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ABSTRACT 

The estimation process represents the critical underpinning of any project. It is a 

collaborative process carried during different stages. State Highway Agencies (SHAs) strive 

to develop an engineering estimate that is in line with the market considerations and 

hopefully, the low bid for the project. One important indicator of the effectiveness and 

accuracy of the estimating process is how closely it predicts the low bid. The problem of 

inaccurate SHASs’ estimates is a major concern for legislators. Too low of an estimate leads 

to uncertainty whether the costs submitted by the contractor is fair and reasonable and should 

be awarded. Too high of an estimate can mean additional projects must be developed and 

included in the program to meet published yearly construction amounts. Accurate project 

estimates are critical, particularly when evaluating the reasonableness of single bids. To 

measure the credibility of the SHA’s project’s estimate, the Federal Highway Administration 

(FHWA) established a degree of accuracy standard requiring the engineer’s project estimate 

to be within 10% of the low bid for at least 50% of the project. The Wisconsin Department of 

Transportation (WisDOT) has established its own level of accuracy performance standard 

targeting at least 60% of the projects to be within 10% of the low bid. However, WisDOT bid 

tabs showed a significant deviation from this desired goal. This continued performance 

problem resulted in WisDOT reexamining its current estimating process. WisDOT requested 

that the Construction and Materials Support Center (CMSC) at the University of Wisconsin-

Madison assist the Department in the improvement of the accuracy its current estimates. 

First, WisDOT requested CMSC to look at the project level and improve the 

engineering estimate accuracy (EEA). In an attempt to achieve the desired objective, the 

research team analyzed the WisDOT bid tabs at the contract level and created regression 

models to improve the accuracy of the engineer’s estimate. The underlying concept is 

dependent on improving the engineer’s estimate by predicting the lowest bid for the project. 
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However, the various statistical analyses performed and the various models formulated to 

improve WisDOT EEA did not boost the EEA to the 60% threshold. One reason for these 

results is that the engineer’s estimates themselves contain a high degree of noise or hidden 

variables such as the number and experience of the personnel who develop the estimates. 

Thus, inaccuracy of the cost estimates stem not only from the engineer’s estimate. This paper 

presents the results of this analyses.  

Following these results, WisDOT requested the research team to expand the research 

and look at the construction cost index (CCI) as a potential tool for improving the estimating 

process. CCIs are important SHA to provide an indicator of construction cost escalation over 

time and to update old bid cost information to current year pricing. FHWA publishes a 

National Highway Construction Cost Index (NHCCI) based upon cost data from several 

states for SHA to use. WisDOT uses a CCI to measure the changes in purchasing power of 

their construction dollar from one year to the next. Currently, WisDOT uses a fixed-weight 

index to compute the CCI for a fixed basket of seven construction items. However, the 

current WisDOT CCI is subject to considerable short-term variation and does not accurately 

reflect the project bid costs that the department is experiencing. This paper presents results of 

the study requested by WisDOT to develop an approach for calculating a more representative, 

reliable and objective CCI. The paper presents various approaches to calculating a CCI, 

highlighting their properties and characteristics. It also outlines the process used to select a 

representative basket of items to calculate the index and outlines the data preparation steps 

needed to improve data quality. The recommended methodology uses a chained, two-stage 

aggregation computation process. The paper compares the newly constructed WisDOT CCI 

to the old CCI as well as to the NHCCI. The impact from selecting different size baskets of 

items is also investigated and it is concluded that a basket containing a representative number 



 
 

v 
 

of items is sufficient to calculate a reliable CCI. Finally, the research team developed time 

series models to accurately forecast the CCI.
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CHAPTER ONE 

INTRODUCTION 

1.1 Background 

Estimation of project costs, one of the most crucial steps in a project life-cycle, 

is a major challenge for State Highway Agencies (SHAs). The ability of the Wisconsin 

Department of Transportation (WisDOT) to realistically estimate project costs is a key 

factor in determining the success of its program. 

The process of estimating a project cost starts with an initial preliminary scoping 

estimate. Then, it progresses with the systematic phases of project development from 

preliminary design to final design to Plans, Specifications, and Estimates (PS&E) 

engineer’s estimate. The procedures of estimating progress from the preliminary 

estimate to the final engineer’s estimate. WisDOT plan submittals include four stages: 

(1) 30% preliminary plan, (2) 60% preliminary plan, (3) 90% preliminary plan or Draft 

PS&E plan, and (4) PS&E final plan. A project estimate is prepared for each plan 

submitted. Preliminary plans typically have a partial plan and estimate the few project 

design details that have been finalized. Miscellaneous quantities and/or special 

provisions are not included at this stage. On the other hand, draft and PS&E plans will 

have a complete plan. At this stage, an estimate is also created for miscellaneous and 

special provisions items. 

WisDOT develops estimates using the state historical bid tab data. The 

Transport Estimator© software is used for preliminary and final unit prices and roughly 

two-thirds or three-fourths of WisDOT’s final estimate prices for all bid items are 

provided by this software. Estimator uses a historical item price regression (HIREG) 

model using three low bids of awarded and rejected proposals from the last three years. 
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The factors that are currently accounted for in the software are: quantity, work type, 

region, and season. Inflation is not currently applied to the HIREG model, guidance is 

provided as to what to use for a current rate on preliminary plans and then the prices 

are manually adjusted. Estimator is viewed as a starting point to determine preliminary 

prices for bid items. Rarely used items with limited bid history, new items with no bid 

history, lump sum items, and special provision items don’t have HIREG model prices 

or reliable prices. 

Another tool used by WisDOT to produce an estimate is Bid Express. It is a 

commercial product that provides a searchable web-based database of historical bid tab 

data on all bids of all awarded contracts. It is used for major bid items that undergo 

significant scrutiny. Bid Express provides price information for the aforementioned 

items not modeled in Estimator. Other steps are followed for the estimate creation 

process such as methods for estimating mobilization and other unique items. The final 

engineering that is submitted prior to the bidding process is the outcome of the design 

and estimating process. The accuracy of the PS&E estimate is crucial for budgetary and 

management purposes (Fred Schunke, personal communication, September 9, 2015). 

The Bureau of State Highway Program (BSHP) uses the engineer’s estimate to 

evaluate and monitor progress meeting the Department’s annual letting program. The 

Bureau of Project Development (BPD) also uses the engineer’s estimate to make 

decisions like: 

- Correctness of the low bid 

- Level of competition among bids 

- Determination if detrimental unbalancing has occurred within the low bid 

- Appropriateness of a bid in single bid situations 
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- Examination of the unit bid prices to ensure that it conforms to the estimate 

(Hanna, Whited, & Menke, 2007). 

The engineer’s estimate is confidential and results in either awarding the project 

to the as read low bidder or rejecting the project and proceeding with another course of 

action. 

Estimates are central to key project decisions, for establishing the metrics 

against which a project’s success will be measured, and for monitoring the status 

of a project. They must be logical and reasonable to maintain public confidence 

and trust throughout the life of a project. 

1.2  Problem Statement  

The engineer’s estimate is a benchmark for reviewing, analyzing, and 

evaluating the low bid prices submitted by the contractor. The accuracy of this estimate 

is determined by comparing it to the low bid price. According to US Department of 

Transportation, Federal Highway Administration (FHWA), the engineer’s estimate 

should be within 10% of the low bid for at least 50% of the projects (“Guidelines on 

preparing Engineer’s Estimate, Bid Reviews and Evaluation”, 2015). WisDOT has 

established its own performance standards for the desired level of accuracy: 

- 60% of the estimates should be within 10% of the low bid (60/10) and, 

- 75% of the estimates should be within 15% of the low bid (75/15); 

which were set to be effective as of the first of July 2013. Around this time, estimate 

documentation became standardized throughout WisDOT. The Estimate 

Documentation Report (EDR) was developed and includes background information 

about the process used by the design engineers to develop the prices for their estimate. 

The EDR is a tool to track engineer’s estimate accuracy by comparing proposal bid 
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amounts to the engineer’s estimates under the stewardship agreement. However, 

WisDOT bid tabs show that most of the engineer’s estimates were inaccurate (with a 

significant magnitude of error) and neither the FHWA nor WisDOT ever met. This 

discrepancy can cause a loss in credibility and warranted further investigation by 

WisDPT. 

Possible explanations for this inaccuracy could be  

i. Inflation (cost of construction increases faster than in the past) not 

incorporated into estimates; inaccurate construction cost index (CCI) 

ii. A riskier cost environment than before causing addition of contingencies 

(penalties, expedited schedules, escalating materials and longer duration 

projects) to the bids 

iii. Multiple estimators preparing project estimation 

iv. Lack of experience (new staff) of the estimator 

v. Lack of construction knowledge 

vi. Lack of understanding the importance of engineer’s estimate and  

vii. Estimator focusing on the accuracy of unit cost estimates rather than the 

accuracy of the entire project.  

The biggest problem with inaccuracies is that they can lead to over or under 

estimation causing inefficient use of funds and project delays/deletions respectively. 

These problems may not be unique to Wisconsin and if other state departments have 

similar accuracy standards, they may benefit from a similar analysis. 

1.3  Scope of the research  

Various methods were developed and implemented in an attempt to improve 

the accuracy of cost estimates. In general, research in this area can be categorized into 
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two approaches: factor analysis and pattern analysis (Hwang, 2011). The first 

approach, factor analysis, is a study of the relationship between costs and other 

dependent factors that affect construction costs. In the second approach, pattern 

analysis, the identification of the behaviors of construction costs over time in the 

markets are studied. This approache is often based on cost indices that either represent 

or are closely related to construction prices of labor, materials, and equipment. 

This research strives to improve WisDOT’s cost estimating practices and has 

two main objectives: (1) to review and analyze the accuracy of past engineer’s estimate 

and determine what factor(s) produce(s) more accurate cost estimates and (2) to develop 

a new highway CCI to be used while preparing cost estimates. The WisDOT’s problem 

of accurately estimating project cost will be addressed by accomplishing the following 

tasks  

- Evaluate and improve WisDOT’s current estimation practices 

- Determine the factor(s) that influence the accuracy of the engineer’s estimate as 

a whole 

- Develop a regression model to assist WisDOT in preparing more accurate 

estimates as a whole.  

- Develop a new WisDOT CCI to track changes in bid item prices. 

 

WisDOT provided historical bid tabs from fiscal year (FY) 09 to FY15. These 

tabs provided information about the total bid cost of awarded projects. The dataset 

consisted of 2229 observations or projects. It included relevant variables such as the 

engineer’s estimate, the bid price, fiscal year, proposal type, region, among others.  

For the development of a new CCI, WisDOT provided quarterly bid tabs for all 

awarded projects from 2005 to 2014 broken up by items. In total, WisDOT had 2,305 



 
 

6 
 

construction items categorized into 27 item classes.  Further analysis of the classes and 

items yielded an appropriate CCI. This CCI is specific to WisDOT as it was computed 

using WisDOT bid tabs.  

1.4  Organization of the thesis  

This section outlines the architectural framework of the thesis. Chapter 2 is 

designed to highlight the detailed resources that explored cost estimation practices in 

the field of transportation agencies across the United States. This chapter discusses the 

importance of accurate cost estimates, the methods employed to prepare such estimates, 

the factors by which the accuracy of estimation is affected, and the statistical 

forecasting techniques used to generate reliable model for future cost prediction. 

Chapter 3 explains the research methodology used to improve WisDOT engineer’s 

estimate. Chapter 4 is a data description of the bid tabs provided by WisDOT and 

introduces the various variables. Chapter 5 presents an explanatory data analysis of the 

bid tabs and breaks the dataset down into categories and details the major characteristics 

of each variables. This chapters helps identifying the current WisDOT practices and 

highlights potential areas of improvement. Chapter 6 details the statistical analysis that 

was conducted to create the models that can assist WisDOT in improving its estimation 

skills. Key findings and the results from cross validation are also presented. The next 

section of the thesis outlines the development of a new construction cost index to assist 

estimators in preparing more reliable estimates. Chapter 8 presents a literature review 

of construction cost indices in the highway industry and introduces the concept of 

chained fisher index. Chapter 9 explains the research methodology that was used while 

understanding and developing a new WisDOT construction cost index. Chapter 10 

highlights the four major steps undertaken to compute the new WisDOT Chained Fisher 

Index. Chapter 11 presents the data analysis and results that were conducted to create 
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the new WisDOT chained Fisher construction cost index. Two time series models were 

developed and validated to accurately predict future CCIs.  Chapter 12 concludes with 

a set of findings and recommendations to improve the estimation practices of WisDOT. 
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CHAPTER TWO 

LITERATURE REVIEW – COST ESTIMATE 

2.1 Cost Estimation 

Estimating is a process of paramount importance in the highway industry. By 

definition, an “estimate” is a rough calculation or an educated guess. The estimated cost 

of a job is a close forecast of what the actual cost will be (Barzandeh, 2011). The code 

of estimating produced by the Chartered Institute of Building (2009) defines estimating 

as “the technical process of predicting the cost of construction”. Project estimation is 

the compilation and analysis of the different items and elements that influence and 

contribute to the total cost of the project (Enshassi, Mohamed, & Abdel-Hadi, 2013). 

Cost estimating is a forecast or prediction of the cost of the output. It is an inexact 

science and cannot be a precise technical and analytical process, but to an extent, is a 

subjective process where estimators consider factors relevant to the successful 

completion of the project (Virginia Transportation Research Council, 2001; Odusani & 

Onukwube, 2008). In the GAO Cost Estimating and Assessment Guide (2009) cost 

estimation was defined as “the summation of individual cost elements, using 

established methods and valid data, to estimate the future cost of a program, based on 

what is known today”. Estimating the cost of highway projects is a critical function that 

is carried out during the various phases of project development, from preliminary to 

final design. For the purpose of this research, cost estimation is defined as the final 

projected highway construction cost provided by WisDOT estimators before bidding, 

referred to as the engineer’s estimate. Estimating construction cost is an essential task 

as the success or failure of a project relies on the accuracy of this process (Enshassi, 
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Mohamed, & Abdel-Hadi, 2013). An important thing to consider is how accurate one’s 

estimate is to the final cost of construction.  

2.2 Cost Estimation Accuracy 

Estimate accuracy is an indication of the degree to which the actual final cost 

outcome of a project may vary from the single point value that represents the estimated 

cost for the project (Dysert, 2006). Direct and indirect factors influence the level of 

accuracy (Barzandeh, 2011). While many researchers recognize the importance of 

accurate estimation during the early stages of capital projects, Morrison argues that 

performance can only be measured at the tender stage and that the deviation from the 

lowest acceptable tender determines the accuracy of the estimate (Morrison, 1984; 

Trost & Oberlender, 2003; Liu & Zhu, 2007). Therefore, accuracy is taken as the 

variation between the engineer’s estimate and the lowest acceptable tender bid. Trost 

and Oberlender identified the following five significant factors influencing estimate 

accuracy.  

1. Basic process design 

2. Team experience and cost information 

3. Time allowed to prepare the estimate 

4. Site requirements 

5. Bidding and labor climate 

The preparation of an accurate estimate is a key factor for a successful 

construction project. The accuracy of the estimate varies significantly and depends on 

the scope, definition, and the availability and accuracy of information provided when 

preparing the project estimate. As the estimate moves from the preliminary phase to the 

detailed final design stage, the required level of accuracy increases. For an order-of-
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magnitude estimate, after the preliminary design, the range of accuracy is 20 𝑡𝑡𝑡𝑡 30% 

and on completion of the final design, ranges from 10 𝑡𝑡𝑡𝑡 15% (Oberlender, 2000).  

2.3 Estimating methods 

The engineer’s estimate is the final estimate before a project is advertised. It is 

used to judge the contractors’ bids and is developed by using complete plans, 

specifications, and other project information. Estimation software such as AASHTO’s 

Trans.port© software is often used to generate it (Anderson, Molenaar, & Schexnayder, 

2006). 

FHWA provides a document titled: “Guidelines on Preparing Engineer’s 

Estimate, Bid Reviews and Evaluation” to assist employees of the Department of 

Transportation (DOTs) in the estimation process. The final engineer’s estimate of the 

pre-bid estimate for transportation projects can be formulated based on three 

approaches: historical data, actual cost, combination (Contract 2001). A survey 

conducted by Niedzwecki and Bell in 2007 showed that the historical bid-based method 

is the primary estimating approach used by 60% of the respondents. The cost-based 

approach is used by 10% of the DOTs while the remaining 30% of the respondents use 

the combination approach for estimating (Niedzwecki & Bell, 2007).    

2.3.1 Historical Data 

The historical bid-based approach is the most common estimating method used by 

SHAs for developing transportation project cost estimates (Anderson, Molenaar, & 

Schexnayder, 2009). Creating cost estimates using the historic bid process is relatively 

easy (Molenaarm, Anderson, & Schexnauder, 2011). Data from recently let contracts 

is used as the basis for estimated unit price development for future projects. The 

estimated price of construction items is based upon historical bid data and is summed 
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for all items to obtain the final engineer’s estimate. Historical bid data are summarized 

and adjusted for project conditions such as time, project location, size, quantity, 

economic conditions, variations in design and construction etc. However, this method 

is most susceptible to outside factors such as inflated bid prices from contractors with 

little or no competition. If we exclude noncompetitive bid prices this method requires 

the least level of effort (Contract 2001). Historical bid price data are typically stored in 

a database for 3 to 5 years but the retrieval period for price averaging and use in new 

estimates is 1 or 2 years. In this case, the estimator may search the bid database across 

a longer time period (Molenaarm et al., 2011).  Since this method is efficient in terms 

of staff resources versus other methods of estimating and has proven to provide 

reasonable estimates on typical projects, the historical bid-based estimating method is 

used to some extent by all STAs (Anderson et al., 2009).  

Historical bid-based estimating can be used as early as the scoping phase 

(although it is easier to apply at the PS&E phase) and subsequently throughout the 

design phase of project development as long as the project’s definition is described in 

terms of items for which quantities can be developed. It is also often used to develop 

prices for minor items in support of cost-based estimating (Molenaarm et al., 2011). 

When using historical bid data to estimate the cost of many work items, the 

estimator must ensure that this historical bid data reflects the scope of the item that is 

being estimated (Molenaarm et al., 2011).  

2.3.2 Actual Cost 

Cost-based estimating is used primarily to prepare the engineer’s or PS&E estimate but 

is also applicable for estimating major items even at the design and scoping phases of project 

development using rough assumptions about quantities and conditions. This is good practice 
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because the process causes the estimator to focus on the specific characteristics of the project 

(Molenaarm et al., 2011). 

This approach, also called detailed estimate, is based on specific data such as crews, 

equipment, production rates, and material costs (Contract 2001). Cost-based estimating 

methods are typically used by most contractors bidding heavy highway-type work for arriving 

at a contract bid price. Being so commonly used, it can provide the STAs with an accurate and 

defensible project estimate to support the decision for contract award/rejection and any future 

price negotiations with the contractor after awarding the contract. However, the agency 

estimator usually does not have the same access to historic production rates and materials 

quotes as a contractor (Molenaarm et al., 2011). This estimating approach requires the 

estimator to have a good working knowledge of construction methods and equipment and 

market conditions. The cost-based approach produces an accurate estimate and is useful, 

especially, in estimating unique items of work where there is insufficient bid history (Contract 

2001).  

2.3.3 Combination 

As the name suggests, the third approach is a combination of the historical bid-

based and cost-based estimating methods. Most projects contain a small number of 

items that together make up a large portion of the total cost. These may include for 

example, Portland cement concrete pavement, structural steel, embankment, or other 

specialty items. Prices for these items are estimated using the detailed approach and 

adjusted for specific project conditions. The remaining items are estimated based on 

historical prices and adjusted as per the specific project (Contract 2001).  

2.4 Importance of Accurate Estimates 

Cost estimation is an integral part of both the need and scope of a project. The 

primary purpose of a project cost estimate is to provide a basis for developing, 
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amending, or reviewing a project budget (Transportation and Infrastructure Project 

Management, 2013).  

Cost estimates are the basis for many key financial decisions and their 

inaccurate estimation can result in poor financial decisions such as: 

1. Over/Under-run budgets: fewer or more projects in program can or could be 

developed. 

2. Cost too high/low: a project is often selected by comparing its benefits to its 

cost. Reduced/high benefit-to-cost ratio may lead to rejecting/accepting a 

project that should/not be accepted. 

The specialized nature of transportation projects requires a specific set of skills 

to provide accurate estimates. A good estimator needs to know how to translate 

concepts to costs using an understanding of the impact of economics and the market on 

construction costs. The application of these skills requires training and experience both 

of which are hard to obtain forcing most STAs to develop their own processes based on 

history and other available resources. The fact that a significant amount of public tax 

dollars is invested in transportation projects emphasizes the necessity of producing an 

accurate estimate and this depends on the estimator using all available resources. When 

a project is overestimated by the engineer, bidders may be cognizant of this and may 

submit higher bids accordingly. The increase in transportation needs, the funding 

limitations at the federal and state levels, and the high cost of transportation 

improvement projects, necessitates the development of a toolbox of techniques to 

support accurate project estimates (Molenaarm et al., 2011).  
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2.5 Factors that influence construction prices 

In a study conducted by Elhag and Boissebaine (1999), 67 variables affecting 

construction cost were identified and grouped into six different categories.  

(i) Client characteristics – type of client, financial ability, and others.  

(ii) Consultant and design parameters – completeness and timeliness of project 

information, “buildability”, quality, and specifications of the design.  

(iii) Contractor attributes – factors related to management, experience on similar 

projects, financial capabilities.  

(iv) Project characteristics – project type, function, size, complexity, site conditions, 

construction method, etc.  

(v) Contract procedures and procurement methods and 

(vi) External factors and market conditions. 

Hegazy and Ayed (1998) employed a technique based on Neural Networks (NN) and 

found that season, location, type of project, contract duration, and contract size had a 

significant impact on individual contract costs. In his research, Herbsman (1986) 

revealed that in addition to changes in the cost of basic elements, i.e. the input costs of 

labor, material and equipment, the bidding volume of contracts is another factor that 

affects the total cost. The rationale for this finding was that bid volume influences 

competition (at least in the short term) which, in turn, influences contract prices. FHWA 

identified several factors that affect the accuracy of project cost estimates, such as 

fluctuation in the prices of raw materials, monetary inflation, and impact of global and 

regional events, market conditions and competitiveness (Federal Administration 

Highway, 2013). Others think that project cost escalation is a major problem for SHAs 

and identified the factors that influence a project’s final costs. The National Cooperative 

Highway Research Program (NCHRP) categorized the factors that are the root causes 
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behind cost escalation and lack of project cost estimate consistency and accuracy into 

internal and external influences, divided by two project development phases: planning 

and execution. The internal factors that contribute to cost escalation and controllable 

by a Department of Transportation (DOT) while the external factors are outside the 

direct control of a DOT (Anderson et al., 2011). Table 1 shows a classification of the 

internal and external factors causing project cost escalation.  

Table 1: Factors Causing Cost Estimation of Projects (Anderson et al., 2011) 

   

2.6 Statistical Forecasting Techniques 

As discussed earlier, highway construction costs depend on many factors and 

the identification of these factors is an essential task to determine their effect on the 

cost of a project. Several analysis tools can be used to predict future estimates by 

determining the relationship between the cost and the selected parameters. This section 

discusses two common quantitative forecasting techniques found in transportation 

literature: regression models and artificial neural network (ANN) models. Both of these 
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techniques rely on historical data used to develop cost models based on statistical 

analysis.  

