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Abstract 
 

In this paper, the study deal with the use of the principle of cost significance into repair and maintenance of 
projects to derive a tool which will serves, to forecast and budget future costs of defined repair and maintenance 
projects in the field of construction management. Cost models are based upon cost significant items which were 
combined into cost significant work packages. Relationship between cost significant work packages model and 
other new technique such as neural network was also investigated. The proposed approach is then successfully 
applied by contractors for decisions making in the construction management field for estimating and controlling 
projects costs. 
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1. Introduction 
The first task in any engineering project is the production of an estimate. The main purpose of the estimate is to 
provide a basis to model the construction process and predict the minimum cost. In evaluating the desirability of 
an estimate one should take into account the future use of the estimate and purpose for which the estimate is 
prepared (Ashworth 1983, Ogunlana 1987). In general, the quality of the estimate depends on the amount of 

information available (Park 1973, Layshook 1969) as the amount of information available increase, better 
estimates can be prepared. Hence in order to increase the quality and reliability of an estimate the level of detail 
must be augmented. Estimates are prepared for a variety of purpose and can be produced at any stage in the life 
of a project.  In order to improve accuracy in cost modelling, some models will be discussed. Setyawati (2002) 
developed a neural network for cost estimation and suggested regression analysis with combined methods based 
on percentage errors for obtaining the appropriate linear regression which describe the artificial neural network 
models for cost estimating. Gwang (2004) examined different methods of cost estimation models in the early 
stage of building construction projects such as multiple regression analysis and neural networks. They 
concluded that neural networks performed best prediction accuracy.  Murat (2004) developed a cost estimation 
model for building based on the structural system for the early design process. They suggested that their model 
establishes a methodology that can provide an economical and rapid means of cost estimating for the structural 
system of future building design process. They argued that neural networks are capable to reduce the 
uncertainties of estimate for a structural system of building, and the accuracy of the model developed was 93% 
level.  In the construction of highway, Jamshid (2005) developed cost estimation for highway projects by 
artificial neural network and argues that neural network approach might cope even with noisy data or imprecise 
data. Artificial neural network could be an appropriate tool to help solve problems which comes from a number 
of uncertainties such as cost estimation at the conceptual phase.   
 
This paper will present a review of the use of both cost significant work packages and neural network as cost 
estimation tool in the field of construction for managing projects. The present paper is organized in three parts. 
In the first part an overview of the principle of cost significance items will be discussed. In the second part a 
brief overview on the use of neural network and their application in project management will be presented. In 
the third part is a comparison done to show the relationship between the accuracies of each method. 
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2. Methodology 
 A research methodology was carried out to achieve the objective of the study approach. In the first step cost 
significance work packages constructed from bills of quantities based on cost significance items was examined. 
In the second step an artificial neural network model was designed for estimating and budgeting projects. Then 
the models were tested on separate data for best-possible architecture. A comparison between the models was 
made. These steps will be examined in the following sections. 
 
3. Models Development 
 
3.1 The principle of cost significant items  
In a construction project, a major proportion of the cost is contained in a small proportion of the work items. It 
has been shown by many researchers (Ashworth 1983, Frederick 1986) that 80 per cent of the value of the 
measured work in a bill of quantities is contained in 20 per cent of the items. The hypothesis that 80% of the 
value of a project is contained in only 20% of the bill items is referred to as cost significant.  The cost-
significant item (CSI) method is a way to develop a simple cost estimate model by using historical bills of 
quantities in the construction industry (Horner 1986, Horner 1988, Bouabaz 1990). Bills of Quantities as 
historical records of previous projects can be used to forecast the value of future similar projects. 
 
3.2 Cost significance work packages  
Recent work on the use of the principle of cost significant items has demonstrated the feasibility of developing 
a simpler model. It has been known for many years that 80% of the value of a bill of quantities is contained 
within only 20% of the items; those which are cost significant. The cost significant items are easily identified 
as those whose value is greater than the mean.   
 
The cost significant work packages model adopted for concrete bridge is presented in table 1. 
 
