:
• Data consolidation—all attributes in the dataset are expressed

by nominal values. Since the bias in the model is to be mini-
mized, only unsupervised filters are applicable. Since nominal
values cannot be changed into other types, the transforming
filters were discarded. Add noise was selected to test the ro-
bustness of the model. As seen in Table 1, the following self-
explanatory filters were also selected: normalize, replace
missing values, reorder, and remove useless.

• Attribute selection—subset evaluation methods are more accu-
rate but more time consuming than single attribute evaluation
methods. Therefore, the following attribute selection methods
were used in the study �see Table 1�: correlation-based feature
subset evaluator, classifier subset evaluator, and consistency
subset evaluator. On the other hand, only some of the search
methods are compatible with these subset evaluation methods
and, therefore, these search methods were singled out for use
in this study �see Table 1�: best first, genetic search, greedy
stepwise search, and rank search.

• Base classifiers and enhancing tools—the criteria used for se-
lecting base classifiers out of all the tools available in the
WEKA environment include potentially fast speed with prom-
ising results. Past research indicates that some tools have been
proven outdated and have been replaced by newer, improved
algorithms. Sometimes, more than one variation of the same
algorithm have been developed, tested, and compared with the
original. In such cases, one of the variations has proved to be
superior to all others, hence, replacing the older variations.
Using these principles, the following base classifiers were se-
lected for use in the study �see Table 1�: J4.8, REPTree, JRip,
and PART. J4.8 is the name of a Java class that generates an
unpruned or pruned C4.5 decision tree, where C4.5 is an origi-
nal well known algorithm for a decision tree learning scheme
�Quinlan 1993�. REPTree builds a decision/regression tree
using information gain/variance reduction and prunes it using
reduced-error pruning with backfitting. REPTree can be con-
sidered to be a faster variant of the decision tree learning

Table 1. Lists of Methods Used in UPM

Preprocessing

Data consolidation Attribute selection

Unsupervised attribute filters Subset evaluation methods

Add noise Correlation based

Normalize Classifier subset

Remove useless Consistency subset

Replace missing values Search methods

Class order Best first

Genetic search

Greedy stepwise

Rank search
scheme used in C4.5. JRip is a Java-based version of the RIP-
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PER algorithm �repeated incremental pruning to produce error
reduction� developed by Cohen �1995�. PART, partial decision
tree, is a method that combines C4.5 and RIPPER to avoid
global optimization and to produce accurate and compact rule
sets �Frank and Witten 1998�.
Boosting, bagging, MultiBoostAB, grading, StackingC, and

vote were used as enhancing tools. These tools were briefly
discussed in the preceding section. Function learning schemes
were excluded because of their excessively long computational
time.

Structure of UPM

The framework of UPM is illustrated in Fig. 1. First, six data sets
including the original file were generated using the data consoli-
dation methods listed in Table 1. Twelve attribute selection meth-
ods were set by using the three subset evaluation methods in
combination with the four search methods listed in Table 1. A
total of 72 data sets were, hence, created using these 12 attribute
selection methods on the six data sets. These 72 data sets were
subjected to the four base classifiers and 12 hybrid classifiers
generated by using the four base classifiers in combination with
the three meta learners listed in Table 1, creating a total of 1,152
experiments.

The combinations of the four base classifiers used in the en-
semble methods can be expressed by a combinatorial equation as

Ck
n =

n!

k!�n − k�!
�1�

where C=Numbers of combinations, n=number of objects, and
k=number to be chosen.

In this case, the combinations are C4
4+C3

4+C2
4 since C1

4 is the
use of only one classifier and is not considered. Hence, the final
combinations are 11 as shown in the following equation:

C4
4 + C3

4 + C2
4 =

4!

4!�4 − 4�!
+

4!

3!�4 − 3�!
+

4!

2!�4 − 2�!

= 1 + 4 + 6

= 11 �2�

The same 72 data sets were also subjected to these 11 combina-
tions of the four base classifiers used in combination with the
three ensemble methods listed in Table 1, creating a total of 2,376
experiments.