2.6.1 Regression Model 

Previous research studies related to cost estimating, specifically during the 

conceptual stage, employed regression models as parametric cost models to examine 

the relationship between project costs and the different important project cost factors 

(Williams, 2003; Trost & Oberlender, 2003). Regression models have been used since 

the 1970s for estimating cost and are a powerful tool for predictive and analytical 

purposes in examining the contribution of overall estimate reliability (Kim, An, & Kang 

2004). When regression models are implemented, the relationship between the response 

variable and the predictors must be established before any analysis can be performed. 

Most of this literature review discusses the importance of accurate estimates during the 

early stages of capital projects.  

Williams (2003) studied the relationship between the low bid and the completed 

cost for competitive bid highway projects collected from several agencies managing 

highway and dredging projects. A natural log transformation of the two variables 

produced regression models to predict completed project cost using the project low bid 

as the sole input (Williams, 2003). 

Trost and Oberlender (2003) collected quantitative data from completed 

projects in the process industry. A Likert scale was used to rank each of the 45 potential 

drivers of estimation accuracy for a given estimate. Trost and Oberlender (2003) 

adopted a multivariate analysis to develop a suitable model for predicting estimate 

accuracy based on the estimate score. The resulting model, also called the estimate 

score procedure, allows the project team to score an estimate and then predict its 
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accuracy based on score estimate value. The final model predicts the estimate accuracy 

function of the following three factors: basic process design, team experience and cost 

information, and the time allowed to prepare the estimate. 

A model that is commonly used (according to the literature review) is a linear 

regression function in which a dependent variable is regressed on other independent 

variable(s) to predict the future value of the response (Kouskoulas, 1984). The most 

popular linear models are arithmetic, logarithmic, and semi-logarithmic mathematical 

equations (Black, 1892). A simple linear regression model is represented by the 

following equation:    

𝑌𝑌 = 𝛽𝛽0 +  𝛽𝛽1𝑋𝑋1 + 𝛽𝛽2𝑋𝑋2 … . + 𝛽𝛽𝑘𝑘𝑋𝑋𝑘𝑘 + 𝜀𝜀 

where the 𝑋𝑋𝑖𝑖 are the independent variables or predictor, 𝑌𝑌 is the independent variable 

or response variable whose value can be estimated using the predictors;  𝛽𝛽𝑖𝑖 are the 

regression coefficients and 𝜀𝜀 is the error term. 

The main disadvantage of regression models is their requirement for specifying 

the nature of the relationship between the response and predictor(s), i.e. between the 

project cost and parameters. This decision is not straightforward. On the upside, one of 

the main advantages of regression models is that they are more conservative when 

compared to other forecasting techniques such as ANN because insignificant variables 

can be dropped by using the backward elimination technique (Karanci, 2010). 

2.6.2 Artificial Neural Networks 

An artificial neural networks (ANN) – an artificial intelligence technique – is a 

computer system that simulates the learning process of the human brain and mimics the 

nervous system (Kim et al., 2004). ANNs are a series of interconnected artificial 

neurons that are trained using available data to understand the underlying pattern 
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(Pawar, 2007). They consist of three layers – the input, hidden, and output layer – with 

each having a number of processing elements (Karna & Breen, 1989). ANNs are 

suitable for non-linear modeling of data unlike linear regression (Baccarini, 2006). 

ANN models have been extensively used for cost estimation. The literature review 

covers many studies that have used ANN models for highway construction cost 

estimates. Hegazy and Ayed (1998) used a neural network approach to manage 

construction cost data and develop a cost estimate model for highway projects. Wilmot 

and Mei (2005) developed one to estimate the escalation of highway costs over time. 

The model relates overall highway construction costs – described in terms of a highway 

construction cost index – to the following five factors: cost of construction material, 

labor, and equipment, characteristics of the contract, and the contracting environment 

prevailing at the time the contract was let (Wilmot & Mei, 2005). Adeli and Wu (1998) 

formulated a regularization neural network (NN) model and used NN architecture to 

estimate highway construction costs. The model was applied to estimate the cost of 

reinforced-concrete pavements and it was based on a solid mathematical foundation to 

make the estimate more reliable and predictable. 

Although previous studies recognized the good performance of ANN, the 

process of developing and implementing such models has its disadvantages. Ayed 

(1997) stated that designing the network architecture and establishing the best NN 

model is not a straightforward approach and is time consuming because of the trial and 

error process.  

Most of the articles reviewed contained information about the cost estimating 

procedure during the early stages of the project life-cycle without reference to the 

engineer’s estimate. 
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CHAPTER THREE 

METHODOLOGY – COST ESTIMATE 

This chapter explains the steps conducted to analyze and improve the WisDOT 

construction cost estimation process.   

A comprehensive literature review was executed to find background 

information about the cost estimation process in the highway industry. As a first step, 

estimation and estimating accuracy were defined. The purpose of cost estimating in the 

highway industry was also identified. The three common pricing strategies adopted in 

the highway industry to develop project cost estimations were discussed as well. The 

research team outlined the importance of the accuracy in the cost estimating process. In 

addition, the literature review identified previous research endeavors pertaining to the 

statistical methods used for improving the accuracy of cost estimates. Most of the 

articles reviewed by the research team contained information about the cost estimating 

procedure during the early stages of the project life-cycle and did not specifically 

reference the engineer’s estimate. 

After a thorough literature review, the research team set the objectives of this 

study and was well equipped to move to the analytical stage. The historical bid tabs 

from FY 09 to FY15 were provided by WisDOT. These tabs consisted of 2229 

observations or projects and provided information about the total bid cost of awarded 

projects. The dataset included relevant variables such as the engineer’s estimate, the 

bid price, fiscal year, proposal type, region, among others.  

After gaining access to the dataset, an explanatory analysis was done to assess 

the current status of WisDOT in cost estimation accuracy. The Explanatory Data 
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Analysis (EDA) summarized the main characteristics of the dataset, provided insight 

into the dataset, aided in identifying and extracting important variables, and detect 

anomalies in the observations. The percentage of error was defined as the percentage 

deviation between the bid price and the engineer’s estimate. This newly defined 

parameter was used to evaluate WisDOT engineering estimate accuracy (EEA).  

The EDA approach provided the necessary knowledge and information to 

generate statistical models. Analogous to the forecasting models generated to accurately 

estimate construction costs at an early stage, parametric estimating techniques were 

used to improve WisDOT EEA. The most accurate engineer’s estimate would be equal 

to the project bid price submitted by contractors. Therefore, various regression models 

were developed to find a relationship between the project bid price and other variables 

including the engineer’s estimate prepared by WisDOT. The goal of this research was 

to determine was factors could be used to explain and predict an accurate engineer’s 

estimate. A natural log transformation and a linear regression yielded a good predictive 

model for actual project cost based on independent variables. When performing linear 

regression four key assumptions are made: linearity, independence of errors, normality 

of the error term, and equal variance. First, linearity implies that the underlying 

relationship between the response variable and the predictors is linear, thus the model 

is correct. Second, independence of errors implies that the error terms, defined as the 

difference between observed and predicted values, are not correlated and do not 

influence one another. Third, normality of the error terms implies that the error terms 

or residuals have a normal distribution. Finally, the fourth assumption of equal variance 

implies that the probability distribution of the errors has a constant variance. RStudio 

software was used to perform various statistical analyses and formulate potential 

models that could be used to improve WisDOT EEA. Two validation approaches were 
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used, the k-fold validation technique and the 100% validation method, to assess the 

accuracy, reliability, and credibility of the selected models. The reseatch Methodology 

adopted for the engineering estimate accuracy is illustrated in figure 1.   

 

Figure 1 Flow Chart of the Methodology of the Engineering Estimate Accuracy 
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CHAPTER FOUR 

EXPLANATORY DATA ANALYSIS – COST ESTIMATE 

4.1 Data Description 

The historical dataset provided by the WisDOT contained 2,229 observations 

that represented contracts awarded by the WisDOT from FY09 to FY15, i.e. from July 

of 2008 till June of 2015. The historical dataset tracks different project characteristics. 

Relevant variables include the contract ID, engineer’s estimate, low bid price, number 

of bidders, fiscal year, region, type of work, and funding program. 

The contract ID is a unique number for every project and contains 11 numbers. 

Each contract ID is comprised of the year, the month, and the day in which the contract 

was awarded and the number of the awarded projects. For example, 20110809009 refers 

to the contract ID of the project that was let to bid on the 9th of October, 2011, and it 

was the ninth project listed on the letting advertisement. Therefore, this variable 

produced two new variables: the year and month in which the contract was let. The 

monthly let contracts were categorized into a new variable, the season, consisting of 

winter (Nov-Mar) and summer (Apr-Oct). 

The engineer’s estimate (a numerical variable) is in dollar amounts and 

represents the total project cost developed by WisDOT estimators. Engineer’s estimates 

are confidential are not provided to prospective contractors. It ranges 

between $26,938.58 𝑎𝑎𝑎𝑎𝑎𝑎 $208,982,136.37, corresponding to contract IDs 

20130709009 and 20140826001 respectively.  

 The low bid price (also a numerical variable) is expressed in dollars and 

represents the total cost of the project submitted by the lowest bidder who was awarded 
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the contract. The bid price ranges between $29,113.25 𝑎𝑎𝑎𝑎𝑎𝑎 $198,765,601.27, 

corresponding to contract IDs 20090210016 and 20140826001 respectively. 

Throughout this report the term bid price is used to mean low bid price. For the same 

project, the engineer’s estimate is different from the actual bid of the project; the 

engineer’s estimate can be either over- or under-estimated.  

From this difference, a new parameter arises; delta. Delta is also a numerical 

variable that represents the variation between the engineer’s estimate and the low bid 

price of the project. Delta can be seen as a percentage of error. Because the goal of 

WisDOT is to have the engineer’s estimate within ±10% of the bid price, delta was 

defined as follows: 

∆ (%)  =  𝐸𝐸𝐸𝐸𝐸𝐸𝑖𝑖𝐸𝐸𝐸𝐸𝐸𝐸𝑟𝑟
′𝑠𝑠 𝐸𝐸𝑠𝑠𝐸𝐸𝑖𝑖𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 ($)−𝐿𝐿𝐿𝐿𝐿𝐿 𝐵𝐵𝑖𝑖𝐵𝐵 𝑃𝑃𝑟𝑟𝑖𝑖𝑃𝑃𝐸𝐸($)

𝐿𝐿𝐿𝐿𝐿𝐿 𝐵𝐵𝑖𝑖𝐵𝐵 𝑃𝑃𝑟𝑟𝑖𝑖𝑃𝑃𝐸𝐸 ($)
 × 100  (1) 

A delta was then calculated for every project in the dataset. This parameter can be either 

positive (overestimation) or negative (underestimation). The results show that the value 

of delta ranges from −69.5% 𝑡𝑡𝑡𝑡 283.4%, corresponding to contract IDs 20140708012 

and 20100309027. The range of the absolute value of delta is between 

0.01% 𝑎𝑎𝑎𝑎𝑎𝑎 283.4% corresponding to contract IDs 20121113003 and 20100309027 

respectively. 

 The dataset also included the number of bidders that submitted bids for every 

project. This numerical variable indicates how many contractors submitted their bid for 

a particular project. The number of bidders ranges between 1 and 13, where a large 

number of bidders indicates a high level of competition. 
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 The projects were organized by fiscal year. This variable was treated as a 

categorical variable to compare the WisDOT performance in EEA over the time. A total 

of seven fiscal years were analyzed.  

 The proposal type is a categorical variable that identifies the type of 

construction work to be undertaken. This variable contains 10 levels: Asphalt, Bridge 

Painting, Building Construction, Concrete Paving, General, Grading, Incidental, Rail 

Construction, Street/Airport Lighting, and Structure. A description of each proposal 

type is available in Appendix A  

 The region is a categorical variable that indicates which geographical region in 

the state of Wisconsin the project was to be constructed. The region variable contains 

five levels: North Central (NC), Northeast (NE), Northwest (NW), Southeast (SE), and 

Southwest (SW).  

 Wisconsin’s transportation budget is divided into five funding programs: The 

State Highway Rehabilitation (SHR) program, Major Highway program, Local 

program, Highway Maintenance, Repair and Traffic Operations Program, and SE 

Freeway program. The definition of the different funding mechanisms is provided in 

Appendix B. The different funding categories within the WisDOT program are treated 

as a categorical variable. 

Table 2 delineates the aforementioned variables.   

Table 2: The Various Variables Included in the Bid Tabs 

Variable Type Sub-divisions 
Fiscal Year Categorical - Ordinal 7 levels 
(Calendar) Year Numerical - 
Month Categorical - Ordinal 12 levels 
Season Categorical - Binary 2 levels 
Engineer’s Estimate Numerical - 
Bid Price Numerical - 
Delta Numerical - 
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Number of Bidders Numerical - 
Proposal Type Categorical - Nominal 10 levels 
Region Categorical - Nominal 5 levels 
Funding Program Categorical - Nominal 5 levels 

*A categorical or nominal variable does not have any intrinsic order whereas an ordinal variable does. For 
example, in a table of countries, they can be listed in any order (nominal) but if we talk about years or months, 
they must be listed in chronological order (ordinal). 

4.2 Data Characteristics 

The objective of this study was to improve the accuracy of WisDOT estimates. 

The first step taken in the research after obtaining the dataset from WisDOT was to 

assess the current WisDOT EEA. The initial scope of work included bid tabs for seven 

fiscal years (FY09 – FY15), i.e. the period between the fourth quarter of 2008 and the 

third quarter of 2015. Three proposal types were excluded from the scope of the 

analysis: Building Construction, Rail Construction, and Street/Airport Lighting. 

Therefore, 20 projects were excluded from the analysis. Delta was calculated for each 

of the 2,209 awarded contracts using equation (1). The distribution of the calculated 

delta is shown in Figure 2. 

 

Figure 2: A Summary of the Engineer’s Estimate compared to the Low Bid from FY09-FY15 
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The bid data shows that 43% of the estimates produced by WisDOT over the 

seven fiscal years included in the study are within ±10%, i.e., of the 2,209 projects bid 

during these years there were 887 projects within ±10% of the actual project cost. 

Figure 2 also shows that 17% of the estimates produced by WisDOT over the seven 

fiscal years are below −10%, that is, of the 2,209 projects bid during these years, 366 

projects were underestimated by WisDOT with a delta less than 10%. Over the same 

period, 40% of the engineer’s estimates had a delta greater than +10%, i.e., from the 

total projects bid during this period, WisDOT overestimated 956 projects with a delta 

above +10%. In general, Figure 2 shows that WisDOT tends to overestimate its 

projects. To meet its performance goals, WisDOT would like to have at least 60% of 

the projects within ±10%.   

The research team examined the variation of the delta function of other variables 

provided in the dataset. The EDA focused on the following: total number of projects 

awarded for a specific factor, the number of projects that fell within the range of  ±10% 

of the low bid, the percentage of over- and under-estimated projects, the minimum, 

maximum, and the average of delta.  

Analysis was performed on the bid tab data to determine the variation of delta with 

respect to following factors factor: fiscal year, calendar year, month, season, funding 

program, proposal type, region, WisDOT estimate range, and FHWA estimate range. 

While WisDOT categorizes its projects into six ranges or groups based on the dollar 

amount of the project, FHWA has nine ranges. See tables C.1 to C.9 in Appendix C 

which show the EEA performance under each factor.   
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The following figures show the distribution of Delta versus each variable. 

Each circle represents one project, and the two solid black lines above and below zero 

signify the limit of ±10% set by the FWHA.  
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Figure 3: Distribution of Delta (%) over the Fiscal Years 

 

 
Figure 4: Distribution of Delta (%) over the Years 

 

 
Figure 5: Distribution of Delta (%) Over the Months 
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Figure 6: Distribution of Delta (%) over the Two Seasons 

 

 
Figure 7: Distribution of Delta (%) among the Five Funding Programs 

 

 
Figure 8: Distribution of Delta (%) among the Seven Proposal Types 
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Figure 9: Distribution of Delta (%) among the Five Region 

 

 
Figure 10: Distribution of Delta (%) among the Six WisDOT Engineer’s Estimate Ranges 

 

 

Figure 11: Distribution of Delta (%) among the Nine FHWA Project Ranges 
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4.3 Statistical Significance 

The above tables and graphs show that the engineer’s estimate is inconsistent 

over the various factors considered. However, it is important to study how significant 

is the variation in the engineer’s estimate accuracy within each factor. Statistically, we 

would like to test if the different samples of each factor originate from the same 

distribution. One-way analysis of variance (ANOVA) is a parametric technique used 

to compare the means of three or more samples of a normally distributed numerical 

variable. However, Figure 2 shows that delta is skewed and thus, does not have a 

normal distribution. The Kruskal-Wallis test is an alternative technique used when the 

assumptions of ANOVA are not met, i.e., when the variable is not normally 

distributed. The null hypothesis of the Kruskal-Wallis test assumes that the samples 

are from identical populations, i.e., the engineer’s estimate accuracy does not vary 

with fiscal year, calendar year, month, season, funding program, proposal types, 

region, and estimate’s ranges. If the p-value is significant, the Kruskal-Wallis test can 

reject the null hypothesis, and conclude that the accuracy varies with the factor under 

consideration. The results of this test performed on the different factors mentioned 

above are illustrated in Table 3 below. 

Table 3: Results of the Kruskal-Wallis Test 

Factor p-value 
Fiscal Years < 2.2 e-16 

Calendar Years < 2.2 e-16 
Month 1.681 e-18 
Season 0.0002105 

Funding Program 0.0004031 
Proposal Type 3.136 e-11 

Region 0.02053 
WisDOT range 0.1704 
FHWA Range 0.00903 
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At a 5% significance level, Table 3 shows that the engineer’s estimate 

accuracy varies according to the fiscal year, calendar year, month, season, funding 

program, proposal type, and region. On the other hand, the p-value at the 5% 

significance level is not significant for the WisDOT range, but it is for the FHWA 

range. One possible explanation of this variation is that grouping the engineer’s 

estimate in different ranges is subjective and can cause misleading results. 
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CHAPTER FIVE 

DATA ANALYSIS AND RESULTS – COST ESTIMATE 

5.1 Regression Models 

Although the bid tabs provided by WisDOT contain information about projects 

awarded since FY09, not all of these projects were included in the analysis. WisDOT 

set the “60/10” standard to be effective as of July 1st, 2013 when a new Engineering 

Estimate Accuracy Report technique was standardized throughout the state. Therefore, 

it was decided to analyze only those projects that were awarded after July 1st, 2013 up 

till FY15 for a more consistent data set. It was noticed, that only one project was let 

during October, therefore, this monthly level (month 10) was dropped from the study. 

This left us with 531 projects awarded between FY14 and FY15. (Please note that for 

some projects, not all the variables have values.) 

The concept: Imagine if the WisDOT put itself in the shoes of the contractor 

and tried to predict the low bid of the awarded contract. If it was to succeed at this, 

WisDOT would have the most accurate engineer’s estimate.  

To accomplish this, the research team first fit a general model, in which the bid 

(low bid) is the response variable and the estimate (engineer’s estimate) is the 

independent variable or predictor. Figure 12 illustrates the relationship between the low 

bid and the engineer’s estimate: 
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Figure 12: Relationship between low bid and the engineer’s estimate from FY14-FY15 

The graph shows that the bid and the estimate are highly correlated as Pearson’s 

r correlation value is very close to 1. The two histograms show that the distribution of 

the two variables is skewed, therefore, a natural log transformation was taken to achieve 

a better distribution. Figure 13 illustrates the relationship between the two transformed 

variables. 

 

Figure 13: Relationship between the transformed low bid and the transformed engineer’s estimate from FY14-
FY15 
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A linear trend between the transformed bid (log.bid) and the transformed 

estimate (log.est) is better depicted in the above graph. A linear model was generated 

for these two variables. 

5.1.1 First Model 

Under the simple model:  

𝑙𝑙𝑡𝑡𝑙𝑙 𝑏𝑏𝑏𝑏𝑎𝑎~ log 𝑒𝑒𝑒𝑒𝑡𝑡𝑏𝑏𝑒𝑒𝑎𝑎𝑡𝑡𝑒𝑒 + 𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡𝐸𝐸 

where log refers to the natural logarithm, the variable log.estimate explains 97.9% (the 

R2 value for this model) of the variation in the bid amount with a p-value close to zero, 

highlighting the importance of the estimate as a predictor. The resulting model provides 

a linear model of the following form: 

𝑙𝑙𝑡𝑡𝑙𝑙 (𝑙𝑙𝑡𝑡𝑙𝑙 𝑏𝑏𝑏𝑏𝑎𝑎) = 0.4088 + 0.9748 × 𝑙𝑙𝑡𝑡𝑙𝑙 (𝑒𝑒𝑎𝑎𝑙𝑙𝑏𝑏𝑎𝑎𝑒𝑒𝑒𝑒𝐸𝐸′𝑒𝑒 𝑒𝑒𝑒𝑒𝑡𝑡𝑏𝑏𝑒𝑒𝑎𝑎𝑡𝑡𝑒𝑒) 

This model supports engineer’s estimate from FY14 - FY15 ranging between $26,940 

and $ 209,000,000. The output of the regression model can be found in Appendix D.  

This model can be used by WisDOT’s engineers to adjust their final estimates. The 

estimated response specified in the model (the low bid) is theoretically the new 

WisDOT engineer’s estimate after adjustment. In other words, the engineer’s estimate 

itself is plugged into the above equation to obtain a new engineer’s estimate, and this 

is expected to be relatively close to the low bid. It is important to note that under this 

model, the two variables are transformed.  

Although this model has a high 𝑅𝑅2, it did not improve EEA to the desired 60% 

threshold. Originally, 251 projects were estimated to be within 10% of the low bid (i.e. 

47.27% of the projects had a 10% level of accuracy). Under the above model, 245 
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projects (46.14%) were estimated to be within 10% of the low bid. Therefore, instead 

of improving EEA, this model had a slight negative effect on the accuracy of the data.  

5.1.2 Multiple Linear Regression Model 

In an attempt to improve the accuracy of the engineer’s estimate, more 

dependent variables were added to the first model. After several trials, the following 

model was generated: 

𝑙𝑙𝑡𝑡𝑙𝑙 𝑏𝑏𝑏𝑏𝑎𝑎~ log 𝑒𝑒𝑒𝑒𝑡𝑡𝑏𝑏𝑒𝑒𝑎𝑎𝑡𝑡𝑒𝑒 + 𝑃𝑃𝐸𝐸𝑡𝑡𝑙𝑙𝐸𝐸𝑎𝑎𝑒𝑒 𝐹𝐹𝐹𝐹𝑎𝑎𝑎𝑎𝑏𝑏𝑎𝑎𝑙𝑙 + 𝑃𝑃𝐸𝐸𝑡𝑡𝑃𝑃𝑡𝑡𝑒𝑒𝑎𝑎𝑙𝑙 𝑡𝑡𝑡𝑡𝑃𝑃𝑒𝑒 + 𝑅𝑅𝑒𝑒𝑙𝑙𝑏𝑏𝑡𝑡𝑎𝑎

+ 𝑀𝑀𝑡𝑡𝑎𝑎𝑡𝑡ℎ +  𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡𝐸𝐸 

The inclusion of the five variables (log estimate, program funding, proposal type, 

region, and month), discussed in previous section, explained 98.17% of the variation in 

the response variable (log.bid). An ANOVA test was performed to check if all predictor 

variables are significant. The results showed that all p-values of six factors are 

significant, indicating the importance of each factor (The output of ANOVA can be 

found in Appendix D). When using a multiple regression analysis, the nature and 

significance of the relationships between the independent or predictor variables 

becomes of particular interest.  