 

Table 1: Cost model for feasibility design stage 
Cswp number Cswp description Unit rate 

1 Supply and driving and load testing of piles for main piling, including Item 
  Establishment and moving of piling equipment   

2 Vertical formwork > 300 mm wide for end supports and intermediate support          m2 

3 Horizontal formwork > 300 mm  wide for deck                                                           m2 

4 Curved formwork at any inclination > 300 mm wide for intermediate supports m2 

5 In situ concrete                                                                                                             m3 
6 Precast concrete members for deck                                                                              m3 
7 Bar reinforcement                                                                                                         t 
8 Paving in paved areas to surfaces >10° to the horizontal  m2 
9 Waterproofing on surfaces > 300 mm sloping up to 45° to the horizontal                   m2 

10 Supply of parapets                                                                                                        Lin.m 
 
3.3 Cost model factor 
A cost model factor (cmf) was calculated. This cost model factor represented the proportion of value which the 
cost significant work packages contributed towards the total bill value. 
 
It is used to predict the total project value, by dividing the value of cost significant work packages in the 
model.  The cost model factor is calculated from the following formula (1) which would minimise the error of 
the project value. Different ways of defining the cost model factor have been tested such as; arithmetic mean, 
weighted mean and optimum value. The mean value of the ratio (value of CSWPs) / (actual value) is the cost 
model factor (cmf) as shown in Table 2. 
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Table 2: Percentage value of cost significant work packages 
Project Actual value of Value of cswp's on 
number value cswp's Actual value 

  (£) (£) (%) 
        

1 21 709 14 159 65,22 
2 7 631 6 242 81,8 
3 20 240 15 351 73,84 
4 20 087 14 161 70,5 
5 50 725 32 208 63,5 
6 20 437 14 827 72,55 
7 54 884 44 550 81,17 
8 20 600 14 480 70,29 
9 51 070 38 302 75,01 

10 15 900 11 426 71,86 
11 18 152 15 388 84,77 
12 53 285 35 661 66,93 
13 49 592 43 770 88,26 
14 16 632 13 196 79,34 
15 23 621 21 016 88,97 
16 30 401 20 386 67,06 
17 13 621 10 362 76,07 
18 22 595 18 509 81,91 
19 27 269 24 205 88,76 
20 14 670 12 210 83,23 

    Mean     76,01 
Standard deviation    8,1 

 
 
It has been adopted that the optimum value minimises the error for all projects irrespective of its value. The 
optimum cost model factor is expressed as follow; 
 
                         
                                                                         (1) 

 
 
where; cmfi  is the value of cost significant work packages in the model for ith bill divided by the actual bill                 

value for ith bill. 
            n is the number of project category. 
 
The cost model factor derived from equation (1) ensured that the derivation of measured value from predicted 
value is minimised and the accuracy is consistent irrespective of the project value. The cost model factor 
adopted is presented in table 3. 
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Table 3: Cost model factor 
 
 
 
 

 
4. Neural Network 
Neural network is a method employed nowadays in modelling.  Neural network is inspired from the biological 
structure of the human brain. It is used in solving hard mathematical problems in the field of project 
management for find a relationship to describe the behaviour of the model (Hegazy, Adeli 1998). Research 
on mathematical models for managing construction value has led to the use of cost significance work packages 
and neural network.  
 
4.1 Data 
A data analysis has revealed the main parameters to be used in modeling and training the network. These 
parameters are the master key of the cost drivers for the case example. They defined the value of cost significant 
work packages, the cost model factor which is the ratio of the cost significant work packages value to the bill 
value, the type of project work, the structure and the location. The value of cost work packages bears a 
significant relation which in turn defines the cost of projects.  
 
4.2 The neural network architecture 
The neural network architecture has been designed to include an input layer of five processing elements neurons 
corresponding to the five input parameters x1, x2, x3, x4, x5 and one output layer of one processing element as the 
target. The hidden layer with seven processing elements was selected after several trials during the training 
phase since there is no rule to determine it (Setyawati 2002, Wei 2004). 
 
The artificial neural network model in this study is based on feedforward neural network architecture and 
backpropagation learning technique.  The proposed model has been developed in three phases: the modeling 
phase, the training phase and the testing phase. The modeling phase involves the identification of the main 
parameters and the adoption of the network architecture with its internal rules. The training phase was used to 
train the network in order to choose its parameters (weights). The testing phase was used for generalization, 
which is to produce better output for unseen examples. 
 
The model has been designed to include an input layer of five processing elements (neurons) corresponding to 
the five input parameters and one output layer of one processing element as the target. The hidden layer with 
seven processing elements was selected after several trials during the training phase. The architecture of the 
neural network model is presented in figure 1. 
 
4.3 The activation function 
The function adopted for the current model, was the hyperbolic tangent sigmoid transfer function which 
generates output values between -1 to 1, and defines the behavior of the network model. 
 