Judging from a pilot study where only 16 experiments were

Classification using hybrid systems

Base classifiers Enhancing tools

Decision trees learning schemes Meta learners

J4.8 �C4.5� Boosting

REP Tree Bagging

MultiBoost AB

Rule learning schemes Ensemble methods

JRip Grading

Part StackingC

Vote
conducted manually, a fair amount of time and tedious processes
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were required to organize the data sets, create the hybrid classifi-
ers, and run the experiments. Automating this process was found
to be critical in order to generate the results effectively, accu-
rately, and in a timely manner.

As seen in Fig. 2, a total of 3,528 experiments were performed
in this study. An automated system was, therefore, developed
such that a user needs only to enter the raw data and the processes
follow each other automatically. The automation tool was devel-
oped in Microsoft Access as a script generator systematically
mimicking all the manual processes needed to be done. Tables
recording all the findings were created.

Three major tables were generated for storing the cases, con-
taining the respective execution codes written for the data con-
solidation process, the attribute selection process, and the hybrid
classifier manipulations. In these tables, a row was used to store
different tools or combination of tools. To enhance scalability, a
column called “Check” was placed in the tables to enable/disable
the tools or combination of tools. A tool is used only when a
check mark is present in the “check” column in that tool’s row.
This scalable design benefits experimenters not only for compari-
son but educational purposes too. Users can choose to consider
any and all tools and conduct a small set of tests with only a few
tools, or conduct a large set of experiments that involves many
tools. The back end of this scalable design relies on query tables

Pre-processing and Attribute Selection

X = =

Data
Consolidation

6 datasets

6 Unsupervised
Attribute Filters

Original
Add Noise
Normalize
Remove Useless
Replace Missing
Values
Class Order

Attribute
Selection

12 combinations

3 Subset
Evaluation
Methods

Correlation-based
Classifier Subset
Consistency
Subset

4 Search Methods

Best First
Genetic Search
Greedy Stepwise
Rank Search

Total of
72

datasets

Fig. 2. U

Fig. 3. Sam
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�Q tables�, which basically generate the execution codes accord-
ing to whether there is a check mark in the “check” column.

The row in every table is customizable. Users can modify the
information in a row by adding or deleting any tools they wish to
use. However, one has to obey the same format rules so that the
generator can work without error.

A filing system was developed to systematically identify the
combinations used in UPM. Cases were filed using the following
system:

AA-XXYYZZ.arff

where: AA=output file of the process: 1a for data consolidation,
1b for attribute selection, or 2ab for hybrid classification, XX
=ID of data consolidation method, YY=ID of attribute selection
method, and ZZ=ID of hybrid classifier.

For example, the following file, 1A-010232.arff, is the output
file of the data consolidation process �1a� and is set to use the raw
data �ID=01�, the CFS+BEST attribute selection method �ID
=02�, and to use grading with combination 1 �ID=32�. The gen-
erator keeps a record of the outputs in all three procedures, i.e.,
data consolidation, attribute selection, and hybrid classification.

Statistical data are generated to provide a performance report
for each file by means of a script written in Microsoft Excel

Development of Hybrid Systems

3 Meta Learners

Boosting
Bagging
Multi Boost AB

3 Ensemble methods

Grading
Stacking C
Vote

72 * (11*3) = 2,376 experiments

72 * [4+(4*3)] = 1,152 experiments

Total of
3,528 experiments

4 Base
Classifiers

J4.8 (C4.5)
REP Tree
J Rip
Part

11 Combinations
of Base
Classifiers

J4.8 (C4.5)
REP Tree
J Rip
Part

x

x
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final results
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ple of
UNE 2009

 ASCE license or copyright; see http://pubs.asce.org/copyright



macro. This script was developed by making use of the Helmer
�2005� directory file listing utility. A sample of the statistical in-
formation in the final table is presented in Fig. 3.

