
73

NEW PERSPECTIVE IN CONSTRUCTION LAWNEW PERSPECTIVES IN CONSTRUCTION LAW

Can Machines Replace 
the Human Brain? 
A Review of Litigation 
Outcome Prediction 
Methods for Construction 
Disputes
Ahmad ALOZN, Abdulla GALADARI
PhD Candidate, Assistant Professor
Department of Engineering Systems and Management, Masdar Institute of 
Science and Technology, Abu-Dhabi, UAE 

1. Introduction
Construction projects are naturally complicated and involve large number of unpredictable as 

well as external interrelated factors. Complex construction projects value is in excess of billions 
of dollars. As a result, disputes between the contracting parties are critical and difficult to resolve. 
Traditionally, litigation was the only avenue to resolve such disputes. However, with its complicat-
ed nature and technicalities involved, construction projects’ experts deployed alternative dispute 
resolution methods such as arbitration and mediation. Each vary in the involved resources and 
the legal consequences. Litigation, however, is found to be one of the most expensive and time 
consuming methods. Moreover, the results of litigation are unguaranteed. Therefore, research-
ers attempted to predict the outcome of litigation in the field of construction dispute to give the 
contracting parties a good order of estimate on the expected outcome. This would be a good tool to 
decide whether a party shall file a litigation case or not.
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2. Construction Dispute Resolution
Generally, the complicated nature of construction projects and the involvement of swarm fac-

tors and players, make the construction industry susceptible to conflicts between contracting par-
ties. Conflicts and disputes could yield from contract interpretation, unforeseen site conditions, 
changing market prices, client directed changes of work, and so on. Contract conditions are set in 
such a way to resolve conflicts that might arise in a project. Yet, the complexity of construction 
projects along with the changing requirements and scope, and the dependency on external factors 
such as policies, market prices and weather, make it almost impossible to draft a contract that 
could encompass all sorts of conflicts. In fact, a study by Cheung and Pang [1] demonstrates that 
incomplete contracts are the route of construction disputes.

If the conflicting parties fail to address a conflict through informal negotiation, the conflict 
escalates to a dispute. There exist traditional and contemporary dispute resolution techniques. 
Litigation is a famous traditional dispute resolution method through formal lawsuits. While the 
initial cost of litigation is relatively low, the expenses of the inherit litigation delays make litiga-
tion an expensive avenue to pursue. Moreover, litigation is public, which is not a desired aspect 
as it might negatively affect firms’ reputation. Litigation decision is legally binding and can be 
enforced by law. Although judges lack technical background, they rely on experts in the field who 
evaluate and report the case [2].

Experts in the construction management field have deployed contemporary alternative dispute 
resolution methods (ADR) to resolve construction disputes such as arbitration, dispute review 
boards (DRB) and mediation. Arbitration is legally binding if an agreement of arbitration exists be-
forehand. However, a construction arbitrator has the related technical background, an advantage 
over the traditional litigation judge. Arbitration is less formal and more private; parties involved 
in an arbitration sign a confidentiality agreement. Arbitration provide a faster and more flexible 
resolution. In fact, arbitrators accept any form of evidence according to their importance and rel-
evance [3]. Like an arbitrator, a mediator is an impartial party who reviews the dispute; however, 
the mediator decision is not legally binding. Similar to mediation, the decision of a dispute review 
board is not binding. DRB is considered a preventive ADR method as an impartial party repre-
senting each contracting party is appointed at the beginning of the contracted works, before any 
conflict arises.

3. Litigation Prediction Methods
As construction claims are complex and highly dependent on various interrelated factors, pre-

dicting the outcome of such dispute – if taken to court - would be very valuable to those parties in-
volved in the dispute. Literature has shown an increase of 425% in construction litigation expens-
es from 1979 to 1990 while construction disputes’ settlements expenses increased by 309% only 
during the same time span [4]. Not only this, but litigation also affects potential future projects 
between the conflicting parties as discussed by Galadari and Al Hammadi [5]. Hence, it is evident 
that litigation costs more and has long-term negative effects as well. Such burden continuously 
motivates experts and practitioners in the field to find ways to predict the outcome of construction 
litigation before formally involving in one.