Multicollinearity among predictors is said to exist if they are correlated among 

themselves, which can cause various problems. An analysis revealed that 

multicollinearity existed only for two levels of two factors (data not shown) and since 

the regression model is to be used for prediction and not inference, multicollinearity is 

not an issue anyway (Alison, 2014).  

The output of the multiple linear regression model is shown in Appendix D 

along with the plots of the models. Under this model, 268 projects (50.47%) were 
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estimated to be within 10% of the low bid. This shows that the multiple regression 

model is better than the simple model explained in the previous section.  

Further steps were undertaken to improve the model by detecting influential points 

based on Cook’s Distance. Cook’s distance measure is an aggregate influence measure 

used to detect the effect of deleting a given observation on the rest of the observations. 

As a rule of thumb, if  

𝐶𝐶𝑡𝑡𝑡𝑡𝑘𝑘′𝑒𝑒 𝐷𝐷𝑏𝑏𝑒𝑒𝑡𝑡𝑎𝑎𝑎𝑎𝐷𝐷𝑒𝑒 >  
4

𝑎𝑎 − 𝑘𝑘 − 1
 

then the data point corresponding to this Cook’s distance is deemed as an influential 

point and is excluded from the data. Here n (532) is the total number of observations 

and k (5) is the number of predictors used in the model.  

After detecting all the influential points and excluding them from the analysis, 

the total number of observations in the data set was reduced to 498 projects. The same 

multiple linear regression model was fitted again and EEA was improved to 54.62%. 

Although the focus of this research was on the 60/10 standard developed by WisDOT 

the research team measured the accuracy of the 75/15 standard and found that the 

multiple linear regression estimated 74.5% of the projects to be within 15% of the low 

bid. 

5.1.3 Additional Model 

Because the models generated above attempted to improve the engineer’s 

estimate by predicting the low bid submitted by contractors, WisDOT was contacted 

for the contractors’ information. As a result, a new predictor variable was added to the 

multiple linear regression model created in the previous section. The new model is 

expressed as follows: 
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𝑙𝑙𝑡𝑡𝑙𝑙 𝑏𝑏𝑏𝑏𝑎𝑎~ log 𝑒𝑒𝑒𝑒𝑡𝑡𝑏𝑏𝑒𝑒𝑎𝑎𝑡𝑡𝑒𝑒 + 𝑃𝑃𝐸𝐸𝑡𝑡𝑙𝑙𝐸𝐸𝑎𝑎𝑒𝑒 𝐹𝐹𝐹𝐹𝑎𝑎𝑎𝑎𝑏𝑏𝑎𝑎𝑙𝑙 + 𝑃𝑃𝐸𝐸𝑡𝑡𝑃𝑃𝑡𝑡𝑒𝑒𝑎𝑎𝑙𝑙 𝑡𝑡𝑡𝑡𝑃𝑃𝑒𝑒 + 𝑅𝑅𝑒𝑒𝑙𝑙𝑏𝑏𝑡𝑡𝑎𝑎

+ 𝑀𝑀𝑡𝑡𝑎𝑎𝑡𝑡ℎ + 𝑉𝑉𝑒𝑒𝑎𝑎𝑎𝑎𝑡𝑡𝐸𝐸 +  𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡𝐸𝐸 

where the factor “Vendor” refers to the low bid contractor who was awarded the 

contact. Some of the contracts had missing vendors, only those projects which had a 

vendor name were included. As a results, the new data set contained 522 observations. 

The ANOVA test showed that all seven factors were significant. Ignoring the effects 

of multicollinearity, we find that 302 projects (57.85%) were estimated to be within 

10% of the low bid. Although this model provides good results in terms of improving 

EEA, it is not a very practical model because the vendor is unknown at the time the 

engineer’s estimate is being prepared.  

5.2 Cross-Validation  

Predictions, by their very nature, lead us into unknown territory thus prompting 

us to verify their accuracy. Thus, after generating the aforementioned multiple 

predictive linear model, cross validation was used to assess its reliability, accuracy, and 

credibility. Although it showed a high R2 value, the validity of the model is still in 

question. The ideal way to test a model is to gather new observations and then compare 

their predicted value to the actual one. However, at the time when the model was 

created, only the data points already provided were available, so the cross validation 

methods used relied on the previously collected data. Five-fold cross-validation was 

selected. This method is a random partition that generates a training (or learning) set 

and a test set. Under this approach, the dataset was randomly partitioned five times with 

each iteration divided into two sets: 80% of the data is treated as the training set and 

the remaining 20% as the test set. The same simple model generated with 100% of the 

data is regenerated using only 80% of the data in each iteration. The resulting model is 

then used to calculate the remaining 20% and compare their predicted values to their 
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actual ones. Since the research is interested in the percentage of projects with estimates 

within 10% of the low bid, an R script was developed to calculate this percentage 

(Appendix D). The result of the five-fold cross validation showed that only 53.61% of 

the projects have an estimate accuracy level within 10% of the bid, which is lower from 

the desired limit of 60%. Although the focus was on the 10% limit, the research team 

also investigated the second standard: percent of projects that fall within 15% of the 

low bid. The same R script was used, with a value of 15% instead of 10%, and the 

results showed that 72.09% of the project fall within 15% of the low bid which is lower 

than the target of 75%. 

Since the research study had been underway for quite some time, new data for 

FY16 was collected and used to gauge model strength and accuracy and examine 

whether the regression model developed from the original data was still applicable for 

other projects. The new dataset consisted of 48 projects, with the engineer’s estimates 

being within the required range. For validation, the training set was the original dataset 

consisting of 532 observations and the testing set included the newly collected 48 

observations. The observations of the testing set were plugged into the generated model, 

back transformed into their original scale, and then delta was determined as follows: 

∆ =  
𝑃𝑃𝐸𝐸𝑒𝑒𝑎𝑎𝑏𝑏𝐷𝐷𝑡𝑡𝑒𝑒𝑎𝑎 𝐿𝐿𝑡𝑡𝑙𝑙 𝐵𝐵𝑏𝑏𝑎𝑎 − 𝑂𝑂𝑏𝑏𝑒𝑒𝑒𝑒𝐸𝐸𝑂𝑂𝑒𝑒𝑎𝑎 𝐿𝐿𝑡𝑡𝑙𝑙 𝐵𝐵𝑏𝑏𝑎𝑎

𝑂𝑂𝑏𝑏𝑒𝑒𝑒𝑒𝐸𝐸𝑂𝑂𝑒𝑒𝑎𝑎 𝐿𝐿𝑡𝑡𝑙𝑙 𝐵𝐵𝑏𝑏𝑎𝑎
 × 100 

The validation results showed that 45.83% of the validated observations fall within 10% 

of the low bid and 60.42% fall within 15% of the low bid.  

5.3 Findings 

The research analysis deployed several statistical techniques and searched the 

existing variables of the dataset exhaustively for a good model. However, even the most 
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reliable model (the multiple linear regression model) did not improve EEA to the 

desired goal. Different models can be found in Appendix D. It should be noted that 

including vendors (contractors) who were awarded the contract improved the EEA, but 

if a new contractor was introduced, the model ceased to be practical as the low bid 

vendor would not be known at the time the estimate was being prepared. 

It was concluded that the inaccuracy of cost estimation stems not only from the 

engineer’s estimate, but arises through the different stages of cost estimating. In 

addition, the estimating process is not well defined as each project is unique. Every 

design engineer prepares their own estimate, so every project has a different estimator. 

Also, the level of experience varies between project estimators. Therefore, it is 

important to analyze the life-cycle of cost estimates.   
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CHAPTER SIX 

FROM FACTOR ANALYSIS TO PATTERN ANALYSIS 

The process of cost estimation is a massive collaborative effort between teams 

of engineers at various stages of a project. Over the time span between the initiation of 

a project and completion of final design, many factors influence the final estimate of a 

project.  

The success of a project depends on the accuracy of several estimates developed 

throughout the life-cycle of the project. The analysis conducted in the previous chapters 

focused on the final big picture of cost estimating: the total dollar amount of projects. 

However, the accuracy of the engineer’s estimate lies within the accuracy of the 

preceding estimates and their corresponding elements. An estimate is an aggregation of 

the prices of the various construction items, therefore, it is important to ensure an 

accurate estimation of these components.  

The construction industry is a slow sector: a long time elapses before the 

blueprints of a project translate into on-site operations. Price volatility is very common 

in construction commodities. Hence, the art of budgeting for a construction program 

that spans many years is a challenge faced by all State Transportation Agencies (STAs). 

It is therefore vital to account for inflation when estimating future projects.  

It is important to distinguish between two types of inflation, monetary and cost 

of material. Monetary inflation is a sustained increase in money supply and is heavily 

influenced by the government. An increase in the supply of money dilutes the 

purchasing power which causes inflation. A one to two percent inflation rate is normal 
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for a healthy economy. The Consumer Price index (CPI) produced by the Bureau of 

Economic Analysis (BEA) is a measure of this type of inflation.  

On the other hand, cost of material inflation measures the cost of labor and 

material of a specific industry. Market conditions are the driver of this type of inflation; 

shortage of a particular economic input will cause a subsequent rise in its price. These 

changes in supply and demand lead to an instability in the price of commodities 

(“National Highway Construction Cost Index (NHCCI)”, 2015). 

Future inflation effects should be accounted for in estimates of STAs throughout 

the project life-cycle from the planning to the letting phases to improve accuracy. 

Inflation is incorporated into project estimates by adjusting historical data to current 

dollar amounts. Depending on the estimating technique employed by a DOT, inflation 

could be added as a bid- or commodity-based cost index (Molenaarm et al., 2011). 

Determining the price index can result in preparing more accurate bid estimates and 

avoid over/under estimation. An index for measuring price variation in the construction 

industry (construction cost inflation) is based upon a basket of goods and services. For 

example, for estimates of future highway construction costs, STAs need a highway 

construction cost index to measure price movement of construction labor, materials and 

equipment for transportation work. The measure of the percentage change in prices over 

time for a particular basket of goods is a key tool that assists STA estimators in making 

adjustments in time to construction costs mentioned earlier. Because the estimated cost 

of a project is critical information for the state, federal government, and the public 

(“Cost Estimating”, 2015), assessing inflation using the construction cost index when 

forecasting the cost of future highway projects produces a more reliable and accurate 

estimate. 
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By analyzing the trend of construction cost index over time to track changes in 

bid item prices, the research shifted its focus from the factor analysis at the project level 

to the pattern analysis at the item level.  
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CHAPTER SEVEN 

LITERATURE REVIEW – CCI 

7.1 Construction Cost Index 

A CCI, also commonly referred to as a construction price index, was first 

established by the European Union (EU) business cycle as an indicator of trends in 

construction prices incurred by contactors in the construction industry (“Construction 

cost index overview”, 2015). The CCI is a multiplier of past project costs that 

determines the new estimated cost for performing similar construction work in the 

future. The CCI is also an economic indicator that provides information about the 

economy and assists in making economic decisions (“Frequently Asked Questions 

(FAQs)”, 2015). This indicator takes a deep dive into the construction industry 

numbers, analyzes and interprets them, and reflects industrial trends. In addition, the 

CCI is a measure of cost fluctuation and inflation in the construction industry, and plays 

a major role in forecasting cost trends. This index is a “backwards – forwards” tool that 

examines and analyzes background information for materials and project costs and 

provides expertise to take decisions and make professional judgments for future costs. 

Price indices reference two periods – a) a base or historic and b) a current or future 

period – and provide a benchmark to compare between the two (Fleming & Tysoe, 

2003). Price indices are a convenient measure to express time-series construction costs. 

Construction indices are also used to compare between multiple published indices if the 

compared indices have the same base period. When Price Adjustment Clauses are used, 

construction indices can provide a basis for the adjustment of prices.  

Fisher studied several index numbers and concluded that prices of items do not 

move in perfect unison over time (Fisher, 1922). This is particularly true of construction 
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prices which include costs of equipment, labor, materials, and overhead for a variety of 

construction items. As a result, an index number is calculated to simplify the price 

movement by converting the price of many items into one single output or term. 

Therefore, an index number of the price is determined to express the general trend of 

many prices. The CCI provides a measure of the trends of the construction industry 

from the contractors’ point of view. It reflects the actual prices paid by the contractors 

as inputs in the construction process. The CCI is then composed of aggregated price 

indices for materials, labors, overhead costs, and other types of costs carried by the 

contractors (“Construction cost index overview”, 2015). 

7.2 Different Index Forms 

A CCI is an indicator of the general movement of prices, but the methodology 

used to determine this index number has a significant influence on the result. With the 

different forms available to compute an index number, many factors can determine 

which form to use. According to Fisher, the various forms of index numbers differ in 

complexity, ease of computation, and conformity to many other tests. The choice of 

which index form to use tends to depend on the timeliness of the available data, as well 

as index flexibility and final use (Goodridge, 2007).  

Freund and Williams (1969) identified six factors to consider when constructing 

an index.  

a. Purpose of the Index: 

Before constructing an index, it is important to specify the intended use or 

purpose as other construction index factors are influenced by this decision. 

b. Availability of the data: 

It is crucial to ensure the continuous availability of the data to construct a useful 

and reliable series of index and avoid distortion.  
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c. Selection of items to include: 

In constructing a general purpose index, an index designated to measure general 

changes, it is impractical to include all inputs, such as goods, commodities, and 

items. A feasible and reasonable alternative is to take a representative sample 

that reflects the overall population. 

d. Choice of the base period: 

In general, index numbers reference two periods. The base period refers to the 

period to which comparison is made. The choice of the base period is critical 

especially when constructing a series of indices. For a suitable index, it is 

important to select a base period from the not too distant past that is also 

economically stable. Indices based on a remote period with unusual economic 

conditions tend to influence the trends being observed.  

e. Choice of the weights:  

An index is constructed of different items or commodities with different units 

of measure. The weights are an important measure that account for the 

significance of individual items, especially when items have unequal relative 

importance. Suitable weighting method should be carefully selected to avoid 

bias and misrepresentative results. 

f. Methods of construction:  

This factor relates to the choice of a number of formulae employed to describe 

relative changes. The index is calculated by these formulae.   

 

In line with the economic index literature, this study focused on three well 

known forms of price indices used in highway construction: Laspeyres, Paasche, and 
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Fisher. It is assumed that an index includes N items, where N is a very large number 

representing the population of items. 

 The Laspeyres Index is a fixed-base index. It can be interpreted as the change 

in the price of a fixed basket of goods between a historical base period 0 and a current 

or future period t (Johnson & Kennedy, 1996). The Laspeyres Index can be also 

described as a fixed-weighted arithmetic average of price relatives with the base period 

expenditures as weights (Balk, 2008). Therefore, the three inputs needed to compute a 

Laspeyres index are the base period quantities,𝑞𝑞𝑖𝑖0, base period unit prices, 𝑃𝑃𝑖𝑖0, and 

current period prices, 𝑃𝑃𝑖𝑖𝐸𝐸. Laspeyres Index is computed by the following formula: 

𝑃𝑃𝐿𝐿 =  ∑ 𝑝𝑝𝑖𝑖𝑖𝑖𝑞𝑞𝑖𝑖𝑖𝑖𝑁𝑁
𝑖𝑖=1

∑ 𝑝𝑝𝑖𝑖0𝑞𝑞𝑖𝑖0𝑁𝑁
𝑖𝑖=1

=  ∑ 𝑒𝑒𝑖𝑖0
𝑝𝑝𝑖𝑖𝑖𝑖
𝑝𝑝𝑖𝑖0

𝑁𝑁
𝑖𝑖=1      (2.a) 

where 𝑒𝑒𝑖𝑖0 =  𝑝𝑝𝑖𝑖0𝑞𝑞𝑖𝑖0
∑ 𝑝𝑝𝑖𝑖0𝑞𝑞𝑖𝑖0𝑁𝑁
𝑖𝑖=1

 

In other words, 

Laspeyres Price Index = Item Current Price × Item Base Quantity
Item Base Price × Item Base Quantity

 (2.b) 

In 1874, Paasche devised an index that is just the opposite of the Laspeyres 

Index. Instead of using the base period weights, the Paasche Index is a current 

weighting price index as illustrated in the first part of the equation below. In addition, 

the Paasche Index is a harmonic average of price relatives, as shown in the second part 

of the equation below (Balk, 2008). The calculation of the Paasche Index requires three 

inputs: base period unit prices, 𝑃𝑃𝑖𝑖0, current period prices, 𝑃𝑃𝑖𝑖𝐸𝐸, and current period 

quantities, 𝑞𝑞𝑖𝑖𝐸𝐸. The Paasche Index formula is expressed in the following equations: 

𝑃𝑃𝑃𝑃 =  ∑ 𝑝𝑝𝑖𝑖𝑖𝑖𝑞𝑞𝑖𝑖𝑖𝑖𝑁𝑁
𝑖𝑖=1

∑ 𝑝𝑝𝑖𝑖0𝑞𝑞𝑖𝑖𝑖𝑖𝑁𝑁
𝑖𝑖=1

=  �∑ 𝑒𝑒𝑖𝑖𝐸𝐸
𝑝𝑝𝑖𝑖0
𝑝𝑝𝑖𝑖𝑖𝑖

𝑁𝑁
𝑖𝑖=1 �

−1
    (3.a) 

where 𝑒𝑒𝑖𝑖𝐸𝐸 =  𝑝𝑝𝑖𝑖𝑖𝑖𝑞𝑞𝑖𝑖𝑖𝑖
∑ 𝑝𝑝𝑖𝑖𝑖𝑖𝑞𝑞𝑖𝑖𝑖𝑖𝑁𝑁
𝑖𝑖=1
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In other words, 

Paasche Price Index= Item Current Price × Item Current Quantity 
Item Base Price × Item Current Quantity 

 (3.b) 

When applying the Laspeyres Index or the Paasche Index, the base period index value 

is set to equal 100.  

 Both the Laspeyres and Paasche indices have their weaknesses. The 

disadvantage of the former is that it does not reflect changes in the quantities of items 

purchased over time and in some cases, might overweigh items whose prices have 

increased (Lind, Marchal, & Wather, 2012). The latter reflects current quantities 

purchased, but it requires tracking and collecting quantity data for each period. The 

harmonic mean index also tends to overweigh items when their prices decrease (Lind 

et al., 2012).  

In an attempt to overcome the shortcomings of the Laspeyres and Paasche 

indices, Ivring Fisher proposed a new index called the Fisher’s Ideal Index. The Fisher 

Index is a compromise between Laspeyres and Paasche, as it is the geometric mean of 

these two indices, using their inputs respectively, where 𝑃𝑃𝐹𝐹 is the Fisher Index, 𝑃𝑃𝐿𝐿 is the 

Laspeyres Index, and 𝑃𝑃𝑃𝑃 is the Paasche Index. The Fisher Index is computed by the 

following formula: 

𝑃𝑃𝐹𝐹 =  �𝑃𝑃𝐿𝐿  ×  𝑃𝑃𝑃𝑃      (4.a) 

or 

𝑃𝑃𝐹𝐹 = �∑ 𝑒𝑒𝑖𝑖0
𝑝𝑝𝑖𝑖𝑖𝑖
𝑝𝑝𝑖𝑖0

𝑁𝑁
𝑖𝑖=1  × �∑ 𝑒𝑒𝑖𝑖𝐸𝐸

𝑝𝑝𝑖𝑖0
𝑝𝑝𝑖𝑖𝑖𝑖

𝑁𝑁
𝑖𝑖=1 �

−1
   (4.b) 

The Fisher Index is symmetric because its formula gives equal importance to 

weighing base period quantities and current period quantities (Johnson & Kennedy, 

1996). Diewert (1976) defined the Fisher Index as “superlative” for its simple form, 



 
 

49 
 

characteristics, and properties. Fisher (1922) demonstrated that the Fisher Index 

satisfies the Time Reversal Test (TRT) and the Factor Reversal Test (FRT), as will be 

explained later. Nevertheless, while the Laspeyres and Paasche indices show 

consistency in aggregation property, the Fisher Index does not. An index has 

consistency in aggregation when it gives the same value whether it is calculated in a 

single stage or in two or more stages (Diewert, 1978). However, Diewert (1978) showed 

that superlative indices, such as the Fisher Index, are approximately consistent in 

aggregation. Therefore, the objection to the use of the Fisher Index for its inconsistency 

in aggregation can be overcome when a chained concept is used (Johnson & Kennedy, 

1996). 

 

7.3 Properties of the Fisher Index 

Not all indexes are considered to be truly representative of price movements 

(Fisher, 1923). To distinguish between the various methods of calculating a cost index 

and determine which one is preferable, Fisher (1923) introduced the Time Reversal Test 

(TRT) and Factor Reversal Test (FRT). 

The TRT is satisfied when the same ratio between two compared periods is 

obtained regardless of which two periods are used and what period is set as the base 

period. Mathematically, let 𝑃𝑃
𝑖𝑖

𝑖𝑖−1 be the relative price index between period t and period 

t-1, with t-1 taken as the base period. According to the time reversal property, the 

relative price index 𝑃𝑃
𝑖𝑖−1
𝑖𝑖 , with t taken as the base period and t-1as the period of 

comparison, should be equal to the inverse of 𝑃𝑃
𝑖𝑖

𝑖𝑖−1. It follows then that 

𝑃𝑃
𝑖𝑖

𝑖𝑖−1 × 𝑃𝑃
𝑖𝑖−1
𝑖𝑖 = 1 
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Arithmetic index numbers such as Laspeyres and Paasche fail to conform to the 

TRT, whereas the geometric Fisher Index does conform to this test.  

The FRT holds when the product of the price and quantity indices is equal to 

the value index when the price and quantity indices have the same functional form. The 

value index is the ratio of the total expenditure of the two periods considered. 

Symbolically, the TRT is expressed as follows: 

𝑃𝑃𝐸𝐸,𝐸𝐸−1 × 𝑄𝑄𝐸𝐸,𝐸𝐸−1 =  𝑉𝑉𝐸𝐸,𝐸𝐸−1 =  ∑𝑃𝑃𝑖𝑖𝑄𝑄𝑖𝑖
∑𝑃𝑃𝑖𝑖−1𝑄𝑄𝑖𝑖−1

    (5) 

The Laspeyres and Paasche indices do not meet the FRT either, but, again, the Fisher 

Index does. Since the Fisher Index mathematically conforms to the TRT and FRT, it is 

called the "ideal index" and was the chosen methodology for the new WisDOT CCI. 

7.4 Chained-Type Index  

There are two approaches to compare between a historic base period 0 and a 

current or future period t: the direct or traditional approach and the chained approach. 