Findings and Discussion

The study used two data sets to conduct the experiment, the origi-
nal dataset of 132 cases and an augmented dataset of 151 cases.
Each dataset was entered into UPM separately. The results created
by UPM were reported by the automated procedure. A total of
3,528 final output files were created for each of the original and
augmented data sets. Each file contains the detailed outcome of
the experiments. Tables 2 and 3 report the summary of the results
and the statistical data for the original dataset �132 cases� and the
augmented dataset �151 cases�, respectively.

Accuracy and Reliability of Prediction

From the results presented in Table 2, UPM’s highest prediction
rate is 90.90% on the original dataset, a marginally better predic-
tion rate compared with the earlier studies obtained by Arditi et
al. �1998�, Arditi and Tokdemir �1999�, and Arditi and Pulket
�2005�. UPM shows a marked improvement in the prediction rate
when the augmented dataset �151 cases� is used. The highest pre-
diction rate in this instance reached 96.02% �see Table 3�. It is
obvious that having more cases in the dataset enhances the per-
formance of the model and, hence, increases the prediction rates.

Stratified tenfold cross-validation was used to measure the
error. The data were divided randomly into 10 parts in which the
class is represented in approximately the same proportions as in

Table 2. Top 10 Prediction Rates of Original Dataset

Filenames
Prediction

rate
Kappa
statistic

2AB-011009.arff 90.9091 0.8689

2AB-011107.arff 90.9091 0.87

2AB-010860.arff 90.1515 0.8582

2AB-010862.arff 90.1515 0.8584

2AB-011110.arff 90.1515 0.8583

2AB-010654.arff 89.3939 0.8468

2AB-010655.arff 89.3939 0.8468

2AB-011161.arff 89.3939 0.8483

2AB-010604.arff 88.6364 0.8356

2AB-010640.arff 88.6364 0.8356

Table 3. Top 10 Prediction Rates of Augmented Data Set

Filenames
Prediction

rate
Kappa
statistic

2AB-010607.arff 96.0265 0.9422

2AB-010609.arff 96.0265 0.9422

2AB-010610.arff 96.0265 0.9422

2AB-010627.arff 95.3642 0.9324

2AB-010628.arff 95.3642 0.9324

2AB-010604.arff 94.702 0.9225

2AB-010613.arff 94.702 0.923

2AB-010625.arff 94.702 0.923

2AB-010640.arff 94.702 0.9225

2AB-010642.arff 94.702 0.9225
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the full dataset. Each part was held out in turn and the remaining
parts were trained. The error rate was calculated on the holdout
set. The learning procedure was then executed a total of 10 times
on different data sets. Finally, the 10 error estimates were aver-
aged to yield an overall error estimate.

Prediction rates alone are usually inadequate to assess the per-
formance of the model. A number of statistical parameters such as
the kappa statistic, the mean square error �MSE�, and the root-
mean-square error �RMSE� were calculated to assess the reliabil-
ity of UPM and to further guarantee its integrity.

The kappa statistic is an index of the degree of agreement
between two or more classifiers classifying the same set of items,
ranging from zero when agreement is no better than chance, to 1
when agreement is perfect. It is calculated by dividing the differ-
ence between the observed proportion of cases in which the clas-
sifiers agree and the proportion expected by chance by the
maximum difference possible between the observed and expected
proportions �Colman 2001�. Landis and Koch �1977� have set a
range for recommended kappa statistic values where 0 is poor,
0–0.20 slight, 0.21–0.40 fair, 0.41–0.60 moderate, 0.61–0.80 sub-
stantial, and 0.81–1 almost perfect strength of agreement.