Arditi et al. [4], Arditi and Pulket ([6] and [7]) and Chau ( [8], [9]and [10]) have explored several 
techniques in predicting litigation outcome by designing specific learning algorithm, and feeding it 
with training cases through its input cells, called perceptrons. In it is simplest form, the prediction 
of construction litigation outcome relies on comparing the case under question with a previous 
case of similar characteristics. The researcher shall find a similar dispute case that has somehow 
comparable properties, where the trials has been conducted under a similar law in a similar juris-
diction area. By definition, a construction project is a unique endeavor, hence, it is almost impos-
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sible to find such similarities in historical cases to predict a particular present case. However, the 
advancement in the area of artificial inelegance made it possible to train a program on particular 
patterns, find the relation between sets of input and output, and predict new systems using data 
from past systems. The following demonstrate the developments achieved in prediction the out-
come of litigation in the area of construction disputes. It is worth mentioning that for any given 
prediction method, the precision of litigation outcome prediction is as good as the availability of 
information related to comparable disputes and the corresponding decisions.

3.1. Artificial Neural Networks
Arditi et al. [4] deploy Artificial Neural Networks (ANN) to predict the outcome of construction 

litigation. In this study, data of 102 cases from Illinois appellate court between 1982 and 1994 
were used to train the network, where 45 case elements have been identified to be relevant to the 
dispute cases. Similarly, possible court decisions to different involved parties have been identified 
to be 8 possible outcomes. Details of these attributes (input and output) are shown in Exhibit 1. 
These input and output elements have been expressed in a binary format. 

In the traditional training of ANN, the perceptron is fed with the training data and the weights 
between the neurons1 are adjusted until the output of the ANN gets close to the actual court deci-
sion. This process is repeated over the entire training set. The ANN is then used to predict new 
pairs of input and output, achieving a prediction rate of 67%. A parametric study is also performed 
and concludes that the prediction rate does not significantly increase when increasing the train-
ing set. It is worth mentioning that the commonly used algorithm for this training process is the 
gradient-based belief propagation (BP) algorithm, which can easily get trapped into a local instead 
of a global optimum solution2. This is a serious weakness of the algorithm.

3.2. Boosted Decision Trees
Arditi and Pulket [6] deploy Boosted Decision Trees (BDT) to predict the outcome of construc-

tion litigation. Decision trees are one of few effective tools in predicting the outcome of a system, 
given a large and complex input set such as a construction litigation case. Boosting is a plug-in 
for the training of machine learning and predicting algorithms [11]. The algorithm processes each 
training case, consisting of input elements (past litigation cases) and output elements (the court 
decision), continuously. The training set used is the same that have been used in the ANN ap-
proach. The same case elements as of those considered in the ANN approach have been considered. 
The study was performed in several stages to enhance the prediction rate as follows. First, the 
entire training set was used in the training process resulting in a prediction rate of 67. Then, the 
number of case elements (input) has been reduced to 41 elements and certain training cases have 
been eliminated from the training set. These include cases with missing information or conflicting 
data. Additional construction dispute cases from Illinois appellate court have been added to the 
training set and the final training set had 121 cases. Out of which, 90% were considered as training 
set, and 10% were reserved for testing purpose. After these amendments, the method was able to 
achieve 90% prediction rate over the testing set of cases.

1  Neurons are the artificial simulators of the human neural network; it simulates (through the training process) the logic of 
processing information in the human brain (the judge) to yield a suitable judgment.

2  Global optimal solution is the set of optimal weights assigned between the neutrons in the training process. However, local 
optimum is the set of best weights assigned between these neutrons, and found in a limited neighborhood subspace. Thus, 
a local optimum solution might not be the global optimal solution (not the best set of weights hence yields less accurate 
prediction of future cases).
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3.3. PSO-based Neural Network
Chau [8] deploys ANN in the prediction of construction litigation outcome after training the 

network via set of previous litigation cases. Research has shown that multi-layer perceptrons in 
ANN can be trained to predict complex functions. In particular, the use of particle swarm opti-
mization in training the ANN, has shown effective results according to Kennedy, Eberhart and 
Shi [12]. Chau [8] has relied on this result to develop an approach that predicts the outcome of 
construction litigation.

In the traditional training of ANN, the perceptron is fed with the training data continuously. 
Until the output of the ANN gets close to the target output, the weights between the neurons 
are adjusted. The disadvantage of the commonly used training algorithm -the gradient based BP 
algorithm- is that it can fall into a local instead of a global optimum solution. However, particle 
swarm optimization (PSO) algorithm has the ability to locate the global optimum solution faster.