Direct price indices calculate the price movement by comparing between the current or 

future period t and the base period 0, where these two periods are isolated from all 

intermediate periods. Chained indices, on the other hand, compare between base period 

o and current or future period t, taking into account price and weight data of all 

intermediate periods 1, 2, 3, …, t-1, forming a time series link to construct the price 

index. A chained index is perceived as a measure of the cumulative effects of successive 

pair links from 0 to 1, 1 to 2, 2 to 3, …, t-1 to t (Der Lippe, 2001). The index for the 

intermediate periods is called a short-term index. Therefore, the chained price index is 

obtained by multiplying the relative indices measuring the price movement between the 

two consecutive periods, starting with the base period o and reaching the current 
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comparison period t. Symbolically, the chained index represented by 𝐼𝐼0,𝐸𝐸 can be 

expressed as follows: 

𝐼𝐼0,𝐸𝐸 =  𝑅𝑅0,1  × 𝑅𝑅1,2  × 𝑅𝑅2,3  × … × 𝑅𝑅𝐸𝐸−1,𝐸𝐸 =  �𝑅𝑅𝐸𝐸−1,𝐸𝐸

𝑇𝑇

𝐸𝐸=1

 

Where R is the relative short-term index measuring price changes between two 

consecutive periods. For example,𝑅𝑅1,2 is the relative index measuring price movement 

between period 1 and period 2, with period 1 taken as the base period for period 2. 

Thus, the chained price index is constructed by cumulating price changes in short-term 

indices with different base periods to form a long-run price index (International 

Monetary Fund, 2001).  

Although the calculation of a chained index is more complex and demanding 

than the calculation of a direct index, a chained index has many advantages over the 

direct index approach. One main argument in support of the chained index is that it 

eliminates the need for base period updates to account for changes in the base period 

quantities (Landfeled & Parker, 1977). Hence, a chained index is more representative 

of economic conditions. In addition, chained indices offer a better match between 

quantities and prices in consecutive time periods than between a current period and a 

base period that are far apart, as is typical for a direct index (ILO, IMF, OECD, Eurostat, 

United Nation, & Word Bank, 1993). 

When quarter-to-quarter price movements are chained together to form a long-

term index, short-term volatility in relative prices has the potential to cause substantial 

drift. Chain drift problems arise if a chained index does not return to the value of 1 

when prices in the current period return to the same price in the base period (ILO, IMF, 

OECD, Eurostat, United Nation, & Word Bank, 2004). Therefore, chain indices are 

subject to drift when items’ prices fluctuate between the linked periods. Chaining 
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frequency is important and needs to be addressed when using a chained index. Studies 

have shown that chained frequency and chain drift are proportional: chain drift 

increases with increasing chaining frequency. Therefore, the 1993 System National 

Accounts (SNA) recommends that chaining should not be done more frequently than 

annually (International Monetary Fund, 2001). However, the drift and chaining 

frequency problems are overcome when using the Fisher Index because this 

“superlative” index is robust against these problems (International Monetary Fund, 

2001). As a result, a chained Fisher Index can be computed quarterly. After the SNA 

recommendations in 1993, the chained Fisher Index approach has been widely used by 

the Income and Product Accounts of the United States and the quarterly Income and 

Expenditure Accounts and the Province Economic Accounts in Canada to obtain a more 

accurate measure of the real GDP growth. The chained Fisher Index is gaining 

acceptance for calculating CCI in highway construction in the United States as well. 

 

7.5 Examples of Construction Cost Indices 

7.5.1 National Highway Construction Cost index 

Starting March of 2003, The Federal Highway Administration (FHWA) switched 

from the Bid-Price Index (BPI) to the chained Fisher Index method to compute 

quarterly the National Highway Construction Cost Index (NHCCI) for numerous items 

categorized under 29 classes. The NHCCI is used for two purposes: (1) to track pure 

price-changes associated with highway construction costs and (2) to convert current-

dollar expenditures on highway construction to real or constant-dollar expenditures to 

determine the purchasing power of the construction dollar. Prior to constructing the 

NHCCI, a data preparation process involving data cleaning, editing, and outlier 
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detection techniques is used to improve data quality. To create a reliable NHCCI, 

FHWA eliminates three categories of data: 

1.  Non-standard pay-items: These items have inconsistent descriptions and 

irregular units of measure from project to project. 

2.  Units of measure problems: This category includes items where price changes 

is difficult to trach, such as lump sum items. 

3. Suspect categories: These are items that are not related to any specific price 

trend such as mobilization. 

FHWA also applies an additional sequential statistical edits to eliminate pay-items 

identified as likely errors that don’t have a constant price-determining characteristics. 

Six statistical edits are applied sequentially as follows: 

1. Pay-items with no lagged value are excluded. 

2. A pay-item is included if it has a historical information of eight quarters at least. 

3. Outliers are defined as being at least two standard deviations from the mean. 

4. Pay-items for which an adjusted R-squared of the log change in price regressed 

on the log change in quantity is greater than 0.6 are eliminated. 

5. Pay-items with a maximum observed price exceeding 16 times the minimum 

observed price are eliminated. 

6. Pay-items for which the coefficient of variation of 100 times the log change in 

price is greater than 42 are eliminated. The coefficient of variation is obtained 

by dividing the standard deviation by the absolute value of the mean. 

 

The first three edits and the additional edits remove a large percentage of the 

value of construction pay-items, but still leave a useful dataset for constructing the 
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NHCCI. FHWA reports that almost $70 billion of the initial $170 billion, i.e. about 

41% of the value of pay-items is included in the NHCCI basket. 

The aggregate price index for highway construction depends on the price indices of the 

individual highway construction pay-items. The Fisher Ideal index formula is applied 

to the price and quantity data at the pay-item level in a one-stage aggregation. 

Subsequently, the changes in aggregate price between adjacent periods are chained 

together starting March of 2003 to form the NHCCI illustrated in Figure 14 (“National 

Highway Construction Cost Index (NHCC)”, 2015). 

 

 
Figure 14: National Highway Construction Cost index from March, 2003 (Source: FHWA, Office of Highway 

Policy Information, 2015) 

 

7.5.2 CCI of the Ohio Department of Transportation 

The Ohio Department of Transportation (ODOT) recently adopted the chained 

Fisher Index method to compute its CCI. Ohio construction items are categorized into 

36 item classes. To improve the quality of the data prior to computing the index, ODOT 

data is subjected to outlier detection and replacement techniques. The median absolute 
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deviation about the median method is used to identify outliers. Weighted-average prices 

falling two standard deviations from the median are replaced with the median price of 

the corresponding item. In addition, data smoothing mechanisms were employed to 

handle missing data and mitigate volatility of prices. At the pay-item level, an annual 

moving average prices smoothing mechanism was used. An annual moving sums 

smoothing mechanism served to compute weights. A two-year moving average prices 

technique was used to smooth prices of three item classes with extreme volatile price 

trends: barriers, earthwork, and landscaping. Ohio also performed a purchasing pattern 

analysis of items. Items with inconsistent purchasing patterns were identified using the 

“missingness” factor. This factor is calculated based on three inputs: (1) the number of 

periods in which the item has not been purchased since entering the series, (2) the total 

number of periods the item has been in the series, and (3) the number of consecutive 

periods in which the item has not been purchased [unpublished paper].The missingness 

factor is a simple and an easily implemented index to identify items with sparse 

purchasing patterns. A missingness factor of 75 is deemed sufficiently low when 

constructing the ODOT CCI. Next, a two-stage aggregation process is used to aggregate 

from the item level to the class level and then to the composite level between two 

adjacent periods. Finally, the second-stage aggregation relative indices are chained to 

produce the ODOT CCI (Ohio Department of Transportation, 2013). Ohio CCI is 

shown in Figure 15 below. 
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Figure 15: Ohio CCI for the period of 2000 - 2014. The Y axis is in quarters and the dotted vertical lines indicate 
a calendar year (consisting of four quarters). 

Key: Black indicates quarterly index calculated using the BLS series BHWY (Material and supply inputs to 
highway and street construction); Red is the quarterly index calculated using Laspeyres ODOT CCI; Green shows 

quarterly index calculated using the Chained Fisher ODOT CCI. 

 

7.5.3 CCI Wisconsin Department of Transportation 

Similar to other state departments of transportation, WisDOT currently uses a 

Laspeyres Index to compute its CCI and track changes in the prices of construction 

items over time. The Laspeyres Index, as previously discussed, is a fixed-weighted 

index that uses the fixed quantities in the base period. The WisDOT CCI uses 1990 as 

the base period to quarterly compute the index. Three parameters are needed to compute 

the Laspeyres WisDOT CCI: 1) the current weighted average unit prices of the selected 

construction items, 2) the base weighted average unit prices of the selected construction 

items and 3) the base quantity of the selected construction items. As the Laspeyres 

Index measures the changes in the prices of a fixed basket of construction items, 

WisDOT uses a fixed basket of seven construction items listed in Table 4. 

Table 4: WisDOT Basket of Sevem Items 

 Item Number Description 
1. 205.0100 Common Excavation 
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2. 455.0105 Asphaltic Material 
3. 460.1100 Asph. Conc.Pavt, Type E-0.3 

460.1101 Asph. Conc.Pavt, Type E-1 
460.1103 Asph. Conc.Pavt, Type E-3 
460.1110 Asph. Conc.Pavt, Type E-10 
460.1130 Asph. Conc.Pavt, Type E-30 
460.1132 Asph. Conc.Pavt, Type E-30X 
460.1700 Asph. Conc.Pavt, Type SMA 

4. 415.0090 Conc. Pavt. 9” 
415.0100 Conc. Pavt. 10” 
415.0110 Conc. Pavt. 11” 

5. 502.0100 Structure Concrete 
6. 505.0405 Reinforcing Steel 
7. 506.0605 Structural Steel 

  

 The WisDOT quarterly CCI showed high spikes at different intervals. From the 

quarterly cost index, the inflation is calculated on an annual basis. The inflation rate is 

used by the department to explain the loss of purchasing power from year to year.   

 Based upon the results of the literature review and the direction taken by the 

FHWA and ODOT to calculate a CCI, WisDOT selected the chained Fisher approach 

as the methodology to calculate their new index.
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CHAPTER EIGHT 

METHODOLOGY – CCI 

The research methodology adopted for this study is illustrated in Figure 16. This 

chapter describes the work performed during each of the different phases of the study. 

WisDOT requested that the research develop an approach for calculating a more 

representative, reliable, and objective CCI.  

 In order to understand the concept of price indices, a thorough literature review 

was conducted. The three most common types of price indices used in the highway 

construction were identified. The distinction between the direct and chained index, was 

also established. A review of the construction cost index methodologies adopted by 

FHWA, Ohio Department of Transportation (ODOT) and WisDOT was done. Based 

upon the literature review and WisDOT request, a Chained Fisher construction cost 

index (CFCCI) approach was adopted in this study.  

The author of this paper had a conference call with ODOT, Office of Estimating, 

Bid Analysis and Review Team. The ODOT has recently implemented a chained Fisher 

index approach to compute its construction cost index. The interviewees explained the 

procedure adopted by ODOT to construct its CCI. They highlighted the steps needed to 

improve data quality prior to constructing the index series. They also discussed the 

mathematical approach of the two-stage aggregation method employed to calculate the 

CFCCI.  

After an in-depth examination of price index concept, types, and approaches, 

and an overview of current CCI practices, the research team was well equipped to 

develop the new WisDOT CFCCI. WisDOT provided the CMSC team a list of all 

construction bid items used in their highway projects and the quarterly bid tabs from 
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year 2005 to 2014. The bid tabs are a breakdown of all construction bid items of all 

highway projects executed over the 10 year period. They contained information about 

the construction items, their quantity, and bid unit price.   

The list consisted of 2,305 construction items with their corresponding 

description, unit of measure, and class. These 2,305 items represent the population of 

items from which a representative sample will be selected. The quarterly bid tabs were 

the starting point for identifying and selecting a well-defined, representative basket of 

items. The process of sampling was performed in two stages: first at the class level, and 

second at the item level. Once the constituents of the CCI were identified, specific steps 

were taken to further improve the quality of the data prior to constructing the CCI. 

Instead of deleting outliers, it was decided to replace an outlier by the corresponding 

median bid unit price of its item. This paper outlines the median absolute deviation 

method employed to detect outliers at the contract level. It also focuses on data 

smoothing techniques used to compute annual moving averages to reduce inconsistency 

in the data.  

The basket of items can be divided into two levels: item and class levels. To 

account for the overall change in prices, the CCI moves from the item level to the 

composite level. Therefore, a two-stage aggregation process was used to compute the 

relative indices. During the first stage, price relatives of selected items are aggregated 

to obtain class price relatives. The latter is used in the second stage aggregation to obtain 

the composite price relatives. This calculation was performed for each pair of adjacent 

quarters starting with the first quarter of 2010 as a base period. The resulting composite 

relatives were then chained to form the overall CCI. A user-friendly excel tool was 

developed to assist WisDOT in calculating their quarterly Chained Fisher CCI.  
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Figure 16: Flow Chart of the Methodology of the CCI 

 



 
 

61 
 

CHAPTER NINE 

CCI COMPUTATIONS  

9.1 Selecting the Basket 

A construction project is a mixture of different items such as asphalt, concrete, 

aggregate, steel, and others. WisDOT currently has 2,305 construction bid items, of 

which 2,260 items are standard construction bid items. The 2,305 items are divided into 

27 classes based on their function. For example, asphaltic base, asphaltic material, Hot 

Mix Asphalt pavement, and other similar items are grouped to form the Asphalt Class. 

Table 5 shows a description of the 27 classes and specifies the number of items included 

in each class.  

Table 5: Description of the Item Classes 

Item 
Class 

Item Class Full 
Name 

Description Number of 
Items 

Included 
AAA -- Non-standard bid items specific to the project. 45 
ASPH Asphalt Asphalt pavement and related bid items. 65 

BASE Base Crushed stone bid items for aggregate shoulders 
or the base of pavements. 

56 

BRPT Bridge Paint Structure painting items. 11 
CONC Concrete Concrete pavement and related bid items. 86 
CURB Curb Concrete curb and, curb and gutter bid items. 45 
DRNG Drainage Culvert, storm sewer and related items. 686 

ELEC Electrical A variety of items associated with powering 
lighting and traffic signals. 

160 

EROC Erosion Control Bid items made to control erosion temporarily 
during construction or permanently. 

69 

ERTH Earthwork Primarily earthwork items including excavation 
and fill comprised of soil or rock. 

43 

FENC Fencing Fence and related bid items. 21 

GDRL Guardrail Guardrail, concrete barrier and related bid 
items. 

96 

ITS ITS A variety of bid items associated with 
Intelligent Transportation Systems. 

62 

LSCP Landscaping Primarily seed, trees and shrub items. 24 
LTNG Lighting Lighting and lighting control bid items.   11 

MISC Miscellaneous 
A variety of bid items that do not belong in any 
of the other classes and do not merit their own 
Item Class. 

121 
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MOBL Mobilization The Mobilization bid item.  This item is unique 
and typically is a large enough portion of a 
project for its own Item Class. 

1 

PVMK Pavement 
Marking 

Temporary and permanent pavement marking 
bid items. 

204 

RMVA Removing 
Asphalt 

Removing asphalt bid items. 6 

RMVB Removing 
Bridge 

Structure removal items. 6 

RMVC Removing 
Concrete 

Removing concrete bid items. 1 

RMVL Removal Generic removal bid items. 38 
SIGN Sign Sign, sign post and related items. 80 
STRC Structure Bid items used for bridges, retaining walls, sign 

structures and related items. 
257 

SURV Surveying Construction staking bid items. 12 
TRFP Permanent 

Traffic Control 
Items related to permanent traffic signals. 75 

TRFT Temporary 
Traffic Control 

Temporary traffic control items including 
drums, barricades, and temporary signs. 

24 

 

Calculating a CCI requires the selection of a representative basket of construction items 

that are used to calculate the index. Crowe (1965) defined index numbers as the average 

value of a sample of items derived from the total population of items. The objective in 

selecting these items is to have enough items to be a representative sample of the 

industry, yet not so many that the calculation of the index becomes burdensome; for 

example, including all 2,305 items would involve an intensive amount of work. The 

process of sampling was performed in two stages: first at the class level, and second at 

the item level. A sample was selected based on its importance and significance with 

respect to the whole population, as will be explained. 

9.1.1 Class Level Analysis 

The first step in developing a basket of representative items was to study the 

different item classes. WisDOT provided bid tabs for all projects from 2005 to 

2014.These were then grouped by the quarter in which the project was let. From each 

bid tab, the total expenditure of each class and the total expenditure of the quarter were 
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calculated. The total quarter expenditure was calculated by adding the expenditure of 

all projects executed in the corresponding quarter. The total class expenditure was 

obtained by adding the expenditures of its corresponding items for the corresponding 

quarter. Using these two measures, the weight or proportion of each class in each 

quarter was obtained by dividing the total expenditure of each class by the total 

expenditure of corresponding quarter. This analysis was done quarterly from 2005 to 

2014. The equations used to compute the above calculations are as follows: 

 𝑇𝑇𝑡𝑡𝑡𝑡𝑎𝑎𝑙𝑙 𝑄𝑄𝐹𝐹𝑎𝑎𝐸𝐸𝑡𝑡𝑒𝑒𝐸𝐸𝑙𝑙𝑡𝑡 𝐸𝐸𝐸𝐸𝑃𝑃𝑒𝑒𝑎𝑎𝑎𝑎𝑏𝑏𝑡𝑡𝐹𝐹𝐸𝐸𝑒𝑒 =  �𝐸𝐸𝐸𝐸𝑃𝑃𝑒𝑒𝑎𝑎𝑎𝑎𝑏𝑏𝑡𝑡𝐹𝐹𝐸𝐸𝑒𝑒 𝑡𝑡𝑜𝑜 𝑃𝑃𝐸𝐸𝑡𝑡𝑃𝑃𝑒𝑒𝐷𝐷𝑡𝑡𝑖𝑖

𝑁𝑁𝑞𝑞

𝑖𝑖=1

 

where i refers to the ith project within quarter q and 𝑁𝑁𝑞𝑞 represents the total number of 

projects in quarter q.  

𝑇𝑇𝑡𝑡𝑡𝑡𝑎𝑎𝑙𝑙 𝑄𝑄𝐹𝐹𝑎𝑎𝐸𝐸𝑡𝑡𝑒𝑒𝐸𝐸𝑙𝑙𝑡𝑡 𝐸𝐸𝐸𝐸𝑃𝑃𝑒𝑒𝑎𝑎𝑎𝑎𝑏𝑏𝑡𝑡𝐹𝐹𝐸𝐸𝑒𝑒 𝑡𝑡𝑜𝑜 𝐶𝐶𝑙𝑙𝑎𝑎𝑒𝑒𝑒𝑒 𝑃𝑃 =  �𝑄𝑄𝐹𝐹𝑎𝑎𝐸𝐸𝑡𝑡𝑒𝑒𝐸𝐸𝑙𝑙𝑡𝑡 𝐸𝐸𝐸𝐸𝑃𝑃𝑒𝑒𝑎𝑎𝑎𝑎𝑏𝑏𝑡𝑡𝐹𝐹𝐸𝐸𝑒𝑒 𝑡𝑡𝑜𝑜 𝑏𝑏𝑡𝑡𝑒𝑒𝑒𝑒𝑖𝑖,𝑗𝑗

𝑁𝑁𝑗𝑗

𝑖𝑖=1

   

where i refers to the ith item in class j and 𝑁𝑁𝑗𝑗 is the total number of items in class j. 

𝑄𝑄𝐹𝐹𝑎𝑎𝐸𝐸𝑡𝑡𝑒𝑒𝐸𝐸𝑙𝑙𝑡𝑡 𝑙𝑙𝑒𝑒𝑏𝑏𝑙𝑙ℎ𝑡𝑡 𝑡𝑡𝑜𝑜 𝐶𝐶𝑙𝑙𝑎𝑎𝑒𝑒𝑒𝑒 𝑃𝑃 =  
𝑇𝑇𝑡𝑡𝑡𝑡𝑎𝑎𝑙𝑙 𝑄𝑄𝐹𝐹𝑎𝑎𝐸𝐸𝑡𝑡𝑒𝑒𝐸𝐸𝑙𝑙𝑡𝑡 𝐸𝐸𝐸𝐸𝑃𝑃𝑒𝑒𝑎𝑎𝑎𝑎𝑏𝑏𝑡𝑡𝐹𝐹𝐸𝐸𝑒𝑒 𝑡𝑡𝑜𝑜 𝐶𝐶𝑙𝑙𝑎𝑎𝑒𝑒𝑒𝑒 𝑃𝑃

𝑇𝑇𝑡𝑡𝑡𝑡𝑎𝑎𝑙𝑙 𝑄𝑄𝐹𝐹𝑎𝑎𝐸𝐸𝑡𝑡𝑒𝑒𝐸𝐸𝑙𝑙𝑡𝑡 𝐸𝐸𝐸𝐸𝑃𝑃𝑒𝑒𝑎𝑎𝑎𝑎𝑏𝑏𝑡𝑡𝐹𝐹𝐸𝐸𝑒𝑒
 

 

The cumulative weight of every class was calculated for every quarter over the 

10 year period to determine the classes that represented 80% of the corresponding 

quarter. Special Provision items were eliminated because they are non-standard items 

that are not consistent from one project to another and are not related to any specific 

price trend. Mobilization was also excluded because it is a lump sum item and varies 

from project to project depending on project complexities. Eliminating these items 

represented approximately 25% of a quarter’s expenditures. However, selecting a 

basket with classes based upon their weight is not sufficient to form a representative 

and reliable sample; their frequency of use over the years also needs to be considered. 
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The frequency of the selected item classes was determined over the 40 quarter period. 

The percentage of frequency was obtained by dividing the class frequency by the total 

number of periods, i.e. 40 quarters. The classes with percentage of use greater than or 

equal to 75% were then selected as the sample classes to be included in the basket. The 

six classes were Structural, Asphalt, Earth, Concrete, Base, and Drainage. 

 

9.1.2 Item Level Analysis 

The next step was to identify the individual items within the six selected classes and to 

calculate the weight of each item within its corresponding class. This was obtained by 

dividing the total expenditure of one specific item by the total expenditure of its 

corresponding class, which is equal to the sum of the expenditures of all the items 

constituting it. The total item expenditure is the sum of item’s price at the contract level. 

These calculations are computed as follows: 

𝑇𝑇𝑡𝑡𝑡𝑡𝑎𝑎𝑙𝑙 𝑄𝑄𝐹𝐹𝑎𝑎𝐸𝐸𝑡𝑡𝑒𝑒𝐸𝐸𝑙𝑙𝑡𝑡 𝐸𝐸𝐸𝐸𝑃𝑃𝑒𝑒𝑎𝑎𝑎𝑎𝑏𝑏𝑡𝑡𝐹𝐹𝐸𝐸𝑒𝑒 𝑡𝑡𝑜𝑜 𝐼𝐼𝑡𝑡𝑒𝑒𝑒𝑒 𝑏𝑏 𝑏𝑏𝑎𝑎 𝐶𝐶𝑙𝑙𝑎𝑎𝑒𝑒𝑒𝑒 𝑃𝑃

=  �𝐸𝐸𝐸𝐸𝑃𝑃𝑒𝑒𝑎𝑎𝑎𝑎𝑏𝑏𝑡𝑡𝐹𝐹𝐸𝐸𝑒𝑒 𝑡𝑡𝑜𝑜 𝑏𝑏𝑡𝑡𝑒𝑒𝑒𝑒 𝑏𝑏 𝑏𝑏𝑎𝑎 𝐷𝐷𝑙𝑙𝑎𝑎𝑒𝑒𝑒𝑒 𝑃𝑃 𝑏𝑏𝑎𝑎 𝑞𝑞𝐹𝐹𝑎𝑎𝐸𝐸𝑡𝑡𝑒𝑒𝐸𝐸 𝑞𝑞

𝑁𝑁𝑗𝑗

𝑖𝑖=1

 

where i refers to the ith item in class j and 𝑁𝑁𝑗𝑗 is the total number of items included in class 

j.  