The mean squared error �MSE� is the expected value of the
square of the “error.” The error is the amount by which the esti-
mator differs from the quantity to be estimated. The difference
occurs because of randomness or because the estimator does not
account for information that could produce a more accurate esti-
mate. The error is phrased as a sum of squares rather than the
more intuitive sum of absolute errors because squares are differ-
entiable across the entire real line, a key requirement of the
method of least squares. The root-mean-square error �RMSE� is a

RMSE
Total
cases

Correct
cases

0.1846 132 120

0.1732 132 120

0.185 132 119

0.1945 132 119

0.1775 132 119

0.1879 132 118

0.1888 132 118

0.1961 132 118

0.1912 132 117

0.1946 132 117

RMSE
Total
cases

Correct
cases

0.1193 151 145

0.1196 151 145

0.1191 151 145

0.1202 151 144

0.1204 151 144

0.1325 151 143

0.1299 151 143

0.1283 151 143

0.1329 151 143

0.1329 151 143
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frequently used measure of the differences between values pre-
dicted by a model and the values actually observed from the thing
being modeled or estimated. These individual differences are also
called residuals, and the RMSE serves to aggregate them into a
single measure of predictive power. Both MSE and RMSE should
be close to zero if the error is minimal.

The kappa statistics and RMSEs of the top 10 results on both
data sets are shown in Tables 2 and 3, indicating that UPM is
quite reliable.

Robustness „Tolerance to Noisy Data…

Robustness is an indicator that shows the quality of the model
being able to withstand with minimal damage or loss of function-
ality any alteration and abnormalities in input or changes in
procedure or circumstances. In this study, robustness was mea-
sured by altering the original and augmented data sets by adding
noise using a filter in the data consolidation process. Hence, the
robustness of UPM was measured by comparing the prediction
rates produced by unaltered data sets and noise-added data sets.
By extension, the differences between the prediction rates were
used to determine the robustness of individual hybrid classifiers.
Classifiers that suffered a smaller difference in their prediction
rate can withstand alterations and abnormalities, in this case,
added noise, better than others, and, hence, were considered to be
more robust.

Table 4. Filename in Prediction Rate between Unaltered and Noisy Data

Top 1

Filenames Classifiers

2AB-010609.arff Boosting→J4.8

2AB-010610.arff Boosting→JRip

2AB-010627.arff Boosting→Part

2AB-010613.arff MultiBoostAB→JRip

2AB-010625.arff MultiBoostAB→Part

2AB-010607.arff Original part

2AB-010628.arff Bagging→J4.8

2AB-010604.arff MultiBoostAB→J4.8

2AB-010640.arff Grading comb 9

2AB-010642.arff Grading comb 11

Fig. 4. Errors on noise-added data sets
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The parameter in the “add noise” filter used on the augmented
dataset was set to add 10% of noise to the dataset. Table 4 shows
the best 10 prediction rates and shows that prediction rates suf-
fered an average decline of 11.33%, only a marginally higher
decline than the amount of noise actually added to the data. Note
that the top 10 combinations are different in Tables 2 and 3 be-
cause Table 3 refers to the original dataset and Table 3 to the
augmented dataset. Depending on the data sets used, UPM
produces different solutions based on different combinations of
tools.

The 362 experiments were tested to further study the effect of
the added-noise filter to the data. The differences in prediction
rates between unaltered and noisy data sets are plotted against
experiment ID in Fig. 4. The classifiers that can withstand noise
better result in lower percentage differences �%�. When the plot is
examined closely, it is observed that the experiment IDs from
2AB-020201 to 2AB-020264 spiked higher than the others. This
is, however, not due to the classifiers but to the attribute selection
process, CFS+BEST �ID=02� that causes erratic outcomes. If
CFS+BEST is eliminated, the remaining results become reason-
able with an average percentage error of 10.11%. Moreover, when
CFS+BEST is eliminated, the standard deviation reduces from
5.43 to 2.97. There are some classifiers that are able to withstand
abnormalities and still produce decent outcomes. These factors
indicate that UPM performs well after all.