To predict the outcome of construction litigation, Chau organized past construction disputes’ 
data into disputes’ characteristics and court decision. The work of Chau is based on Hong Kong 
court decisions from 1991 to 2000. Chau retrieved 1105 construction dispute cases from Hong 
Kong court and divided them into training, testing, and network validation groups. The training 
group size is 50% of the total cases, which demonstrates the importance of the training phase.

Chau defines 13 elements to characterize each construction dispute case as shown in Exhibit 
2. The characteristics of the cases are expressed using a binary format. As a result, each of the 
construction disputes’ 13 characteristics have been represented by corresponding neurons in the 
input layer of the ANN. The output layer of the ANN, representing the court decision, involved 
6 neurons, which are also expressed using a binary format. Chau [8] concluded that training the 
multi-layer ANN through the PSO algorithm is not only faster than the conventional gradient-
based BP algorithm, but also more accurate. It achieves a prediction rate up to 81%; higher than 
the 67% of the ANN approach.

3.4. Split-Step PSO-based Neural Network
Chau [9] relies on his PSO-based ANN with an enhancement to the perceptrons’ training. Like 

the PSO-based ANN, construction litigation outcome is predicted after training the ANN via set of 
previous litigation cases. For consistency and comparison purpose, Chau [9] has used the same lit-
igation cases that were used in the ANN approach. The weights between the neurons are adjusted 
throughout the training process by continuously feeding the ANN perceptrons with training data 
until the target output is achieved. In this approach, Chau combined the PSO-based algorithm 
with the BP-based algorithm in training the perceptrons of the ANN. Chau utilizes the strengths 
of each technique and avoids their weaknesses by using each technique at a different step of the 
perceptrons training process. At the first step, the PSO algorithm is used to provide faster search 
results for a predetermined generation number that provides a near-optimal weight matrix. At the 
second step, the BP algorithm is deployed to refine the weight matrix due to its local convergence 
capability. With such approach, the training process will not fall into a local optimum solution 
which is a drawback of the BP algorithm nor it will take longer time and many generations in the 
global search which is a drawback of the PSO algorithm.

Chau found that the Split-Step PSO-based algorithm provides a prediction rate up to 83% in 
the training process and a rate up to 82% in the validation process, with higher coefficient of cor-
relation in both cases. This is higher than the prediction rates of 81% in the training process and 
80% in the validation process of the PSO-based algorithm. More importantly, the fitness valua-
tion time3 of the Split-Step PSO-based algorithm is 5% less than that of the PSO-based algorithm 

3 A measure of time directly related to the number of generations needed to achieve optimality
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and 65% less than that of the BP-based algorithm. Chau concluded that the split-step PSO- based 
algorithm achieves the optimal solutions with less number of generations (faster). 

3.5. The Case-Based Reasoning Approach 
The Case-Based Reasoning (CBR) approach [10] compares the construction dispute character-

istics with a base of previous disputes’ characteristics and the corresponding court decisions. It 
also updates the case base with the newly predicted case to expand it and enrich its content. Chau 
defines the development of his CBR approach in four steps; building the case base from previous 
cases and retrieving past cases similar to the present case, adapting past court decisions to present 
case, evaluating such solutions’ results, and updating the case base with the predicted case. For 
consistency, Chau considered the 13 characteristics of the PSO approach to characterize the dis-
pute cases. These characteristics are used to find matching cases from the base to the present case. 
CBR considers pre-specified matching alternatives for each of the 13 characteristics. For instant, 
if there are late payments involved, the matching alternative would be „yes”. For other character-
istics like type of contract, the method specifies range of choices such as remeasurable, lump sum 
or design and build.

Chau adopted two methods to assess the similarity between the base cases and the present 
case, namely, inductive reasoning method and manual adaption method. The inductive reasoning 
method is a decision tree with all possible case characteristics alternatives on its branches and 
weights are assigned to these branches to determine the overall matching score for each case from 
the base. The case with the highest similarity score is then chosen to be the predictor. This process 
is done automatically and objectively, which is an advantage. However, assigning weights to the 
decision tree branches requires sizable amount of cases on hand. On the other hand, the manual 
adaption method requires experts to assign such weights. This is done by studying the cases com-
prehensively and through an iterative process.