𝑄𝑄𝐹𝐹𝑎𝑎𝐸𝐸𝑡𝑡𝑒𝑒𝐸𝐸𝑙𝑙𝑡𝑡 𝑊𝑊𝑒𝑒𝑏𝑏𝑙𝑙ℎ𝑡𝑡 𝑡𝑡𝑜𝑜 𝐼𝐼𝑡𝑡𝑒𝑒𝑒𝑒 𝑏𝑏 𝑏𝑏𝑎𝑎 𝐷𝐷𝑙𝑙𝑎𝑎𝑒𝑒𝑒𝑒 𝑃𝑃

=  
𝑇𝑇𝑡𝑡𝑡𝑡𝑎𝑎𝑙𝑙 𝑄𝑄𝐹𝐹𝑎𝑎𝐸𝐸𝑡𝑡𝑒𝑒𝐸𝐸𝑙𝑙𝑡𝑡 𝐸𝐸𝐸𝐸𝑃𝑃𝑒𝑒𝑎𝑎𝑎𝑎𝑏𝑏𝑡𝑡𝐹𝐹𝐸𝐸𝑒𝑒 𝑡𝑡𝑜𝑜 𝐼𝐼𝑡𝑡𝑒𝑒𝑒𝑒 𝑏𝑏 𝑏𝑏𝑎𝑎 𝐷𝐷𝑙𝑙𝑎𝑎𝑒𝑒𝑒𝑒 𝑃𝑃

𝑇𝑇𝑡𝑡𝑡𝑡𝑎𝑎𝑙𝑙 𝑄𝑄𝐹𝐹𝑎𝑎𝐸𝐸𝑡𝑡𝑒𝑒𝐸𝐸𝑙𝑙𝑡𝑡 𝐸𝐸𝐸𝐸𝑃𝑃𝑒𝑒𝑎𝑎𝑎𝑎𝑏𝑏𝑡𝑡𝐹𝐹𝐸𝐸𝑒𝑒 𝑡𝑡𝑜𝑜 𝐶𝐶𝑙𝑙𝑎𝑎𝑒𝑒𝑒𝑒 𝑃𝑃
 

 

Once the proportion of each item within each class was obtained, the weights of items 

were sorted in descending order and cumulative weights were then computed to 

determine the items that represented 80% of each of the six classes. This analysis was 

done for each quarter and over the 10 year period. In addition to the proportion 
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calculation of items, the frequency of each item was also determined on a yearly basis; 

within one year, the item’s appearance was captured over the four quarters. From the 

four quarters, items appeared either four times, three times, twice, or only once. Next, 

the frequency of the items of each of the six selected classes was determined over the 

40 quarters. This provided insight about the cumulative use of each item from 2005 to 

2014. Subsequently, three different trial baskets comprised of 80% of the cumulative 

weight of each item class were proposed: the first included the items that appeared more 

than 50% of the time (20 quarters or more) leading to a total of 49 items organized 

under the six item classes. The second comprised the items that appeared more than 

75% of the time and it contained 27 items categorized into the same six item classes. 

The third encompassed the items that were detected more than 90% of the time, and it 

consisted of 16 items grouped under the same six item classes.  

This information was provided to WisDOT, who felt that a basket of only 49 

items was not representative. The research team conducted a second analysis that 

included all 25 classes. The cumulative weight and frequency of each item within each 

of the 25 classes and over the 40 quarter period was then calculated. This information 

was provided to the WisDOT for their review. WisDOT reviewed their program history 

of items utilized from 2012 to 2014 and used their experience to further classify the 

construction items into a basket of 91, organized under 18 item classes that they felt 

best represented their current and future program.   

 

9.2 Outlier Detection 

Although data collection is the crucial step for data analysis, data quality remains a key 

for reasonable and consistent results. Consequently, data cleaning procedures should 

be employed to identify “errors” in the data set (Hallerstein, 2008). There are various 
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definitions of an outlier, but it is generally considered to be a data point that is far 

outside the norm for a variable or population (Jarrell, 1994). Highway construction bid 

prices tend to have a great deal of variability as they are dependent upon the project 

characteristics (rural or urban), project location, time of year, the contractor’s 

equipment, experience and approach to the construction, material prices, degree of 

competition for contractors, and a host of other reasons. Figure 17 reflects the variation 

in bid unit prices at the contract-level of a Hot Mix Asphalt (HMA) item from 2010 to 

2014. In addition, items’ unit price differ from one project to another because of 

economies of scale. Generally, item’s unit prices and quantities are inversely 

proportional. It is anticipated that large projects and/or quantities may result in lower 

unit prices (Kishore & Abraham, 2009). Figure 18 depicts the relationship between the 

bid unit price and the quantity of a HMA item from 2010-2014. It is also possible that 

outliers are due to a mistake in data entry in the WisDOT database. Calculation of the 

CCI is based upon the unit price determined for an item based upon all the bids received 

over a given period of time, in this case a quarter. Thus, evaluating the presence of 

outliers at the contract level is essential.  

 

Figure 17: Example of the Variation of the bid unit price of an asphaltic material 
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Figure 18: Relationship between the unit price of an item and its quantity 

 

There are numerous approaches for identifying and removing data outliers. To 

improve data quality and reduce the influence of low statistical validity items, FHWA, 

for example, defines an outlier as an observation falling at least two standard deviations 

from the mean 13 (“National Highway Construction Cost Index (NHCC)”, 2015). 

However, both the mean and the standard deviation are sensitive to outliers and there 

use might be problematic. Another method for detection of outliers is the median of the 

absolute deviation about the median (MAD) approach. It is considered to be a resistant 

estimator that is not affected by the outliers in the sample (Sabade & Walker, 2002). 

The MAD technique, for instance, is utilized by ODOT in the calculation of their CCI.  

The median absolute deviation is computed quarterly and is defined as follows: 

𝑀𝑀𝑀𝑀𝐷𝐷 = 𝑒𝑒𝑒𝑒𝑎𝑎𝑏𝑏𝑎𝑎𝑎𝑎𝑖𝑖{|𝑃𝑃𝑖𝑖 −  𝑃𝑃�|} 

where 𝑃𝑃𝑖𝑖 is the bid unit price of an item and 𝑃𝑃� is the median unit price of all the bid 

prices for that item. A MAD value is calculated for each item as the median of the 

absolute difference between the bid unit price and the median of all bid prices for a 

specific item. The modified Z-score 𝑀𝑀𝑖𝑖 is defined as follows: 
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𝑀𝑀𝑖𝑖 =  
0.6745 ∗ (𝑃𝑃𝑖𝑖 −  𝑃𝑃�)

𝑀𝑀𝑀𝑀𝐷𝐷
 

If the absolute value of the modified Z-scores |𝑀𝑀𝑖𝑖| exceeds 3.5, the observation is 

detected as an outlier. Outliers can be handled by removing the corresponding 

observation. However, this will also result in dropping the quantity of the corresponding 

item. Therefore, to account for this loss, the corresponding item unit price is replaced 

by the item median price (Iglewicz & Hoaglin, 1993). 

 It was recommended that the new WisDOT construction CCI utilize the MAD 

approach for detecting and replacing outliers because it provided a more robust 

statistical approach. 

 

9.3 Data Smoothing 

In highway construction, the price volatility of construction materials and supplies such 

as asphalt, cement, fuel, oil, and steel is a reality. Since a CCI is based on the 

aggregation values of construction items (price and quantity), fluctuation in the index 

is highly likely predictable. In addition, the actual item prices over a given quarter are 

not suitable as price weights of items in the calculation of quarterly index because of 

seasonal and construction program fluctuations and short-term volatilities in unit prices 

(International Monetary Fund, 2001). As the new WisDOT CCI is to be computed as a 

chained Fisher Index, it is important to recognize that chain drift can occur. Volatility 

of the unit price of an item over a series of quarters will increase the problem of chain 

drift and cause bias in the overall index when short-term indices are aggregated. Given 

that the Fisher Index is a geometric mean of both the Laspeyres and Paasche indices, 

price and quantity data from both the current period and the previous period are required 

to compute the Fisher index. Missing items occur when they are not used during one or 
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two quarters and have the potential to bias the index results. The CCI is smoothed to 

reduce any erratic changes in the level from one quarter to another, giving a better 

representation of the underlying industry trends (Davis Langdon, 2010). To mitigate 

volatility in unit costs, reduced chained index sensitivity to price fluctuations, and 

handle missing data, a weighted annual moving average smoothing technique is used 

to compute the Fisher Index price and an annual moving sums techniques is used to 

compute the aggregation weights of items and classes. 

 The current quarter (t) bid unit prices are combined with those of the three 

previous quarters (after outlier detection and replacement) and then an annual moving 

average unit price is computed and used instead of the actual bid unit price of quarter t. 

If the quarter of interest is 𝑡𝑡, the average unit price of item 𝑏𝑏 is calculated as follows: 

𝐼𝐼𝑡𝑡𝑒𝑒𝑒𝑒 𝑏𝑏 𝑎𝑎𝑎𝑎𝑎𝑎𝐹𝐹𝑎𝑎𝑙𝑙 𝑒𝑒𝑡𝑡𝑂𝑂𝑏𝑏𝑎𝑎𝑙𝑙 𝑎𝑎𝑂𝑂𝑒𝑒𝐸𝐸𝑎𝑎𝑙𝑙𝑒𝑒 𝑞𝑞=𝐸𝐸 =
∑ (∑ 𝑏𝑏𝑡𝑡𝑒𝑒𝑒𝑒 𝑏𝑏 𝑏𝑏𝑏𝑏𝑎𝑎 𝐹𝐹𝑎𝑎𝑏𝑏𝑡𝑡 𝑃𝑃𝐸𝐸𝑏𝑏𝐷𝐷𝑒𝑒𝑁𝑁

𝑃𝑃=1 )𝑞𝑞𝐸𝐸
𝑞𝑞=𝐸𝐸−3

∑ 𝑁𝑁𝐸𝐸
𝑞𝑞=𝐸𝐸−3

 

Where 𝐷𝐷 corresponds to the bid unit price of item 𝑏𝑏 at the contract level. N refers to the 

total number of projects in which item 𝑏𝑏 was used during a quarter 𝑞𝑞. Since an annual 

moving average technique is employed to compute the item’s average unit price for 

quarter 𝑡𝑡, the four quarters considered in this calculation are 𝑡𝑡 − 3, 𝑡𝑡 − 2, 𝑡𝑡 − 1, and 𝑡𝑡. 

 

To obtain an item’s weight for the current quarter 𝑡𝑡, the item’s expenditures for 

the four corresponding consecutive quarters are aggregated and then divided by the 

item’s corresponding class expenditures, which is also an aggregation of all its items’ 

expenditures over the same four consecutive quarters. The item’s expenditure is 

calculated by multiplying the item’s bid unit price –after outliers’ detection- and its 

corresponding quantity at the contract level. The steps for calculating the weights are 

described as follows: 
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𝐼𝐼𝑡𝑡𝑒𝑒𝑒𝑒 𝑏𝑏 𝑒𝑒𝐸𝐸𝑃𝑃𝑒𝑒𝑎𝑎𝑎𝑎𝑏𝑏𝑡𝑡𝐹𝐹𝐸𝐸𝑒𝑒 𝑏𝑏𝑡𝑡 𝑞𝑞𝐹𝐹𝑎𝑎𝐸𝐸𝑡𝑡𝑒𝑒𝐸𝐸 =  �(𝑎𝑎𝑎𝑎𝑃𝑃𝐹𝐹𝑒𝑒𝑡𝑡𝑒𝑒𝑎𝑎 𝑏𝑏𝑏𝑏𝑎𝑎 𝐹𝐹𝑎𝑎𝑏𝑏𝑡𝑡 𝑃𝑃𝐸𝐸𝑏𝑏𝐷𝐷𝑒𝑒 × 𝑞𝑞𝐹𝐹𝑎𝑎𝑎𝑎𝑡𝑡𝑏𝑏𝑡𝑡𝑡𝑡)𝑃𝑃

𝑁𝑁

𝑃𝑃=1

 

where the adjusted bid unit price is the item’s bid unit price at the contract level after 

outlier detection and replacement. The subscript 𝐷𝐷 refers to the number of the contract 

for which item 𝑏𝑏 was used during the corresponding quarter.  

𝐶𝐶𝑙𝑙𝑎𝑎𝑒𝑒𝑒𝑒 𝑃𝑃 𝑒𝑒𝐸𝐸𝑃𝑃𝑒𝑒𝑎𝑎𝑎𝑎𝑏𝑏𝑡𝑡𝐹𝐹𝐸𝐸𝑒𝑒 𝑏𝑏𝑡𝑡 𝑞𝑞𝐹𝐹𝑎𝑎𝐸𝐸𝑡𝑡𝐸𝐸𝑒𝑒𝐸𝐸 =  �𝑏𝑏𝑡𝑡𝑒𝑒𝑒𝑒𝑖𝑖 𝑒𝑒𝐸𝐸𝑃𝑃𝑒𝑒𝑎𝑎𝑎𝑎𝑏𝑏𝑡𝑡𝐹𝐹𝐸𝐸𝑒𝑒 𝑏𝑏𝑡𝑡 𝑞𝑞𝐹𝐹𝑎𝑎𝐸𝐸𝑡𝑡𝑒𝑒𝐸𝐸

𝑁𝑁𝑗𝑗

𝑖𝑖=1

 

where 𝑁𝑁𝑗𝑗 is the number of items 𝑏𝑏 included in class 𝑃𝑃.   

𝐼𝐼𝑡𝑡𝑒𝑒𝑒𝑒 𝑏𝑏 𝑙𝑙𝑒𝑒𝑏𝑏𝑙𝑙ℎ𝑡𝑡 𝑜𝑜𝑡𝑡𝐸𝐸 𝑞𝑞𝐹𝐹𝑎𝑎𝐸𝐸𝑡𝑡𝑒𝑒𝐸𝐸 𝑡𝑡 =  
∑ 𝐼𝐼𝑡𝑡𝑒𝑒𝑒𝑒 𝑏𝑏 𝑒𝑒𝐸𝐸𝑃𝑃𝑒𝑒𝑎𝑎𝑎𝑎𝑏𝑏𝑡𝑡𝐹𝐹𝐸𝐸𝑒𝑒𝑞𝑞𝑞𝑞𝐸𝐸𝑟𝑟𝐸𝐸𝐸𝐸𝑟𝑟 𝑞𝑞
𝐸𝐸
𝑞𝑞=𝐸𝐸−3

∑ 𝐶𝐶𝑙𝑙𝑎𝑎𝑒𝑒𝑒𝑒 𝑃𝑃 𝑒𝑒𝐸𝐸𝑃𝑃𝑒𝑒𝑎𝑎𝑎𝑎𝑏𝑏𝑡𝑡𝐹𝐹𝐸𝐸𝑒𝑒𝑞𝑞𝑞𝑞𝐸𝐸𝑟𝑟𝐸𝐸𝐸𝐸𝑟𝑟 𝑞𝑞
𝐸𝐸
𝑞𝑞=𝐸𝐸−3

 

The class weights are computed by dividing the class expenditure by the basket 

expenditure as follows: 

𝐵𝐵𝑎𝑎𝑒𝑒𝑘𝑘𝑒𝑒𝑡𝑡 𝐸𝐸𝐸𝐸𝑃𝑃𝑒𝑒𝑎𝑎𝑎𝑎𝑏𝑏𝑡𝑡𝐹𝐹𝐸𝐸𝑒𝑒 𝑜𝑜𝑡𝑡𝐸𝐸 𝑞𝑞𝐹𝐹𝑎𝑎𝐸𝐸𝑡𝑡𝑒𝑒𝐸𝐸 𝑡𝑡 =  �𝐶𝐶𝑙𝑙𝑎𝑎𝑒𝑒𝑒𝑒 𝑃𝑃 𝑒𝑒𝐸𝐸𝑃𝑃𝑒𝑒𝑎𝑎𝑎𝑎𝑏𝑏𝑡𝑡𝐹𝐹𝐸𝐸𝑒𝑒 
𝑁𝑁

𝑗𝑗=1

 

𝐶𝐶𝑙𝑙𝑎𝑎𝑒𝑒𝑒𝑒 𝑃𝑃 𝑙𝑙𝑒𝑒𝑏𝑏𝑙𝑙ℎ𝑡𝑡 𝑜𝑜𝑡𝑡𝐸𝐸 𝑞𝑞𝐹𝐹𝑎𝑎𝐸𝐸𝑡𝑡𝑒𝑒𝐸𝐸 𝑡𝑡 =  
𝐶𝐶𝑙𝑙𝑎𝑎𝑒𝑒𝑒𝑒 𝑃𝑃 𝑒𝑒𝐸𝐸𝑃𝑃𝑒𝑒𝑎𝑎𝑎𝑎𝑏𝑏𝑡𝑡𝐹𝐹𝐸𝐸𝑒𝑒 𝑜𝑜𝑡𝑡𝐸𝐸 𝑞𝑞𝐹𝐹𝑎𝑎𝐸𝐸𝑡𝑡𝑒𝑒𝐸𝐸 𝑡𝑡
𝐵𝐵𝑎𝑎𝑒𝑒𝑘𝑘𝑒𝑒𝑡𝑡 𝐸𝐸𝐸𝐸𝑃𝑃𝑒𝑒𝑎𝑎𝑎𝑎𝑏𝑏𝑡𝑡𝐹𝐹𝐸𝐸𝑒𝑒 𝑜𝑜𝑡𝑡𝐸𝐸 𝑞𝑞𝐹𝐹𝑎𝑎𝐸𝐸𝑡𝑡𝑒𝑒𝐸𝐸 𝑡𝑡

 

It is important to mention that the class 𝑃𝑃 expenditure is obtained by adding its 

corresponding items for four consecutive quarters.  

The preceding steps undertaken to select the basket, detect outliers, and smooth data 

and the following computations to develop the chained fisher index are outlined in 

Figure 19.  
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Figure 19: Flow Chart for Developing the new WisDOT chained Fisher CCI 

 

9.4 Chained Fisher Index Computations 

Once the items to be included in the basket have been selected, the data collected 

cleaned for outliers, and smoothing techniques applied, the chained Fisher Index, or 

CCI, can be calculated. WisDOT selected a basket of 91 items for the new CCI divided 

into 18 item classes. The CCI is the overall aggregate index and is computed using the 

sub-aggregates or classes and their corresponding individual items. A stepwise 

calculation of the CCI is required to account for the contribution of the individual 

construction items, as well as for the contribution of the classes. Given the large 

numbers of items, a two-stage aggregation process was developed using both the 18 

classes and the 91 individual items. 

 



 
 

72 
 

9.4.1 First-Stage Aggregation 

 The first-stage aggregation refers to the index of the classes (Balk, 2008). This 

first stage is a direct application of the Fisher Index where a relative index is calculated 

for each class using the following equation:  

 

𝑃𝑃1
𝑖𝑖

𝑖𝑖−1 =  ��∑ 𝜔𝜔𝑖𝑖,𝐸𝐸−1
𝑝𝑝𝑖𝑖,𝑖𝑖
𝑝𝑝𝑖𝑖,𝑖𝑖−1𝑖𝑖 � × � 1

∑ 𝜔𝜔𝑖𝑖,𝑖𝑖
𝑝𝑝𝑖𝑖,𝑖𝑖−1
𝑝𝑝𝑖𝑖,𝑖𝑖

𝑖𝑖
�   (6) 

where 𝑃𝑃𝑗𝑗
𝑖𝑖

𝑖𝑖−1 is item class j relative price index, 𝑝𝑝𝑖𝑖,𝑖𝑖
𝑝𝑝𝑖𝑖,𝑖𝑖−1

 is the price ratio for item i in class 

j, and 𝜔𝜔𝑖𝑖 is the total cost of item i divided by the total cost of all the items within the 

class j. This calculation is performed with outliers removed and the data smoothed as 

explained earlier. The parameter t refers to the current period and t-1 refers to the 

previous period. Note that the first term in the above equation is the Laspeyres Index 

while the second is the Paasche Index. The item class relative indices obtained in this 

stage are chained to produce a chained index series for each item class. This calculation 

produces a single figure for each item class and not a single figure of the overall CCI. 

This first-stage analysis is called the lower-level aggregation because it aggregates from 

the item level to the class level. 

 

9.4.2 Second-Stage Aggregation 

 The second-stage aggregation refers to the index of the item class indices 

calculated in the first-stage. In the second-stage aggregation, the item classes are treated 

as the individual items similar to the first-stage calculation, i.e., the item price ratio is 

replaced with the class index from stage 1 and the weight of the item within a class is 
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replaced by the weight of the class from the overall basket. The equation for the second-

stage calculation is as follows: 

𝑃𝑃
𝑖𝑖

𝑖𝑖−1 =  ��∑ Ω𝑗𝑗,𝐸𝐸−1𝑃𝑃𝑗𝑗
𝑖𝑖

𝑖𝑖−1
𝑗𝑗 � × � 1

∑ Ω𝑗𝑗,𝑖𝑖𝑃𝑃𝑗𝑗

𝑖𝑖−1
𝑖𝑖

𝑗𝑗

�   (7) 

where𝑃𝑃
𝑖𝑖

𝑖𝑖−1 is the composite relative index used to compute the chained index, 𝑃𝑃𝑗𝑗
𝑖𝑖

𝑖𝑖−1 is 

the item class relative price index computed in the first-stage aggregation, and Ω𝑗𝑗 is the 

weight or expenditure share of class j from the total expenditure of the basket. 

 The composite relative indices from the second-stage aggregation are then 

computed over a series of adjacent quarters, or chained to produce a single CCI as 

illustrated in the following equation: 

 

𝐶𝐶𝐶𝐶𝐼𝐼0,𝐸𝐸 =  𝑃𝑃0,1 × 𝑃𝑃1,2 × … … .× 𝑃𝑃𝐸𝐸−1,𝐸𝐸   (8) 

 

where 𝐶𝐶𝐶𝐶𝐼𝐼0,𝐸𝐸 is the construction cost index for time period t and 𝑃𝑃0,1 is the short-term 

index between successive quarters. 

A graphical representation of the two-stage aggregation procedure is shown in Figure 

20. 
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Figure 20: A Graphical Representation of the two-stage aggregation process 
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CHAPTER TEN 

RESULTS AND ANALYSIS – CCI 

The comparison period, expressed by the subscript t, is compared to the base period, 

which is expressed by the subscript o. The choice of the base year is crucial as it affects 

the relevance and validity of the price index values. It is desirable to make the choice 

of the base year in a period of relative economic and program stability. It is also 

important to choose a base period not too far in the past. The bid tabs provided by 

WisDOT spanned from the year 2005 to 2014. For computing the new WisDOT CCI, 

the first quarter of calendar 2010 was set as the base year. This period was considered 

reasonable because it is relatively recent and comes after the recession period of 2008-

2009. 