Computing Speed

In this section, the performance of UPM is reported relative to
computational speed. The test was conducted by splitting the

ifiers

Prediction rate �%�

altered
ata set

Noise-added
data set

Percent
difference �%�

6.03 86.09 10.34

6.03 82.12 14.48

6.03 86.76 9.66

5.36 82.78 13.19

5.36 84.11 11.81

4.70 84.77 10.49

4.70 85.43 9.79

4.70 84.77 10.49

4.70 84.77 10.49

4.70 82.78 12.59

Average 11.33

Table 5. Computing Time Observed per Numbers of Experiment

ID of
data set

Data consolidation
method

Number of
experiments

Computing
time

1 1 588 16.29

2 1,2 1,176 33.49

3 1,2,3 1,764 50.17

4 1,2,3,4 2,352 68.5

5 1,2,3,4,5 2,940 86.03

6 1,2,3,4,5,6 3,528 103.13
Sets

0 class

Un
d

9

9

9

9

9

9

9

9

9

9
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3,528 experiments into six smaller sets in the data consolidation
process. The computing times were recorded to observe the effect
of the number of experiments on computing time.

The data in Table 5 define a linear function of y=33.72x
+47.93 that is almost perfectly aligned with the plot �R2=0.999�.
It can, therefore, be seen that the computing time increases lin-
early relative to be number of data sets used. Hence, UPM can be
expanded by adding more data consolidation methods and the
anticipated computing time that the system consumes will be eas-
ily calculated since the relationship is quite predictable. Adding
new attribute selection methods, base classifiers, meta learners, or
ensemble methods is possible since the system is scalable and the
additions of such tools will undoubtedly affect the computation
time. The impact of such additions depends on the character of
the tools added. In its current version at this stage, UPM did not
show a run down on the computer’s memory of 2 GBs on an Intel
Core 2 Duo with a 2.13 GHz chip.

Interpretability

Interpretability in this study is meaningful because it can help
with the understanding of the salient factors associated with
construction claim cases in Illinois. As the classifiers themselves
are categorized into many schemes such as decision trees, rule
sets, and functions, the outputs always reflect the particular
schemes. For example, in Fig. 5, the outputs are shown in de-

J48 pruned tree

defendant 1 = own
| non-excusable delay = y: con. (8.0/1.0)
| non-excusable delay = n
| | type of plaintiff 1 = con
| | | contract type = other
| | | | liquidated damages involved = n: own. (15.0)
| | | | liquidated damages involved = y
| | | | | installation requirements = n: sub. (4.0/1.0)
| | | | | installation requirements = y: own. (2.0/1.0)
| | | contract type = fix
| | | | leincase involved = n: own. (10.0/2.0)
| | | | leincase involved = y
| | | | | surety bonds = n: con. (13.0/2.0)
| | | | | surety bonds = y: own. (5.0/2.0)
| | type of plaintiff 1 = supp: own. (0.0)
| | type of plaintiff 1 = own: own. (0.0)
| | type of plaintiff 1 = sub
| | | esstoppel doctrine involved = n: sub. (8.0/2.0)
| | | esstoppel doctrine involved = y: own. (8.0/2.0)
| | type of plaintiff 1 = other: own. (0.0)
| | type of plaintiff 1 = ae: ae. (2.0)
defendant 1 = con
| contract type = other
| | non-excusable delay = y: own. (6.0/2.0)
| | non-excusable delay = n
| | | type of plaintiff 1 = con: con. (0.0)
| | | type of plaintiff 1 = supp
| | | | installation requirements = n: con. (2.0)
| | | | installation requirements = y: supp. (2.0)
| | | type of plaintiff 1 = own: con. (12.0/1.0)
| | | type of plaintiff 1 = sub: sub. (5.0)
| | | type of plaintiff 1 = other: con. (5.0/1.0)
| | | type of plaintiff 1 = ae: con. (0.0)
| contract type = fix: own. (9.0)
defendant 1 = other: other. (8.0/2.0)
defendant 1 = sub: sub. (8.0/1.0)

Number of Leaves : 24
Size of the tree : 37

Fig. 5. General output format for decision trees
cision tree format. This format is described as one of the best
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logical illustrations of a domain’s patterns. The outputs of JRip in
terms of rule sets are shown in Fig. 6. Unlike decision trees, rule
sets give out the results in terms of a number of rules. This format
also presents good logical reasoning. In Fig. 7, the output of a
neural network system is presented. As observed in Fig. 7, neural
network outputs are impossible to interpret since neural network
modeling makes no logical attachment to the output. Therefore,
neural networks can be less advantageous compared to other
learning schemes in terms of interpretability.