Chau uses the same data used in the earlier PSO approach. Out of the 1105 construction dis-
pute cases, 825 cases are used to build the case base and the rest for testing the method. To analyze 
the importance of the 13 case characteristics, Chau has performed the research once based on the 
complete 13 characteristics, and once on a restricted set of 10 characteristics only. The restricted 
set study with the inductive reasoning approach and the manual adaption approach has achieved a 
prediction rate of 72% and 81%, respectively. However, the complete characteristics set study with 
the inductive reasoning approach and the manual adaption approach has achieved higher predic-
tion rates of 77% and 84%, respectively. It is noted that the CBR approach with the complete 13 
characteristics set and manual adaption provides way superior prediction rate.

3.6. Integrated Prediction Model
Arditi and Pulket [7] deploy an Integrated Prediction Model (IPM) to predict the construction 

litigation outcome. The model framework consists of data collection and consolidation, attribute 
selection, prediction and assessment. The model uses a collection of data mining machine learn-
ing algorithms called Waikato Environment for Knowledge Analysis (WEKA). In its simplest form, 
WEKA combines different applications and algorithms in a single process. For consistency, Arditi 
and Pulket [7] used the same 114 cases that he used in his ANN approach, adding the 18 cases that 
he have used in his CBR approach, totaling to 132 cases from Illinois Appellate court. The same 
45 case elements used in ANN have been initially considered, keeping in mind that these case 
elements have been converted into binary values. Number of case elements selection tools have 
been used in three different combinations to decide on the case elements that will be considered 
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in the training process. Similarly, number of classifying algorithms4 have been used in the study. 
Details about these different tools5 are available in the original work of Arditi and Pulket [7]. The 
first training set contains 35 case elements and yields a maximum of 91% prediction rate. The 
second training set contains 8 case elements and yields a maximum of 85% prediction rate. The 
third training set contains 12 case elements and yields a maximum of 89%% prediction rate. It is 
noted that the third training set had one third case elements of that of the first training set, yet its 
prediction rate is just 2% lower than that of the first training set.

4. Observations
Based on the work of Chau, the CBR approach reaffirms that predicting construction dispute 

litigation is a challenging filed. In assessing the similarity between the base cases and the present 
case, CBR shows that the prediction rate of 84% achieved deploying the manual adaption assess-
ment (manual human effort), is way higher than the 77% prediction rate of the inductive reason-
ing assessment (programmed), all based on the complete 13 characteristics set. This is expected as 
the manual adaption incorporates the human brain into the process, a natural tool that would not 
be easily mimicked despite the technological advancement. However, this is also a drawback of the 
CBR as the iterative process of manual adaption is lengthy.

Table 1 summarizes the main results of the reviewed work. In Chau’s work, the construction 
dispute cases that are used to train the network in the CBR approach is 50% more than that used to 
train his second highest approach, the split-step PSO-based. Holding the same attributes, the CBR 
achieves a prediction rate that is only 2% higher than that achieved by the split-step PSO-based 
approach. Hence, the split-step PSO-based approach might achieve a prediction rate higher than 
the 84% of the CBR approach, if the size of the training set is increased. 

Table 1: Summary of the reviewed prediction approaches.

Algorithm Prediction rate No. of Attributes No. of Training Cases

BP-based 67% 45 102

BDT 90% 41 109

PSO-based 80% 13 550

Split-Step PSO-based 82% 13 550

CBR (Manual Adaptation) 84% 13 825

IPM 91% 35 132

Analyzing table 1 shows that the training set size does not significantly affect the prediction 
rate. This finding is in line with Arditi et al. [4] findings in the ANN approach. However, this would 
be true when the training set is representative. Nevertheless, the CBR approach explicitly shows 
that sufficiently large number of cases is needed to create the case base [10]. It also quotes that 
these cases should vary in nature to cover a wide variety.

4 A classifying algorithm classifies raw input data into categories based on their relevance to the outcome.
5 Tools in WEKA software used to select training sets and attributes.
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The selection of the construction dispute cases’ characteristics or attributes is a very important 
aspect of the prediction. Table 1 shows that a 90% prediction rate is not achieved with less than 
35 attributes (IPM approach). However, an acceptable prediction rate of 89% is achieved using 12 
attributes only through the same approach. Further analysis of the attributes selected in the later 
approach, and comparing these with the rest of the approaches shows that the most important 4 
attributes are type of contract, type of parties involved in the dispute, directed employer changes 
and liquidated damages.