 The index for the first quarter of 2010, the base period, was set equal to 100. 

Then, the relative cost index is chronologically computed. For example, the first relative 

index computed refers to the second quarter of 2010; the second relative index is 

computed for the third quarter of 2010, and so on.  

 

10.1 Relative Composite Index 

The relative composite index is the final measure calculated with the CCI Excel Tool. 

This index, also referred to as short-term index, reflects the change in price over two 

consecutive quarters for a particular basket of items. The relative composite index for 

the first quarter of 2010, the base period, equals 1 and its value for the following 

quarters pivots around one. When the relative composite index, R, increases from one 

quarter to another, it reflects the percentage increase in aggregate prices between the 

adjacent periods. Similarly, when the relative composite index decreases from one 
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quarter to another, it tracks the percentage decrease in aggregate prices over the one 

quarter period for the selected basket of construction items. Changes in aggregate prices 

between adjacent quarters are chained together through consecutive multiplication to 

form one CCI for highway construction. The chained index is then multiplied by 100. 

The value of the relative composite index controls the final output of CCI. When the 

relative composite index for the current quarter is greater than one, the CCI for the 

current quarter tends to be greater than the previous quarter. When the current quarter 

has a relative composite index less than one, its CCI value also tends to be less than the 

previous quarter. The values of the relative composite index and WisDOT CCI are 

reported in Table 6. 

Table 6: Values of the new WisDOT Chained Fisher Index starting from the First Quarter of 2010 

Wisconsin Department of Transportation 
Price Index 
2010-Q1 Base Period = 100 
Quarter R- calculated in Sheet CCI Chained Index 
2010Q1 1 100.00 
2010Q2 1.0038 100.38 
2010Q3 1.0126 101.65 
2010Q4 1.0063 102.29 
2011Q1 1.0026 102.56 
2011Q2 1.0113 103.72 
2011Q3 1.0052 104.27 
2011Q4 1.0212 106.49 
2012Q1 1.0308 109.77 
2012Q2 1.0107 110.96 
2012Q3 1.0072 111.76 
2012Q4 1.0048 112.30 
2013Q1 0.9808 110.15 
2013Q2 1.0221 112.59 
2013Q3 1.0331 116.31 
2013Q4 0.9905 115.22 
2014Q1 1.0258 118.19 
2014Q2 1.0115 119.55 
2014Q3 0.9996 119.50 
2014Q4 1.0299 123.09 
2015Q1 1.0083 124.12 
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2015Q2 0.993203267 123.27 
 

10.2 Compare WisDOT new CCI and Current CCI 

The chained Fisher Index is obtained by multiplying the current quarter relative 

index by all the previously computed relative indices progressively to the base period 

as was described previously.  Figure 21 shows a comparison of the new WisDOT CCI 

(base period first quarter of 2010) and the current WisDOT CCI (base year 1990). 

 It is clear from Figure 21 that the new WisDOT chained Fisher CCI increases 

at a slower rate and is much less volatile than the current fixed-weighted index. This is 

due to the greater percentage of the overall construction program that is represented in 

the new index as well as outlier detection and the data smoothing techniques that were 

done for the new CCI calculations. The chaining approach also adds more consistency 

to the new WisDOT CCI.  

 

Figure 21: Comparison of the New and the Existing WisDOT CCI 
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10.3 Compare new WisDOT CCI vs NHCCI and ODOT CCI 

A linear regression model was fit for time series data of each of WisDOT Chained 

Fisher CCI, NHCCI, and ODOT CCI. A comparison of the new WisDOT CCI was 

made to the USDOT, Federal Highway NHCCI, which is shown in Figure 22. For this 

comparison the NHCCI was recalculated to have the same base year as the WisDOT 

CCI, i.e. quarter 1 of 2010. The WisDOT CCI has a higher value and the slope, or 

inflation rate, is greater over the 5-year period. While the new WisDOT CCI increases 

at a rate of 1.185 index points per quarter from 2010 through 2014, the steady increase 

in the NHCCI over the same period of time is 0.3 index points per quarter. This may be 

due to that the NHCCI is based upon national data while the WisDOT CCI is based 

solely on state data. Also, the WisDOT CCI utilizes a two-stage aggregation process 

while the NHCCI is computed in one-stage aggregation only. The new WisDOT CCI 

trend line has an 𝑅𝑅2 statistic greater than what the NHCCI trend line shows (0.9685 > 

0.4497), which confirms the strong correlation. The NHCCI index also has more 

variability than the WisDOT index, which may be due to the diverse geographic data 

used to calculate the index. 

 

Figure 22: Comparison of Highway Construction Cost Indices. The solid lines indicate actual data and the dashed 
lines are the linear best-fit lines with equations and R2 values shown in appropriate colors. 
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 Another comparison was made with the ODOT CCI, also shown in Figure 22. 

The Ohio CCI also uses a two-stage aggregation process, outlier detection, and is based 

solely on their state cost data. The ODOT index was also adjusted to a base of year of 

2010. A comparison of these two indexes shows a much closer correlation both for the 

calculated index values and for the slope of a linear regression line over the 5-year 

period. The new WisDOT CCI increases by 1.1853 index points from one quarter to 

another over the time period from 2010 through 2014. Similarly, the ODOT CCI trend 

line quarterly increases by 1.0327 over the same time period. The 𝑅𝑅2 statistic value 

associated with the WisDOT CCI trend line is greater than what ODOT CCI trend 

shows (0.9685 > 0.777).The ODOT index is somewhat more variable, which may be 

due to the number of items included. The WisDOT index uses only 91 items while the 

ODOT index uses all of their standard bid items. 

 

10.4 Chained Fisher Index Properties 

The chained Fisher Index is computed using the cleaned and smoothed bid tab data and 

not the actual item bid prices. The MAD outlier detection technique was used to detect 

and replace outliers. Two smoothing mechanisms were used prior to constructing the 

CCI: (1) annual moving average prices and (2) weights annual moving sums. After the 

data edits and CCI computations, it was important to verify that the TRT and FRT are 

still satisfied.  

The TRT states that if the base period and the period of comparison are reversed, 

the price index in this case should equal the inverse of the original case. To check the 

TRT, the two considered periods and the data for quarters t and t-1 were switched. The 

first- and second-stage aggregation was then computed as follows: 
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𝑃𝑃𝑗𝑗
𝑖𝑖−1
𝑖𝑖 =  ��∑ 𝜔𝜔𝑖𝑖,𝐸𝐸

𝑝𝑝𝑖𝑖,𝑖𝑖−1
𝑝𝑝𝑖𝑖,𝑖𝑖𝑖𝑖 � × � 1

∑ 𝜔𝜔𝑖𝑖,𝑖𝑖−1
𝑝𝑝𝑖𝑖,𝑖𝑖

𝑝𝑝𝑖𝑖,𝑖𝑖−1
𝑖𝑖

�   (9) 

𝑃𝑃
𝑖𝑖−1
𝑖𝑖 =  ��∑ Ω𝑗𝑗,𝐸𝐸𝑃𝑃𝑗𝑗

𝑖𝑖−1
𝑖𝑖

𝑗𝑗 � × � 1

∑ Ω𝑗𝑗,𝑖𝑖−1𝑃𝑃𝑗𝑗

𝑖𝑖
𝑖𝑖−1

𝑗𝑗

�   (10) 

 

Compared to the first- and second-stage aggregation formulae mentioned earlier in 

equations (6) and (7), the subscripts t and t-1 in the above equations were switched. 

The results showed that the values obtained for both, the first- and second-

stages, are the inverse of the results originally computed. Therefore, the time reversal 

property holds. 

To verify the validity of the factor reversal property, the quantity and value 

indices are to be computed. The quantity index is constructed by reversing the price, 𝑃𝑃, 

and quantity, 𝑞𝑞, parameters in the Fisher Index equation (4.b). The first- and second-

stage aggregation equations for computing the quantity index are as expressed below: 

𝑄𝑄𝑗𝑗
𝑖𝑖

𝑖𝑖−1 =  ��∑ 𝜔𝜔𝑖𝑖,𝐸𝐸−1
𝑞𝑞𝑖𝑖,𝑖𝑖
𝑞𝑞𝑖𝑖,𝑖𝑖−1𝑖𝑖 � × � 1

∑ 𝜔𝜔𝑖𝑖,𝑖𝑖
𝑞𝑞𝑖𝑖,𝑖𝑖−1
𝑞𝑞𝑖𝑖,𝑖𝑖

𝑖𝑖
�   (11) 

𝑄𝑄
𝑖𝑖

𝑖𝑖−1 =  ��∑ Ω𝑗𝑗,𝐸𝐸−1𝑄𝑄𝑗𝑗
𝑖𝑖

𝑖𝑖−1
𝑗𝑗 � × � 1

∑ Ω𝑗𝑗,𝑖𝑖𝑄𝑄𝑗𝑗

𝑖𝑖−1
𝑖𝑖

𝑗𝑗

�   (12) 

 

The value index is calculated as the ratio of the current expenditures and the previous 

expenditures: 

𝑃𝑃𝐸𝐸,𝐸𝐸−1  × 𝑄𝑄𝐸𝐸,𝐸𝐸−1 =  𝑉𝑉𝐸𝐸,𝐸𝐸−1 = ∑𝑃𝑃𝑖𝑖𝑄𝑄𝑖𝑖
∑𝑃𝑃𝑖𝑖−1𝑄𝑄𝑖𝑖−1

   (13) 
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After calculations, it is noted that the Factor Reversal property holds only when 

the smoothed data is used when computing all of the three indices (price, quantity, and 

value). Therefore, using data smoothing mechanism in a consistent manner doesn’t 

affect the validity of the FRT. 

10.5 Comparison of Weights of Baskets 

The CCI only includes standard construction items, since; all non-standard items were 

excluded prior to the basket selection. The Mobilization item was also excluded. 

Baskets of varying sizes and composition were selected. Five trial baskets are described 

below. The first three trial baskets were selected based on the class and item analyses 

explained in a previous section. The selection of these three trial baskets was based on 

the 80% of the cumulative weight and frequency of the classes as well as of their 

individual items. The 49-Item Basket contains the 49 items that appeared more than 

50% of the time over the 40 quarter period and are organized under the six item classes 

selected previously. The 27-Item Basket includes the 27 items that were detected more 

than 75% of time over the same period of time and are categorized into the same six 

item classes. The 16-Item Basket is comprised of the 16 items that appeared more than 

90% of the time and are arranged into the six classes previously selected. A fourth 

basket, the 91-Item Basket, was selected by WisDOT and the 91 items are divided into 

18 item classes. Finally, it was decided to study the behavior of CCI when all of the 

standard construction items are included in the basket. A fifth trial basket was selected 

and it contained the all of the 2,259 standard construction items except mobilization. 

The relationships among the different trial baskets can be described as follows: 

- The 2,305 Items are the entire population and can be expressed as the 2,259-

Item Basket and the non-standard and mobilization items. 
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- The 2,259-Item Basket is the event of all of WisDOT’s standard bid items 

except mobilization. 

- The 49-Item Basket is the event of the constructions items which constitute 80% 

of the cumulative weight of each of the six selected item classes and have a 

relative frequency greater than or equal to 50%. 

- The 27-Item Basket is an event of the construction items that constitute 80% of 

the cumulative weight of each of the six selected item classes and have a relative 

frequency greater than or equal to 75%.  The 27-Item Basket is a subset of the 

49-Item Basket. 

- The 16-Item Basket is an event of the construction items that constitute 80% of 

the cumulative weight of each of the six selected item classes and have a 

frequency greater than or equal to 90%. The 16-Item Basket is a subset of the 

27-Item Basket.  

- The 91-Item Basket is an event of the construction items selected by WisDOT. 

The 27-Item Basket and the 16-Item Basket are a subset of the 91-Item Basket. 

However, not all of the items in the 49-Item Basket are included in the 91-Item 

Basket.  

The Venn diagram in Figure 23 is a representation of the different trial baskets selected. 
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Figure 23: A Venn diagram of the different Basket Sizes 

Selection of the items to be included in the basket is crucial to the reliability and 

objectivity of the index. A comparison was made of the effect of items’ expenditures 

on the basket selection if different construction items were chosen for the index 

calculation. The items’ expenditure of the five different trial baskets was quarterly 

calculated from 2010 through 2014. The more items included in a basket, the greater 

the basket expenditure is. However, it is important to study the contribution the increase 

of number of items has on the basket’s value. First, the weight of the five different 

baskets was obtained by dividing the basket’s expenditure by the total expenditure of 

the corresponding quarter. The results in Table 7 show the total expenditure of the five 

different baskets as a percent of the total costs of all projects bid for that corresponding 

quarter.  
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Table 7: Weight of Baskets in different Basket Sizes 

                    Trial 
Basket 
Period 

2,259-Item 
Basket 

91-Item 
Basket 

49-Item 
Basket 

27-Item 
Basket 

16-Item 
Basket 

2010Q1 72.30% 46.21% 38.66% 32.04% 22.43% 
2010Q2 80.10% 43.96% 85.17% 46.93% 27.81% 
2010Q3 55.73% 31.30% 24.47% 19.05% 13.31% 
2010Q4 79.33% 45.16% 36.91% 21.10% 14.60% 
2011Q1 69.16% 46.36% 37.49% 29.79% 23.04% 
2011Q2 78.92% 54.97% 45.37% 37.49% 25.21% 
2011Q3 67.48% 38.88% 30.01% 23.54% 16.95% 
2011Q4 78.56% 50.57% 40.20% 32.41% 26.66% 
2012Q1 76.39% 48.78% 39.70% 30.18% 23.00% 
2012Q2 80.85% 51.50% 40.47% 34.26% 27.33% 
2012Q3 55.28% 31.42% 22.20% 18.05% 14.43% 
2012Q4 73.70% 44.05% 34.13% 29.66% 20.59% 
2013Q1 78.68% 50.40% 41.56% 32.80% 23.65% 
2013Q2 74.21% 47.60% 36.48% 31.76% 25.07% 
2013Q3 48.58% 29.15% 17.45% 13.41% 10.16% 
2013Q4 73.23% 47.21% 37.59% 29.64% 22.16% 
2014Q1 76.74% 41.62% 30.39% 23.33% 17.68% 
2014Q2 69.53% 40.76% 31.28% 28.34% 22.12% 
2014Q3 62.77% 34.64% 22.46% 18.25% 14.39% 
2014Q4 73.19% 46.81% 36.30% 31.64% 22.59% 
Average 71.24% 43.57% 36.41% 28.18% 20.66% 

 

On average, all of the standards construction items account for 71% of the total 

bid. Recall that approximately 25% of the construction items were excluded to account 

for non-standard and mobilization item classes. The 91-item basket makes up about 

44% of the total cost. This percentage is compatible with the basket of items selected 

by the FHWA, with 41% of item’s value is included in the NHCCI calculation. Basket 

sizes of 49, 27, and 16 items account, on average, for 36%, 28%, and 21% respectively 

of the total amount bid.  

To develop a better understanding of the effect of basket sizes on basket 

selection, the 91-item basket, chosen for the index calculation, was taken as a reference 
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basket and the four other baskets were compared to it. The percentage difference in the 

basket weight by quarter from the 91-item basket is calculated as follows: 

∆𝑗𝑗=  
𝐼𝐼𝑡𝑡𝑒𝑒𝑒𝑒 𝐵𝐵𝑎𝑎𝑒𝑒𝑘𝑘𝑒𝑒𝑡𝑡𝑗𝑗 𝑙𝑙𝑒𝑒𝑏𝑏𝑙𝑙ℎ𝑡𝑡 −  𝐼𝐼𝑡𝑡𝑒𝑒𝑒𝑒 𝐵𝐵𝑎𝑎𝑒𝑒𝑘𝑘𝑒𝑒𝑡𝑡91 𝑙𝑙𝑒𝑒𝑏𝑏𝑙𝑙ℎ𝑡𝑡 

𝐼𝐼𝑡𝑡𝑒𝑒𝑒𝑒 𝐵𝐵𝑎𝑎𝑒𝑒𝑘𝑘𝑒𝑒𝑡𝑡91 𝑙𝑙𝑒𝑒𝑏𝑏𝑙𝑙ℎ𝑡𝑡
 × 100 

where ∆𝑗𝑗 is the percentage difference between the four trial baskets of sizes 2,259, 49, 

27, and 16 items, and the 91-item basket. The subscript j refers to the basket sizes of 

2259, 49, 27, and 16 items. The results of these calculations are shown in Table 8. 

Table 8: Variation in Basket weight in Difference Basket Sizes with respect to the 91-Item Basket 

                Trial 
 
Basket 
Period 

2,259-Item 
Basket 
Reference 91-
Item Basket 

2,259-Item 
Basket 
Reference 91-
Item Basket 

2,259-Item 
Basket 
Reference 91-
Item Basket 

2,259-Item 
Basket 
Reference 91-
Item Basket 

2010Q1 56.48% -16.33% -30.65% -51.45% 
2010Q2 82.18% 93.72% 6.75% -36.74% 
2010Q3 78.03% -21.84% -39.16% -57.49% 
2010Q4 75.66% -18.28% -53.28% -67.68% 
2011Q1 49.19% -19.13% -35.73% -50.29% 
2011Q2 43.56% -17.46% -31.80% -54.14% 
2011Q3 73.57% -22.80% -39.46% -56.40% 
2011Q4 55.35% -20.51% -35.90% -47.27% 
2012Q1 56.60% -18.61% -38.14% -52.85% 
2012Q2 56.99% -21.42% -33.48% -46.92% 
2012Q3 75.94% -29.33% -42.54% -54.08% 
2012Q4 67.32% -22.51% -32.66% -53.26% 
2013Q1 56.09% -17.55% -34.93% -53.08% 
2013Q2 55.91% -23.36% -33.28% -47.34% 
2013Q3 66.63% -40.16% -54.02% -65.14% 
2013Q4 55.10% -20.38% -37.22% -53.06% 
2014Q1 84.40% -26.98% -43.94% -57.52% 
2014Q2 70.61% -23.26% -30.47% -45.74% 
2014Q3 81.21% -35.17% -47.32% -58.45% 
2014Q4 56.34% -22.46% -32.42% -51.74% 
Average 64.86% -17.19% -35.98% -53.03% 

 

Table 8 shows that a substantial percentage of a basket’s value is lost when only 

91 items are included instead of 2,259. The items included in the 2,259-item basket 

have, on average, 65% more dollar value than the 91-item basket. When the number of 
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items included in the basket drops from 91 to 49, 17% of the item value is lost. 

Similarly, when moving from the 91-item basket to the 27-item basket, the items’ value 

decreases by 36%. Half of the basket weight is approximately lost when 16 items are 

included instead of 91. The results suggest that trial basket sizes of 91 and 49 items 

have a similar composition, given that the percentage difference is less than 20%.  

10.6 CCI Comparison of Baskets 

A comparison was also made of the effect on the resulting index if different 

basket sizes were chosen for the index calculation. Basket sizes of 16, 27, 49, and 2,259 

items were compared to the 91-item basket selected by WisDOT. The 16, 27, and 49 

item baskets are comprised of the items representing 80% of the costs of the relative 

classes and appearing in 90%, 75%, and 50% of quarters from 2005 to 2014. The 2,259-

item basket includes all of the standard bid items of WisDOT except mobilization. The 

new methodology of data smoothing and detection of outliers was used in calculating 

these index values. The results are shown in Table 9. 

Table 9: Variation in Index in Different Basket Sizes 

Period 
Variation in 
16-Item 
Basket 

Variation in 
27-Item 
Basket 

Variation in 
49-Item 
Basket 

Variation in 
2259-Item 
Basket 

2010Q1 0.00% 0.00% 0.00% 0.00% 
2010Q2  -10.38% -8.05% -5.37% -1.10% 
2010Q3 -4.61% -3.20% -1.31% -0.67% 
2010Q4 -2.93% -2.74% -0.78% 0.48% 
2011Q1 -2.68% -1.41% -0.81% 0.28% 
2011Q2 -0.95% 1.20% 1.79% -0.37% 
2011Q3 -1.69% 1.30% 2.35% -0.50% 
2011Q4 -1.18% 3.22% 4.55% -0.46% 
2012Q1 -0.07% 4.10% 6.06% 0.09% 
2012Q2 1.62% 2.53% 4.32% 2.17% 
2012Q3 2.13% 2.37% 3.17% 3.16% 
2012Q4 3.69% 2.60% 3.13% 2.83% 
2013Q1 2.61% 2.64% 2.89% 1.64% 
2013Q2 0.18% 1.47% 2.94% 0.47% 
2013Q3 4.61% 5.61% 7.66% 1.18% 
2013Q4 6.91% 7.45% 9.63% 1.30% 
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2014Q1 5.88% 6.40% 8.92% 1.33% 
2014Q2 6.65% 7.30% 9.30% 0.65% 
2014Q3 5.07% 5.40% 7.35% -1.30% 
2014Q4 4.86% 4.86% 6.79% -1.60% 
Average 0.99% 2.15% 3.63% 0.48% 

 

Table 9 shows the percentage difference in the calculated index by quarter from 

the 91-item basket for various basket sizes. When using all of the 2,259 items instead 

of the 91 items selected by WisDOT, the index value increases by 0.48% on average. 

As for the three trial basket selected by the research team, the percent difference in the 

CCI is about 4% when the 49-item basket is used. This difference is reduced to 2.15% 

and 0.99% when the 27-item basket and the 16-item basket are respectively chosen for 

the index calculation. While there was a fair amount of variation on a quarter-by-quarter 

basis, increasing the number of items did not significantly change the index values on 

average and there was a marginal difference between indices calculated for the 91-item 

basket versus using all the items. A graphical representation of the CCI of the different 

baskets is shown in Figure 24. 

 

Figure 24 comparison of the CCI of the different Basket Sizes 
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10.7 Item Classes Relative Index 

A single value of the WisDOT Chained Fisher Index can be seen as a swarm of class 

relative price indices. Although a swarm has a well-defined behavior and moves 

together, every single element is independent of the rest and has its own unique 

movement. Analogous to this, each of the price relative indices of the 18 item classes 

used in calculating the CCI has its own trend and price movement. The relative indices 

of these item classes are of particular use when estimating a new project. A time-series 

class relative index or material cost index tracks the weighted price movement of 

construction classes such as Asphalt, Base, Concrete, and others. It offers a useful 

measure that assists the engineer in detecting variation in a specific item class to 

properly address risks associated with this variability. The consideration of item class 

price movement can allow for more efficient allocation of resources during cost 

estimation. It is also useful to compare the class relative indices to the overall CCI to 

get a sense of which item class contributes the most to the CCI variation. This is a 

preliminary comparison to provide some professional judgment rather than an accurate 

comparison because the weight of each item class should also be taken into account. 

Figure 25 shows trends for different item classes as compared to the overall WisDOT 

CCI.  
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Figure 25: Comparison of the Item Class relative index and the WisDOT Chained Fisher CCI 

Figure 25 suggests, for example, that when estimating a primarily concrete job in the 

time period between 2010 and 2013 Q2, the estimator would want to use the concrete 

class index instead of the overall CCI to avoid overestimation.  