The adopted function is the hyperbolic tangent sigmoid transfer function defined in equation (2) as follow: 
 
 
                                       Tansig (x) = 2/ (1+exp (-2x)) -1                                                    (2) 

 
 
 

Project       Cost model factor 
Concrete bridge  0,775 
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A neural network model was built for the experiment detailed above. Each layer consisted of one input of five 
neurons and one intermediate hidden layer of seven neurons and on output layer of one neuron.  This 
architecture was determined after brief experimentation as adequate for the problem.  
 
5. Results 
Performance of prediction over the validation sample is reported in this section; accuracy is used here to mean 
that the model can be accepted if the accuracy achieved lies within the expected accuracy. A statistical analysis 
was carried out between the predicted value and the actual value; the results are presented in tables as under for 
of graphs. 
 
5.1 Accuracy of a cost model 
The expression of the accuracy of a cost model is determined by the following expression: 
 
                                                 Accuracy = Mean error  Standard deviation                                              (3) 
 
5.2 Error of an estimate 
The error of an estimate is defined as the percentage difference between the predicted which is determined by 
the cost model and the actual value extracted from the bill. The error of an estimate is expressed by the 
following expression: 
 
                                                Error =                                                            (4) 
 
The results of the testing phase for the predicted cost significance work packages   and neural network is shown 
in Table 3.  
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Table 3:  Results of predicted   models at testing phase 
Project value of  Predicted Predicted  Actual   Accuracy Accuracy 
N° cswp's cswp's Neural Network value Cswp's Neural network 
  (£) (£) (£) (£) (%) (%) 
              

1 53 049 69 801 66 300 66 320 5,24 -0,012 
2 37 369 49 169 46 712 46 950 4,72 -0,507 
3 34 273 45 096 42 842 42 500 6,1 0,804 
4 63 716 83 836 79 646 79 950 4,86 -0,38 

5 88 328 116 221 110 411 112 221 3,56 -1,612 
6 80 550 105 986 100 688 102 425 3,47 -1,695 
7 61 783 81 293 77 229 77 320 5,13 -0,117 
8 92 533 121 753 115 667 117 101 3,97 -1,224 
9 29 668 39 036 37 086 36 521 6,18 1,547 

10 36 030 47 407 45 038 45 040 5,25 -0,004 

Mean error       4,92 -0,32 

Standard deviation       1,07 1,022 
 

5.3 Regression analysis 
Regression analysis was used to ascertain the relationship between the predicted value and the actual value. The 
result of analysis is illustrated graphically. The statistics can be interpreted that the correlation coefficient is 0. 
9998 for both models, indicating that, there is a good linear correlation between the actual value and the 
predicted cswps and neural network cost at tested phase. The results of linearly regressing, is shown graphically 
in figures 2 and 3. 
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Fig 2: Plot of the predicted cswps value
            versus actual value at testing phase
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Fig 3: Plot of the predicted neural network value 
versus actual value at testing phase

 Data
 Regression line

 
5.4 Achieved model accuracies 
The models were tested by estimating the cost of priced bills that is those bills which had been excluded from   
the development of the models. Table 4 shows the results of the accuracy calculations for each estimate.         
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Table 4: Summary of accuracies at testing phase 
Model Maximum Maximum  Mean Standard Accuracy  

  positive negative error deviation range 
  error error   

 
  

  (%) (%) (%) (%) (%) 
            

 Neural         0,702 
 network 1,547 -1,695 -0,32 1,022   
 model 

 
      -1,342 

 Cost significant         5,99 
 work packages 6,18 none 4,92 1,07   
 model         3,85 
 

6. Comparison among models  
A comparison was made to show graphically the differences between the predicted for each project and the 
actual value.  This graph suggests that an artificial neural network may be an attractive model compared to cost 
significance work packages model. 
 
 

 
 

Fig 4: Actual and predicted costs of projects for models developed 
 

7. Conclusion 
This research focuses on a development of more accurate model for cost estimation of projects. Improvements 
were suggested using artificial neural network and cost significance work packages. Two cost considerable 
models were developed for predicting the costs of projects. The cost significance method utilizes valuable 
historical data to predict the future cost of bridge repair in a simple way. Artificial neural network is the aspect 
of the art. It produces near optimal output in terms of accuracy.  Managers will profit from this simple models 
for estimating and budgeting future projects and also in decision making. Results show that the models are 
accurate with relatively small errors.  
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