The reviewed approaches depend on the same basic principle, representing the attributes 
through binary format, which provides rough estimate. However, construction dispute character-
istics are complicated and vague, which might affect the prediction accuracy. It would be more ap-
propriate to consider dummy-coding techniques instead of the binary coding. Moreover, attorneys 
would tailor cases to the network in order to maximize the chances of entering court and winning 
the case. It might be needed to do adjustments to respond to the lawyer’s behavior.

Arditi et al. [4] and Arditi and Pulket ( [6] and [7]) work is based on Illinois court cases between 
1982 and 1994. Some of the greatest financial crises took place during that time span such as the 
black Monday in 1987 and the US loan crisis in 1989. Similarly, Chau’s work is based on Hong 
Kong court cases between 1991 and 2000 during which, the Asian financial crisis took place in 
1997. Cooter and Kornhauser [13] have demonstrated that law undergoes a continuous change 
due to evolutionary forces. In fact, it is also proven that law never reaches a steady state, yet bet-
ter laws prevail bad laws for greater time proportion. Through training the prediction algorithms, 
the reviewed approaches do not count for law changes over the respective time span. It is more 
accurate to divide the cases to sub-sets according to periods where law is steady, and train the 
algorithms using these sub-sets, separately. Furthermore, the reviewed approaches comprise limi-
tations in the assumptions. Factors such as social, political, and psychological factors may have an 
effect on court decisions yet these have not been considered. Nevertheless, these studies’ results 
demonstrate that it is worthwhile pursuing this avenue furthermore and explore options to en-
hance construction disputes litigation predication.

5. Conclusion
Several litigation outcome prediction approaches in the area of construction disputes have 

been reviewed. The integrated prediction model, however, provides the highest prediction rate 
with relatively small training set. This will furnish the involving parties an alternative in assess-
ing whether or not to take the case to litigation with a much higher confidence. It is found that 
the most important attributes are type of contract, type of parties involved in the dispute, di-
rected employer changes and liquidated damages. As discussed, the prediction mechanisms of all 
of the reviewed approaches do not address the changing laws. Furthermore, the CBR approach in 
particular demonstrates a significant difference between involving or not involving the human 
brain input within the process of prediction. Hence, machines cannot yet replace human brain in 
the subject application. Yet, the current prediction approaches would serve toward decreasing the 
number of cases entering to the court lobby. Moreover, attorneys would tailor their cases to the 
network in order to maximize the chances of entering court and of winning their case.
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Exhibit A - The input and output elements of the ANN model
Input Elements:
1. Parties Involved
2. Type of Plaintiff 
3. Type of Defendant
4. Type of Counter-plaintiff
5. Type of Counter-defendant
6. Type of Third Party Plaintiff
7. Type of Third Party Defendant
8. Any Post-Trial Motion Filed
9. Resolution Technique Involved/Used
10. Type of Contract
11. Contract Value
12. Type of Designer used
13. Directed Changes
14. Constructive Changes
15. Radical Changes in Scope
16. Misrepresentation of Site
17. Unknown Site Conditions
18. Conditions Discovered in Pre-bid Site Exploration
19. Compensable Acceleration
20. Non-Compensable Acceleration
21. Compensable Delay
22. Excusable Delay Excusable Delay
23. Non-Excusable Delay

24. Concurrent Delay
25. CPM Involved
26. Contractor Coordination
27. Supplier has Contract Directly with Contractor Supplier has 
Contract Directly with Contractor
28. Supplier has Contract Directly with Subcontractor
29. Estoppel Doctrine Involved 
30. Subcontract Involved
31. Provision of Contract Involved
32. Claim for Material and Equipment Involved
33. Alternative Material and Equipment Used
34. Installation Requirements Satisfied
35. Misrepresentation of Supervision
36. Legal Interpretation of Contract Documents
37. Legal Interpretation of Drawings and Specifications
38. Technical Testimony (Quality of Work Performed)
39. Liquidated Damages Involved
40. Measure of Damages
41. Surety Bonds
42. Surety Assured
43. Non Payment
44. Late Payment
45. Lien Case Involved

Output Elements:
1. Affirmed
2. Reversed and Remanded

Circuit Court Decision
3. Owner
4. Contractor
5. Supplier
6. Architect/Engineer
7. Sub-contractor
8. Other