  

10.8 Time Series Analysis 

Construction cost indices are typical examples of time series - a sequence of a 

periodically observed random variable. Variation of CCI has a significant impact on the 

accuracy of the estimation of construction costs. Although the CFCCI computed in 

previous chapters of this paper displays past trends, it can be used to portray future 

construction costs by analyzing and forecasting the trend of CCI over time. Analysis of 

such time series data is critical for SHAs to predict future construction costs as accurate 

as possible. The objective is to determine a time series model that explains the observed 

CCI values and allows extrapolation into the future to provide a forecast. Figure 26 

shows the trend of the quarterly WisDOT CFCCI computed earlier in this paper. 
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Figure 26: WisDOT Chained Fisher Construction Cost Index 

One of the challenges associated with time series analysis is to find the “best” fitting 

model for a particular situation that provides good predictions of future observations.  

10.8.1 Linear Trend regression  

One type of time trend is a linear trend in time model described as follows: 

𝑡𝑡𝐸𝐸 =  𝛽𝛽0 + 𝛽𝛽1𝑡𝑡 +  𝜀𝜀𝐸𝐸 

where  𝑡𝑡𝐸𝐸 is the response variables, i.e., the CFCCI and time (t) is the predictor. 

Although the time series plot in Figure 26 shows some up and down movement over 

the past five years, one might agree that the linear trend line shown in Figure 27 

provides a reasonable approximation of the long-run movement of CFCCI in the series.  
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Figure 27: Trend Represented by a Linear Function for the CFCCI Time Series 

Such a linear trend is developed using simple linear regression to describe the 

relationship between the independent variable t and the dependent variable 𝑡𝑡𝐸𝐸 as shown 

in the equation in Figure 27.  

10.8.2 Validation of Linear trend: 

It is important to validate time series model on “future” data points. First, the research 

team only had information was available for only 20 quarters (2010 quarter 1 – 2014 

quarter 4). To validate the linear trend, the original data set was divided into two sets: 

training and testing. The training set consisted of CFCCI values of 16 quarters (2010 

Quarter 1 – 2013 Quarter 4), i.e., 80% observations of the original data set. The testing 

set included the remaining 20%, i.e., the remaining four quarters (2014 Quarter 1 – 

2014 Quarter 4). This validation method can also be called the “80/20” method. A linear 

trend was fitted using the 16 observations of the training set and the resulting model 

was used to forecast the CFCCI value of the four observations included in the testing 

set. Then, the forecasted CFCCI values were compared to the original ones as shown 

in Figure 28 and Table 10. 
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Figure 28: Validation results of the Linear Trend – 80/20 Validation  

Key: Black circles represent indices from 2010 (Q1) to 2013 (Q4) used to develop the linear model. The blue 
circles are the actual index values for 2014 (Q1-4). The red line is the linear model and the red triangles are the 

predicted index values for 2014(Q1-4) using this model. 

 

Table 10: Comparison of the Predicted and Original CFCCI Values using the Linear Trend model 

Quarter Original Index Forecasted Index Deviation 

17 (2014Q1) 118.2588 117.0263 -0.0104 

18 (2014Q2) 119.6167 118.1433 -0.0123 

19 (2014Q3) 119.5183 119.2602 -0.0022 

20 (2014Q4) 123.1173 120.3771 -0.0222 

  MAPE (%) 1.1789 

The deviation is computed as follows: 

𝐷𝐷𝑒𝑒𝑂𝑂𝑏𝑏𝑎𝑎𝑡𝑡𝑏𝑏𝑡𝑡𝑎𝑎 =  
𝑃𝑃𝐸𝐸𝑒𝑒𝑎𝑎𝑏𝑏𝐷𝐷𝑡𝑡𝑒𝑒𝑎𝑎 −  𝑀𝑀𝐷𝐷𝑡𝑡𝐹𝐹𝑎𝑎𝑙𝑙

𝑀𝑀𝐷𝐷𝑡𝑡𝐹𝐹𝑎𝑎𝑙𝑙
 

The Mean Absolute Percentage Error (MAPE) expresses the accuracy of a forecasting 

method in statistics as a percentage of the error. MAPE is computed as follows: 
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𝑀𝑀𝑀𝑀𝑃𝑃𝐸𝐸 =  
1
𝑎𝑎

× �
|𝑡𝑡𝐸𝐸 −  𝑡𝑡𝐸𝐸� |

𝑡𝑡𝐸𝐸

𝐸𝐸

𝐸𝐸=1

 

where 𝑡𝑡𝐸𝐸 equals the actual values, 𝑡𝑡𝐸𝐸�  equals the fitted values, and 𝑎𝑎 represents the 

number of observations (“What are MAPE, MAD, and MSD?”, 2015).  

Another thing to note is that Table 10 shows that the forecast of WisDOT 

CFCCI is off by 1.18%. At first glance, this number appears to be very small however, 

if one considers the fact that it is a percentage, then the actual deviation depends on the 

original value to which this number is multiplied.  

Data from the first three quarters of 2015 were obtained near the time of writing 

of this document. When using the model computed using the 20 previous quarters to 

forecast the three new quarters and compare the predicted values to the actual ones. The 

actual and predicted values are illustrated in Figure 29 and the validation output are 

shown in Table 11. 

 

 

Figure 29: Validation Results of the Linear Trend using new observations 
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Key: Black circles represent indices from 2010 (Q1) to 2014 (Q4) used to develop the linear model. The blue 
circles are the actual index values for 2015 (Q1-3). The red line is the linear model and the red triangles are the 

predicted index values for 2015(Q1-4) using this model. 

 

Table 11: Comparison of the Predicted and Original CFCCI Values of new Observations using the Linear Trend 
model 

Quarter Original Index Forecasted Index Deviation 

21 (2015Q1) 124.1 122.5259 -0.0127 

22 (2015Q2) 123.3 123.7140 -0.0033 

23 (2015Q3) 128.5 124.9020 -0.0280 

24 (2015Q4) - 126.0900 - 

  MAPE (%) 1.4680 

 

Table 11 shows that the forecast of WisDOT CFCCI is off by 1.47%. The results are 

similar to the ones computed in Table 10. It is noticed that the linear trend has the 

tendency to underestimate the CFCCI value as all of the deviations are negative.  

Although the linear trend model seems as good model to forecast future 

construction costs, linear trends can be dangerous for prediction. Practically, the CCI 

does not follow a linear trend, rather it tends to fluctuate. To find a more effective time 

series model for predicting construction costs, the problem was looked at it from a 

different perspective, the Autoregressive model. 

10.8.3 Autoregressive Model: 
 

An autoregressive model of order 1, denoted as AR(1), is a regression model where 

previous values of a series, denoted as 𝑡𝑡𝐸𝐸−1, are used to predict current values of a 

series, denoted as 𝑡𝑡𝐸𝐸. A desirable characteristic of a time series analysis is the stability 

of the process, termed as stationarity. Figure 26 shows that the series grows steadily 

suggesting that the CFCCI lacks stationarity. One remedial measure is to take the 



 
 

95 
 

difference between two consecutive time periods. This is demonstrated in Figure 30 

suggesting that this is an appropriate transformation of CFCCI into a series with 

stationarity.  

 

Figure 30: Plot of the CFCCI series differences 

An AR(1) is fitted to the CFCCI differences as follows: 

∆𝑡𝑡𝐸𝐸 =  𝛽𝛽0 + 𝛽𝛽1∆𝑡𝑡𝐸𝐸−1 +  𝜀𝜀𝐸𝐸 

It is important to note that the CFCCI doesn’t show any seasonal variations. The model 

was fitted in R using the function ARIMA. Autoregressive (AR) integrated (I) moving 

average (MA) (ARIMA) model is fitted to time series data to forecast. Non-seasonal 

ARIMA models have three parameters; p, q, and d; that refer to the order of AR, I, and 

MA respectively. In our case, ARIMA (1,0,0) is used to fit an AR(1) model to the 

CFCCI differences.  The above mentioned model is then used to forecast the differences 

of the following four quarters (2015Q1, 2015Q2, 2015Q3, 2015Q4). The resulting 

model is written as follows: 

∆𝑡𝑡𝐸𝐸� =  1.4934 − 0.2441 × ∆𝑡𝑡𝐸𝐸−1 

Then the predicted 𝑡𝑡𝐸𝐸�  can be found using the following equation: 
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𝑡𝑡𝐸𝐸� =  𝑡𝑡𝐸𝐸−1 + ∆𝑡𝑡𝐸𝐸�  

10.8.4 Validation of Autoregressive Model 

The “forecast” function was used in R to find the predicted ∆𝑡𝑡𝐸𝐸�  of the four 

quarters of 2015. Then, the predicted 𝑡𝑡𝐸𝐸�  was manually calculated using the equation 

(c). The forecasting outcome is shown in Table 12. 

Table 12: Validation Output of AR(1) 

Quarter Original Index Forecasted Index Deviation 

2015Q1 124.1 123.7322 -0.00886 

2015Q2 123.3 125.0755 0.01439 

2015Q3 128.5 126.241 -0.01758 

2015Q4 - 127.4499 - 

  MAPE (%) 1.361 

 

The value of MAPE calculated for the quarters of 2015 is similar to the MAPE values 

computed using the linear trend. The focus of this research was not on the analytical 

procedure for time series model development. However, the preliminary work 

indicates that the time series only has information for five years, which is not 

significant enough to perform a time series analysis and predict future trends. 
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CHAPTER ELEVEN 
CONCLUSIONS AND RECOMMENDATIONS 

11.1 Conclusions of Research 

Cost estimation is a critical process that affects decisions about project 

initiation, scope, funding, design, and management. This paper focused on the 

relationship between the engineer’s estimate and the low bid. The problem of 

inaccurate estimates is a major concern for State Highway Agencies (SHA). WisDOT 

strives to prepare an engineer’s estimate that is aligned with the market conditions and 

hopefully the low bid.  

With an aim to improve the accuracy of WisDOTs engineer’s estimates, this 

research first evaluated WisDOT’s current engineering estimate accuracy (EEA) at 

the project level. Historical bid tabs were used to develop a linear regression model to 

predict the low bid. The model used in this research included only one predictor, the 

engineer’s estimate. Although a strong correlation existed between the response and 

the predictor variable, the validation results showed that the generated model does not 

assist WisDOT in reaching its target of having 60% of its projects to fall within 10% 

of the low bid. This unsatisfactory result can be explained by the fact that the 

engineer’s estimate itself contains a high proportion of noise and errors, in part due to 

the numerous designers who prepare the estimate and the different level of experience 

that varies between estimators.  

The research team further investigated WisDOT’s current cost estimating 

practices and found that developing a construction cost index (CCI) that is accurate, 

reliable, and representative of construction cost changes over time is important. SHAs 

use a CCI to forecast potential future purchasing power for decision making and as a 
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means for updating historical costs to present day costs for project estimating. A study 

of the types of indices available indicates that use of the Fisher Ideal Index is the 

preferred method for calculating such an index, as it gives equal importance to 

weighting the base period quantities and current period quantities and is 

recommended for use by WisDOT and other SHAs. Use of a chained index eliminates 

the need for base period updates and provides a better match between quantities and 

prices in consecutive time periods. It also allows an index to be calculated at frequent 

intervals, typically quarterly, without experiencing chain drift. Construction bid prices 

are subject to wide variability for a host of reasons, and data sets should be reviewed 

to identify outliers. The median of the absolute deviation about the median (MAD) 

approach provides a robust statistical approach and is recommended for analyzing 

outliers. 

Calculation of a CCI can result in short-term variability due to the volatility of 

construction costs from one period to another. Data smoothing techniques remove 

some of this variability and it is recommended that they be performed for a more 

consistent index over time.  

 The Fisher index is an ideal index because of its Time Reversal and Factor 

Reversal properties, therefore, it was important to verify whether the data edits affect 

these two properties. The TRT and FRT were computed on the new CFCCI showed 

that the use of data smoothing techniques do not impact the two desired properties.  

Selection of the basket of items to be included in the index is important. 

Examination of various sizes of items in the basket showed that, on average, there is 

no great variation between the 16, 27, 49-item baskets and the 91-item basket. Also, 

the inclusion of all standard items adds more complexity to the calculations and gives 
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results similar to the 91-item basket selected by the WisDOT. Therefore, a 

representative basket need not include all standard items if the selected items are 

representative of the construction program. A statistical analysis was used to identify 

the most represented items and then modified based upon items likely to be included 

in the future based upon program needs. A dynamic excel tool was created and allows 

the calculation of the new CFCCI when using the current 91-item basket and when 

new items are added, based upon the program needs. 

The two-stage CFCCI provides information about the relative indices of item 

classes that constitute the basket. These relative indices are of particular use when 

estimating a new project as they track the weighted price movement of construction 

classes. The movement of each item class can be compared to the overall CFCCI to 

gain some insight into the contribution of each class. It offers a useful measure that 

assists the engineer in detecting variation in a specific item class and allows for more 

efficient dollar spending during cost estimation.  

Using state price data and the chained Fisher Index gives a higher escalation 

rate for Wisconsin than the national NHCCI. While the NHCCI provides an indication 

of the escalation of construction costs over time, SHAs desiring a more accurate 

representation of cost changes for their state should consider developing their own 

index. 

Because construction costs are not static but vary over time, it is important to 

develop insights about the trend of CCIs. The analysis of time series CFCCI is 

beneficial to develop more accurate cost estimates as engineers can account for cost 

fluctuation when budgeting. This paper discussed the analysis of time series using a 

linear trend model and an autoregressive AR(1) model to predict future CFCCI. The 
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validation outcome for both models was similar, suggesting that these models can be 

used to predict reliable CFCCI values.  

Other SHAs that undertake development of a CCI will find the results of the 

WisDOT experience helpful in identifying a methodology for selecting a basket of 

items and calculating an index. 

11.2 Recommendations for Future Research 

At the project level, the current research can be expanded to further investigate 

WisDOT’s estimating process: 

- Developing an assessment of the entire cost estimating process of a project 

life-cycle (from the conceptual to the design phase) can assist SHAs in 

improving the accuracy and reliability of their project cost estimate. 

- Performing risk assessment and anticipating contingency and uncertainty  

- Investing in the analysis and improvement of the conceptual estimate as it is 

the basis for the rest of the estimating process 

- Creating a more consistent environment for cost estimation (have fewer 

estimators) 

Great improvements have been made to the WisDOT CCI during the course of 

this research. However, further steps, as outlined below, will undoubtedly make 

additional improvement to the accuracy and reliability of the CFCCI.  

- Improve the outliers’ detection technique so that it is based on engineering 

judgment rather than simple statistical techniques; also evaluate every 

observation before deciding whether it is an outlier or not. 

- Use a statistical software such as Statistical Analysis Software (SAS) to 

calculate the construction cost index instead of using macros in excel. The 
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software will run the computation faster, especially if more items were added 

to the basket and may allow for further statistical analyses not possible with 

macros. 

- Perform an effective tracking and analysis of time series CFCCI data and 

provide guidelines for practitioners to develop their own prediction models.  

- Use individual item class indices more. 

- Study the various economic factors that influence construction costs.   
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Appendix A Proposal Types 
 

Work ratings established for the following individual classes of work will establish 

the maximum value of work in the particular classification which the applicant may 

be awarded, except in cases where the ratings assigned have been limited as requested 

by the applicant. In these cases, ratings will not be assigned in excess of amounts 

requested, but requests for proposals for individual jobs may be honored and bids 

accepted in excess of such limited ratings up to the amounts which would be assigned 

under normal procedure.  

A. GENERAL CONSTRUCTION: The construction of a complete unit of work 

to include grading, subbase, base, structures, asphaltic or concrete pavement 

and incidental items, or any combination thereof, as may be required in the 

proposal.  

B. GRADING: The construction of earthwork, including drainage structures, 

crushed aggregate base course, and such other associated construction 

included in the proposal.  

C. CONCRETE PAVEMENT: The construction of the portland cement 

concrete base or pavement, including the grading, drainage structures, and 

other associated construction included in the proposal.  

D. ASPHALTIC PAVEMENT: The construction of all types of asphaltic 

surface courses to include plant mix, road mix, and the application of bitumen, 

and other associated construction included in the proposal.  

 

E. GRAVEL AND CRUSHED STONE: The construction of crushed aggregate 

base, shoulder or surface courses and such other associated work as may be 

included in the proposal.  
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F. STRUCTURES: The construction of masonry, steel, or timber bridges, 

viaducts, culverts, railroad bridges, and such incidental construction, including 

approaches thereto when included in the proposal.  

G. RAIL CONSTRUCTION OR REHABILITATION: The construction or 

rehabilitation of a section of track to include all or a part of the grading, 

drainage structures, ballasting, laying or replacement of rail, ties, turnouts and 

crossings, and incidental items, or any combination thereof, as may be 

required and as included in the proposal. In extending ratings under this 

category, the Department reserves the right to consider recommendations of 

the particular railroad company. 

H. BRIDGE PAINTING: Work involving the painting of structures and all work 

incidental thereto and any other work as may be included in the proposal.  

I. STREET OR AIRPORT LIGHTING: Work involving trenching and 

underground duct work, placing electrical cable on and/or under the ground, 

placing light bases and fixtures, furnishing and stalling visual and instrument 

aids to navigation (i.e. VASI, REIL, VOR, NDB, ILS/ALS, etc.), to include 

generators, regulators, transformers and related equipment as required.
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Appendix B Funding Programs 
 

The State Highway Rehabilitation (SHR) program is responsible for the 

reconstruction, reconditioning, and resurfacing of the highways and bridges of the 

state highway system except for highway projects that exceed the capacity expansion 

thresholds established for the major highway development, southeast Wisconsin 

freeway megaprojects, high-cost bridge, and major interstate bridge programs. It is the 

typical highway research program.  

The Major Highway program includes projects that are generally the most complex, 

costly, and potentially controversial projects initiated by WisDOT. These projects are 

long-term solutions to the most serious deficiencies on highly traveled segments of 

the highway system.  

The Local program include funding that is provided to local units of government 

projects that are put through the WisDOT letting process for efficiencies.  

Highway Maintenance, Repair and Traffic Operations Program perform tasks 

necessary to operate the state’s highway systems. Tasks range from emergency 

operations and repairs to optimize the value of highway investments.  

SE freeway program is the funding of the southeastern region. The Major and SE 

freeway programs include the large and complex projects.
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Appendix C Data Description  
 

Table C.1: Explanatory Data Analysis by Fiscal Year 

    FY09 FY10 FY11 FY12 FY13 FY14 FY15 
Total number of Proposals 392 444 306 261 274 260 272 
Number of Proposals within 10% of the 
Low Bid 126 139 120 125 126 131 120 
Percentage of Proposals within 10% of 
the Low Bid 32% 31% 39% 48% 46% 50% 44% 

Number of Proposals overestimated 297 354 240 158 174 126 91 
Percentage Proposals overestimated 76% 80% 78% 61% 64% 48% 33% 
Number of Proposals underestimated 95 90 66 103 100 134 181 
Percentage Proposals underestimated 24% 20% 22% 39% 36% 52% 67% 
Minimum Value of Delta -46.62% -33.70% -38.34% -61.57% -56.72% -53.93% -69.48% 
Maximum Value of Delta 178.41% 283.36% 165.68% 89.60% 59.26% 78.83% 104.79% 
Range of Delta 225.03% 317.06% 204.02% 151.17% 115.98% 132.76% 174.27% 
Mean of Delta 14.86% 16.47% 16.62% 5.71% 5.57% -0.17% -5.91% 
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Table C.2: Explanatory Data Analysis by Calendar Year 

 2008 2009 2010 2011 2012 2013 2014 2015 
Total number of 
Proposals 98 377 454 298 294 254 263 171 

Number of Proposals 
within 10% of the Low 
Bid 

34 126 135 125 143 117 126 81 

Percentage of Proposals 
within 10% of the Low 
Bid 

35% 33% 30% 42% 49% 46% 48% 47% 

Number of Proposals 
overestimated 58 296 372 227 164 155 102 66 
Percentage Proposals 
overestimated 59% 79% 82% 76% 56% 61% 39% 39% 

Number of Proposals 
underestimated 40 81 82 71 130 99 161 105 
Percentage Proposals 
underestimated 41% 21% 18% 24% 44% 39% 61% 61% 

Minimum Value of 
Delta -33.14% -46.62% -33.70% -41.00% -61.57% -45.47% -69.48% -51.08% 
Maximum Value of 
Delta 178.41% 145.32% 283.36% 165.68% 59.26% 78.83% 104.79% 69.74% 

Range of Delta 211.55% 191.94% 317.06% 206.68% 120.83% 124.30% 174.27% 120.82% 
Mean of Delta 5.98% 16.65% 17.94% 14.02% 3.21% 4.91% -4.48% -3.57% 
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Table C.3: Explanatory Data Analysis by Month 

     Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec 
Total number of 
Proposals 124 209 305 294 356 245 183 127 53 10 99 204 

Number of Proposals 
within 10% of the Low 
Bid 

48 85 127 137 136 85 64 42 19 3 44 97 

Percentage of 
Proposals within 10% 
of the Low Bid 

39% 41% 42% 47% 38% 35% 35% 33% 36% 30% 44% 48% 

Number of Proposals 
overestimated 94 142 229 210 222 149 89 69 28 10 59 139 

Percentage Proposals 
overestimated 76% 68% 75% 71% 62% 61% 49% 54% 53% 100% 60% 68% 

Number of Proposals 
underestimated 30 67 76 84 134 96 94 58 25 0 40 65 

Percentage Proposals 
underestimated 24% 32% 25% 29% 38% 39% 51% 46% 47% 0% 40% 32% 

Minimum Value of 
Delta -38.96% -36.98% -44.29% -46.62% -51.08% -61.57% -69.48% -59.58% -41.22% 7.70% -56.92% -41.00% 

Maximum Value of 
Delta 64.76% 165.68% 283.36% 78.34% 90.98% 150.08% 80.96% 178.41% 124.04% 67.20% 88.69% 96.58% 

Range of Delta 103.72% 202.66% 327.65% 124.96% 142.06% 211.65% 150.44% 237.99% 165.26% 59.50% 145.61% 137.58% 
Mean of Delta 10.09% 11.96% 13.02% 8.51% 7.99% 10.23% 0.86% 6.85% 5.65% 30.18% 5.72% 8.91% 
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Table C.4: Explanatory Data Analysis by season 

     Summer Winter 
Total number of Proposals 1268 941 
Number of Proposals within 10% of the 
Low Bid 486 401 
Percentage of Proposals within 10% of 
the Low Bid 38% 43% 

Number of Proposals overestimated 777 663 
Percentage Proposals overestimated 61% 70% 
Number of Proposals underestimated 491 278 
Percentage Proposals underestimated 39% 30% 
Minimum Value of Delta -69.48% -56.92% 
Maximum Value of Delta 178.41% 283.36% 
Range of Delta 247.89% 340.28% 
Mean of Delta 7.48% 10.74% 
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Table C.5: Explanatory Data Analysis By Funding Program 

     Majors Local SHR MRT SE  
Total number of Proposals 166 700 1177 84 82 
Number of Proposals within 10% of 
the Low Bid 69 309 438 40 31 

Percentage of Proposals within 10% 
of the Low Bid 42% 44% 37% 48% 38% 

Number of Proposals overestimated 121 500 718 45 56 
Percentage Proposals overestimated 73% 71% 61% 54% 68% 
Number of Proposals 
underestimated 45 200 459 39 26 