Conclusion

Litigation occurs frequently in the construction industry. Pre-
venting litigation can minimize time and cost consuming pro-
cesses in the industry. In this study, a universal prediction model
�UPM� was developed to predict the outcome of construction liti-
gation more effectively than earlier models developed by Arditi
et al. �1998�, Arditi and Tokdemir �1999�, and Arditi and Pulket
�2005�.

Earlier studies resulted in decent prediction rates. The ANN
study resulted in a prediction rate of 66.67% �Arditi et al. 1998�,
the CBR study 83.33% �Arditi and Tokdemir 1999�, and the
BDT study 89.59% �Arditi and Pulket 2005�. However, the earlier
studies were composed of one algorithm, one experiment, and
one result �Fig. 8�. In contrast, UPM’s approach �see Fig. 8�
includes the use of a multitude of combinations of several
data consolidation methods �six of them in this experiment, but
could include all methods covered by WEKA�, several attribute
selection methods �12 in this experiment, but could be more de-

JRIP rules:

(type of plaintiff 1 = supp) and (defendant 1 = con) and (installation requirements = y) => decision
=supp. (2.0/0.0)
(defendant 1 = other) => decision =other. (8.0/2.0)
(type of plaintiff 1 = ae) => decision =ae. (2.0/0.0)
(defendant 1 = sub) => decision =sub. (8.0/1.0)
(type of plaintiff 1 = sub) and (esstoppel doctrine involved = n) => decision =sub. (13.0/2.0)
(surety bonds = n) and (leincase involved = y) and (contract type = fix) and (type of plaintiff 1 =
con) => decision =con. (13.0/2.0)
(defendant 1 = con) and (non-excusable delay = n) and (contract type = other) => decision =con.
(19.0/2.0)
(non-excusable delay = y) and (type of plaintiff 1 = con) => decision =con. (8.0/1.0)
=> decision =own. (59.0/12.0)

Number of Rules : 9

Fig. 6. General output format for rule-based system

Sigmoid Node 14
Inputs Weights
Threshold -1.175016806343037
Attrib parties involved =privpub -0.41567230920677534
Attrib parties involved =privpri 1.4649369933091663
Attrib parties involved =pubvpri 0.10304073738395836
Attrib defendant 1 =own 2.4909646688416576
Attrib defendant 1 =con -2.841858879872153
Attrib defendant 1 =other 2.057055044605787
Attrib defendant 1 =sub 0.5616360107264305
Attrib resolution technique used -0.8700718271132314
Attrib contract type -2.6609283690921033
Attrib directed changes 0.7743170199863232
Attrib redical changes -0.04505786773608095
Attrib unknown site conditions -0.03480721552782278
Attrib CPM involved 0.04807912633621149
Attrib esstoppel doctrine involved -1.6178479781204342
Attrib claim for material & equipment -0.21043752915370317
Attrib installation requirements 0.8202274818081644
Attrib mispresentation of supervision 3.214144422561537
Attrib surety bonds 1.2363951893025902
Attrib leincase involved 1.9254120947164186

Fig. 7. General output format for neural network
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pending on the WEKA coverage�, several base classifiers �only
four out of the many covered by WEKA were picked for this
experiment�, and several enhancing tools �including three meta
learners and three ensemble methods of the many listed in
WEKA�. The last part of UPM is the assessment of prediction
results, relative to prediction accuracy, robustness, computing
speed, and interpretability. What differentiates UPM from the tra-
ditional approach is its use of a combination of a multitude of
methods in an organized, systematic, and automated way, hence,
creating many outcomes �a total of 3,528 in this experiment�, the
best one of which is selected. UPM performed quite well in all
four categories. It can be claimed that UPM is applicable not only
to the construction litigation domain, but also, with minor adjust-
ments, to any domain.
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