Percentage Proposals 
underestimated 27% 29% 39% 46% 32% 

Minimum Value of Delta -31.97% -51.08% -61.57% -47.25% -69.48% 
Maximum Value of Delta 283.36% 124.04% 178.41% 88.88% 134.05% 
Range of Delta 315.33% 175.12% 239.98% 136.13% 203.53% 
Mean of Delta 17.21% 8.96% 7.87% 3.32% 11.12% 
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Table C.6: Explanatory Data Analysis by Proposal Type 

  
   

Asphalt Bridge 
Painting 

Concrete 
Paving General Grading Incidental Structure 

Total number of Proposals 572 38 126 445 116 339 573 
Number of Proposals within 10% of 
the Low Bid 206 9 52 192 45 137 246 
Percentage of Proposals within 10% of 
the Low Bid 36% 24% 41% 43% 39% 40% 43% 

Number of Proposals overestimated 400 20 97 275 95 187 364 
Percentage Proposals overestimated 70% 53% 77% 62% 82% 55% 64% 
Number of Proposals underestimated 172 18 29 170 21 152 209 
Percentage Proposals underestimated 30% 47% 23% 38% 18% 45% 36% 
Minimum Value of Delta -39.85% -56.92% -25.39% -53.93% -19.85% -69.48% -57.98% 
Maximum Value of Delta 137.98% 96.58% 49.92% 150.08% 178.41% 283.36% 124.04% 
Range of Delta 177.83% 153.50% 75.31% 204.01% 198.26% 352.84% 182.02% 
Mean of Delta 12.28% 12.76% 9.93% 7.19% 19.84% 6.33% 5.54% 
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Table C.7: Explanatory Data Analysis by Region 

     NC NE NW SE SW 
Total number of Proposals 326 397 436 501 549 
Number of Proposals within 10% of the 
Low Bid 127 161 191 189 219 
Percentage of Proposals within 10% of 
the Low Bid 39% 41% 44% 38% 40% 

Number of Proposals overestimated 218 267 259 330 366 
Percentage Proposals overestimated 67% 67% 59% 66% 67% 
Number of Proposals underestimated 108 130 177 171 183 
Percentage Proposals underestimated 33% 33% 41% 34% 33% 
Minimum Value of Delta -45.81% -57.94% -61.57% -69.48% -59.57% 
Maximum Value of Delta 137.98% 283.36% 150.08% 134.05% 178.41% 
Range of Delta 183.79% 341.30% 211.65% 203.53% 237.98% 
Mean of Delta 8.84% 11.13% 5.43% 9.66% 9.25% 
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Table C.8: Explanatory Data Analysis by Engineer’s estimate Range 

Millions of dollars → 0 – 0.5 0.5 – 1 1 – 2 2 – 10 10 – 20 20+ 
Total number of Proposals 626 364 414 611 127 67 
Number of Proposals within 10% of the 
Low Bid 228 138 163 264 66 28 
Percentage of Proposals within 10% of 
the Low Bid 36% 38% 39% 43% 52% 42% 

Number of Proposals overestimated 391 232 272 415 81 49 
Percentage Proposals overestimated 62% 64% 66% 68% 64% 73% 
Number of Proposals underestimated 235 132 142 196 46 18 
Percentage Proposals underestimated 38% 36% 34% 32% 36% 27% 
Minimum Value of Delta -61.57% -69.48% -57.98% -52.76% -29.18% -16.46% 
Maximum Value of Delta 283.36% 145.32% 150.08% 96.58% 178.41% 1124.04% 
Range of Delta 344.93% 214.80% 208.06% 149.34% 207.59% 1140.50% 
Mean of Delta 7.38% 7.93% 10.10% 9.73% 9.46% 11.29% 
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Table C.9: Explanatory Data Analysis by FHWA Project Range 

Millions of dollars → 0 – 0.1 0.1 – 0.25 0.25 – 0.5 0.5 – 1 1 – 2.5 2.5 – 5 5 – 10 10 – 15 15 – 25 25+ 
Total number of Proposals 34 198 394 364 537 305 183 95 52 47 
Number of Proposals within 
10% of the Low Bid 10 67 151 138 210 120 97 48 24 22 
Percentage of Proposals 
within 10% of the Low Bid 29% 34% 38% 38% 39% 39% 53% 51% 46% 47% 

Number of Proposals 
overestimated 11 126 254 232 359 204 124 64 34 32 
Percentage Proposals 
overestimated 32% 64% 64% 64% 67% 67% 68% 67% 65% 68% 

Number of Proposals 
underestimated 23 72 140 132 178 101 59 31 18 15 
Percentage Proposals 
underestimated 68% 36% 36% 36% 33% 33% 32% 33% 35% 32% 

Minimum Value of Delta 
(%) -57.94 -61.57 -56.92 -69.48 -57.98 -52.76 -24.94 -29.18 -19.23 -16.46 
Maximum Value of Delta 
(%) 89.60 165.68 283.36 145.32 150.08 96.58 69.56 178.41 74.81 124.04 

Range of Delta (%) 147.54 227.25 340.28 214.80 208.06 149.34 94.50 207.59 94.04 140.50 
Mean of Delta (%) -5.76 8.70 7.85 7.93 10.85 9.04 8.44 10.21 10.37 9.47 
Other analysis can be included in the Appendix
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The above tables show data grouped by fiscal year (FY), calendar year, month, 

season, funding program, proposal type, region, WisDOT $ estimate range, and FHWA 

$ estimate range. The three variables that best describe the data are the Number of 

Proposals within  ±𝟏𝟏𝟏𝟏% of the Low Bid, the Percentage of Proposals Overestimated, 

and Mean of Delta (%).  

In each table, for the first variable, WisDOT was unable to achieve its target of 

estimating at least 60% of its projects to within ±10% of the low bid. Notable remarks:  

However, for the Percentage of Proposals Overestimated, in Table C.1, we see that 

WisDOT tends to overestimate its projects during FY09-FY13 and underestimate its 

projects in FY14 and FY15. In Table C.2, the projects were overestimated from 2008-

2013 and underestimated in the subsequent two years. Looking at monthly data (Table 

C.2), only July showed an underestimation. The remaining five groups all showed 

overestimation in all of their respective categories.  

Examining the Mean of delta, we see that on average, almost all categories show 

overestimation except for {FY14, FY15}, {2014, 2015}, and [$0 – 0.1 M] in fiscal year, 

calendar year, and FHWA $ estimate range respectively.  This is in accordance with the 

goal of the stewardship agreement to develop more accurate estimates achieved through 

the implementation of the Engineering Estimate Accuracy reports. There is no clear 

trend for the actual values of over/under estimated delta. The project estimation 

accuracy for the majority of the categories is within the required ±10% . Some notable 

exceptions are October -30.18% (monthly) and Grading– 19.84% (Proposal Type).  

The EEA, represented by delta, is also displayed in a graphical form to help in 

visualizing and interpreting the variation and trends within the data.   
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Appendix D Modeling 
 

D.1 First Model 

Summary of the first model: 

 

 

 

 

 

 

 

 

 

 

  

> model1 = lm(log(bid)~log(est), data=data.1) 
> summary(model1) 
 
Call: 
lm(formula = log(bid) ~ log(est), data = data.1) 
 
Residuals: 
     Min       1Q   Median       3Q      Max  
-0.81181 -0.12024 -0.00692  0.09912  1.12024  
 
Coefficients: 
            Estimate Std. Error t value Pr(>|t|)     
(Intercept) 0.408795   0.087915    4.65  4.2e-06 *** 
log(est)    0.974816   0.006204  157.13  < 2e-16 *** 
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
Residual standard error: 0.206 on 529 degrees of freedom 
Multiple R-squared:  0.979, Adjusted R-squared:  0.979  
F-statistic: 2.469e+04 on 1 and 529 DF,  p-value: < 2.2e-16 
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D.2 Multiple Linear Regression Model 

Summary of the multiple linear regression model: 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

It is important to note that not all p-values are significant. The main purpose of this 
study is to improve the prediction accuracy of the engineer’s estimate. With predictive 
modeling, the goal is to get optimal predictions based on a linear combination of 
whatever variables are available. Omitted variables are a concern in a causal analysis 
i.e., for causal inferences (Allison, 2014).   

> model2 = lm(log(bid)~log(est)  + program + region + month + proposal
, data=data.1) 
> summary(model2) 
 
Call: 
lm(formula = log(bid) ~ log(est) + prog + region + month + proposal,  
    data = data.1) 
 
Residuals: 
     Min       1Q   Median       3Q      Max  
-0.88768 -0.10665  0.00189  0.09275  0.91612  
 
Coefficients: 
                          Estimate Std. Error t value Pr(>|t|)     
(Intercept)              0.1526869  0.1186113   1.287  0.19858     
log(est)                 0.9812236  0.0072015 136.253  < 2e-16 *** 
proglocal               -0.0055709  0.0475793  -0.117  0.90684     
progMajors              -0.0007374  0.0593048  -0.012  0.99008     
progSE Freeways          0.0531385  0.0734250   0.724  0.46958     
progSHR                  0.0712944  0.0472402   1.509  0.13188     
regionNE                 0.0210172  0.0319844   0.657  0.51141     
regionNW                 0.0415091  0.0298623   1.390  0.16514     
regionSE                 0.0898111  0.0316606   2.837  0.00474 **  
regionSW                 0.0192454  0.0285507   0.674  0.50057     
month02                 -0.0631733  0.0454815  -1.389  0.16545     
month03                  0.0195483  0.0449924   0.434  0.66412     
month04                  0.0037596  0.0446384   0.084  0.93291     
month05                  0.0387446  0.0422586   0.917  0.35966     
month06                  0.0899078  0.0494497   1.818  0.06963 .   
month07                  0.0974763  0.0459993   2.119  0.03457 *   
month08                  0.0351214  0.0472294   0.744  0.45744     
month09                  0.0652653  0.0629235   1.037  0.30013     
month11                  0.0633271  0.0504351   1.256  0.20984     
month12                 -0.0085359  0.0450978  -0.189  0.84995     
proposalBridge Painting -0.0815081  0.0821450  -0.992  0.32155     
proposalConcrete Paving  0.0340512  0.0436612   0.780  0.43582     
proposalGeneral          0.0703337  0.0268013   2.624  0.00895 **  
proposalGrading         -0.0658808  0.0411735  -1.600  0.11021     
proposalIncidental       0.1327603  0.0331560   4.004 7.16e-05 *** 
proposalStructure        0.0994576  0.0264572   3.759  0.00019 *** 
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
Residual standard error: 0.1923 on 505 degrees of freedom 
Multiple R-squared:  0.9825, Adjusted R-squared:  0.9817  
F-statistic:  1137 on 25 and 505 DF,  p-value: < 2.2e-16 
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Anova of the multiple linear regression model: 

 

 

 

 

 

 

 

Plot of actual low bids vs. predicted low bids: 

 

Cook’s Distance: 

 

 

 

 

  

> anova(model2) 
Analysis of Variance Table 
 
Response: log(bid) 
           Df  Sum Sq Mean Sq    F value    Pr(>F)     
log(est)    1 1047.42 1047.42 28322.6578 < 2.2e-16 *** 
prog        4    0.82    0.21     5.5500 0.0002228 *** 
region      4    0.69    0.17     4.6726 0.0010357 **  
month      10    0.88    0.09     2.3764 0.0093468 **  
proposal    6    1.37    0.23     6.1961 2.741e-06 *** 
Residuals 505   18.68    0.04                          
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 

 

> myCD <-cooks.distance(model2) 
> myCD <- round(myCD,5) 
> a = sum(myCD > 4/525) #n-k-1 = 531-5-1 = 525 
> data.CD <- cbind(data.1, myCD) 
> adjusted = data.CD[data.CD$myCD <= 4/525,] 
> nrow(adjusted) #507 
[1] 498 
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5-fold Cross Validation Results: 

 

 

5-folds Cross Validation Results – After removing outliers based on Cook’s Distance: 

 

 

 

 

 

 

 

 

 

 

Cross Validation Results – Using new Data: 

 

> N  = 531 
> K = 5 
> randseq <- sample(1:N, N); 
> groupindex <- floor(randseq%%K)+1; 
> groupindex <- randseq; 
> crossdata = cbind(data.1, groupindex); 
> crosspre <- numeric(N); 
>  
> for( g in 1:N){ 
+   fit <- lm(log(bid) ~ log(est) + program + region + proposal +  
month , data = crossdata[groupindex != g,]) 
+   crosspre[groupindex == g] = exp(predict(fit,newdata = crossdat
a[groupindex == g,])) 
+ } 
>  
> crossdelta<- (crosspre - crossdata$bid)/crossdata$bid 
> (sum(abs(crossdelta)<=0.10)/N)*100  
[1] 47.83427 
> (sum(abs(crossdelta)<=0.15)/N )*100 
[1] 66.10169 

 

> N  = 498 
> K = 5 
> randseq <- sample(1:N, N); 
> groupindex <- floor(randseq%%K)+1; 
> groupindex <- randseq; 
> crossdata = cbind(adjusted, groupindex); 
> crosspre <- numeric(N); 
>  
> for( g in 1:N){ 
+   fit <- lm(log(bid) ~ log(est) + prog + region + proposal +  mon
th , data = crossdata[groupindex != g,]) 
+   crosspre[groupindex == g] = exp(predict(fit,newdata = crossdata
[groupindex == g,])) 
+ } 
>  
> crossdelta<- (crosspre - crossdata$bid)/crossdata$bid 
> (sum(abs(crossdelta)<=0.10)/N)*100  
[1] 53.01205 
> (sum(abs(crossdelta)<=0.15)/N )*100 
[1] 71.28514 

 

> model2.adjusted <- lm(log(bid) ~ log(est) + prog + region + propo
sal +  month, data=adjusted) 
> NewObsevation = exp(predict.lm(model2.adjusted, newdata= train)) 
> nrow(train) 
[1] 48 
> original = train$bid 
> delta = (NewObsevation - original)/original 
> sum(abs(delta)<=0.1) 
[1] 22 
> (22/48)*100 
[1] 45.83333 
> sum(abs(delta)<=0.15) 
[1] 29 
> (29/48)*100 
[1] 60.41667 
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D.3 Additional Model 

Summary of Additional Model: 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

> model3 = lm(log(bid)~log(est)  + prog + region + month + proposal + vend
ors, data=info.1) 
> summary(model3) 
 
Call: 
lm(formula = log(bid) ~ log(est) + prog + region + month + proposal +  
    vendors, data = info.1) 
 
Residuals: 
    Min      1Q  Median      3Q     Max  
-0.7541 -0.0784  0.0000  0.0805  0.6560  
 
Coefficients: 
                         Estimate Std. Error t value Pr(>|t|)     
(Intercept)              0.538987   0.220270   2.447 0.014825 *   
log(est)                 0.968661   0.008537 113.464  < 2e-16 *** 
progLocal               -0.065550   0.064984  -1.009 0.313706     
progMajors              -0.051860   0.072534  -0.715 0.475024     
progSE Freeways         -0.063156   0.081964  -0.771 0.441426     
progSHR                  0.012139   0.063680   0.191 0.848919     
regionNE                 0.028617   0.036471   0.785 0.433110     
regionNW                 0.046858   0.036266   1.292 0.197055     
regionSE                 0.047520   0.039009   1.218 0.223844     
regionSW                 0.033156   0.034600   0.958 0.338488     
month02                 -0.071225   0.044454  -1.602 0.109874     
month03                  0.031513   0.045437   0.694 0.488360     
month04                 -0.005284   0.044231  -0.119 0.904959     
month05                  0.042714   0.041911   1.019 0.308723     
month06                  0.056545   0.049608   1.140 0.255016     
month07                  0.057552   0.045209   1.273 0.203729     
month08                  0.016974   0.047904   0.354 0.723269     
month09                  0.069221   0.060768   1.139 0.255320     
month11                  0.031233   0.049720   0.628 0.530233     
month12                 -0.009837   0.043921  -0.224 0.822887     
proposalBridge Painting -0.075083   0.119450  -0.629 0.529974     
proposalConcrete Paving  0.007204   0.061151   0.118 0.906274     
proposalGeneral          0.031193   0.040937   0.762 0.446518     
proposalGrading         -0.073838   0.057647  -1.281 0.200958     
proposalIncidental       0.097587   0.046051   2.119 0.034679 *   
proposalStructure       -0.018614   0.054289  -0.343 0.731871     
vendorsAD19              0.002714   0.251895   0.011 0.991408     
vendorsAM16             -0.174611   0.180982  -0.965 0.335214     
vendorsAO11             -0.387799   0.212438  -1.825 0.068653 .  
vendorsAPS000           -0.040914   0.205538  -0.199 0.842317     
vendorsAR15             -0.097900   0.201145  -0.487 0.626720     
vendorsBO07             -0.309778   0.252442  -1.227 0.220476     
vendorsCE30             -0.210728   0.196527  -1.072 0.284233     
vendorsCH13             -0.097890   0.190659  -0.513 0.607925     
vendorsCO33             -0.074423   0.187166  -0.398 0.691109     
vendorsCP02             -0.147487   0.249264  -0.592 0.554382     
vendorsCUL000           -0.035633   0.190689  -0.187 0.851858     
vendorsEA15             -0.022252   0.209021  -0.106 0.915271     
vendorsFA06             -0.180307   0.186729  -0.966 0.334807     
vendorsGA40             -0.197775   0.192378  -1.028 0.304527     
vendorsGCC006           -0.368735   0.274205  -1.345 0.179448     
vendorsGCI003            0.934158   0.257025   3.635 0.000314 *** 
vendorsGE33             -0.194295   0.199311  -0.975 0.330214     
vendorsGU10              0.253995   0.252724   1.005 0.315473     
vendorsHA05             -0.192424   0.200203  -0.961 0.337041     
vendorsHI07             -0.110798   0.190971  -0.580 0.562108     
vendorsHO10             -0.115003   0.191127  -0.602 0.547697     
vendorsHO23              0.431235   0.250679   1.720 0.086134 .   
vendorsHO58             -0.035763   0.252877  -0.141 0.887602     
vendorsHU30              0.017838   0.219171   0.081 0.935172     
vendorsICL002           -0.015237   0.206090  -0.074 0.941098     
vendorsIGA000           -0.051452   0.188183  -0.273 0.784671     
vendorsIN14             -0.270658   0.253997  -1.066 0.287230     
vendorsIV05             -0.317159   0.215023  -1.475 0.140977     
vendorsJA25             -0.070029   0.198037  -0.354 0.723806     
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vendorsKN31              0.248708   0.216201   1.150 0.250664     
vendorsKNA000           -0.008558   0.208950  -0.041 0.967350     
vendorsKR10             -0.023026   0.193885  -0.119 0.905524     
vendorsKR50             -0.201214   0.251675  -0.799 0.424462     
vendorsLA28             -0.090592   0.196271  -0.462 0.644637     
vendorsLA40             -0.118335   0.184317  -0.642 0.521215     
vendorsLU08              0.037864   0.186293   0.203 0.839040     
vendorsMA67             -0.092253   0.192478  -0.479 0.631985     
vendorsMA80             -0.132123   0.182700  -0.723 0.469987     
vendorsMA84             -0.134444   0.205931  -0.653 0.514209     
vendorsMC04             -0.308284   0.204845  -1.505 0.133101     
vendorsMC25             -0.224370   0.188123  -1.193 0.233681     
vendorsMCI008           -0.220168   0.248168  -0.887 0.375502     
vendorsME07             -0.387551   0.204691  -1.893 0.059012 .   
vendorsMI06             -0.079093   0.187083  -0.423 0.672682     
vendorsMI50             -0.033329   0.218585  -0.152 0.878884     
vendorsMO14             -0.064066   0.180308  -0.355 0.722534     
vendorsMU41             -0.240192   0.197438  -1.217 0.224475     
vendorsMU45             -0.021242   0.217141  -0.098 0.922117     
vendorsNJL000           -0.030063   0.253419  -0.119 0.905626     
vendorsNO14             -0.158843   0.181061  -0.877 0.380841     
vendorsNO40             -0.229155   0.194101  -1.181 0.238445     
vendorsNOC000           -0.179377   0.204879  -0.876 0.381798     
vendorsOA07             -0.163909   0.249309  -0.657 0.511258     
vendorsOU20             -0.207726   0.191775  -1.083 0.279365     
vendorsPA33             -0.230612   0.254691  -0.905 0.365751     
vendorsPA70             -0.113374   0.180032  -0.630 0.529210     
vendorsPCL001            0.320693   0.252060   1.272 0.203988     
vendorsPE01             -0.017340   0.214081  -0.081 0.935485     
vendorsPE23             -0.109822   0.200174  -0.549 0.583554     
vendorsPE40             -0.137943   0.184557  -0.747 0.455232     
vendorsPEC000           -0.233285   0.249845  -0.934 0.350996     
vendorsPH10             -0.018384   0.189661  -0.097 0.922828     
vendorsPI10              0.000373   0.192796   0.002 0.998457     
vendorsPR33             -0.135652   0.251107  -0.540 0.589341     
vendorsPT10             -0.149283   0.251291  -0.594 0.552797     
vendorsRA17             -0.037971   0.185812  -0.204 0.838179     
vendorsRCS002           -0.284953   0.204423  -1.394 0.164088     
vendorsRE28             -0.134551   0.203566  -0.661 0.509001     
vendorsREI001           -0.428694   0.195573  -2.192 0.028939 *   
vendorsRO42             -0.074223   0.186930  -0.397 0.691528     
vendorsSA04             -0.374592   0.243820  -1.536 0.125220     
vendorsSI02             -0.936752   0.249435  -3.756 0.000198 *** 
vendorsSN05             -0.124073   0.196849  -0.630 0.528850     
vendorsSO20             -0.178381   0.190412  -0.937 0.349402     
vendorsSP15              0.249630   0.249526   1.000 0.317695     
vendorsST11             -0.005324   0.192617  -0.028 0.977964     
vendorsSU42             -0.167616   0.219387  -0.764 0.445293     
vendorsTCO000           -0.278720   0.223325  -1.248 0.212723     
vendorsVI18             -0.073124   0.182588  -0.400 0.689006     
vendorsWCC005            0.031009   0.217442   0.143 0.886670     
vendorsWCI007            0.028560   0.264396   0.108 0.914033     
vendorsWO27             -0.254111   0.249711  -1.018 0.309456     
vendorsZE15              0.065703   0.182371   0.360 0.718831     
vendorsZI11             -0.067649   0.187571  -0.361 0.718540     
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
Residual standard error: 0.1711 on 412 degrees of freedom 
Multiple R-squared:  0.9885, Adjusted R-squared:  0.9855  
F-statistic: 325.8 on 109 and 412 DF,  p-value: < 2.2e-16 
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Anova of the additional model: 

 

 

 

 

 

 

 

 

 

> anova(model3) 
Analysis of Variance Table 
 
Response: log(bid) 
           Df  Sum Sq Mean Sq    F value    Pr(>F)     
log(est)    1 1029.57 1029.57 35182.9367 < 2.2e-16 *** 
prog        4    0.91    0.23     7.7622 4.880e-06 *** 
region      4    0.58    0.15     4.9643 0.0006438 *** 
month      10    0.78    0.08     2.6738 0.0035366 **  
proposal    6    1.30    0.22     7.4138 1.502e-07 *** 
vendors    84    5.94    0.07     2.4162 4.944e-09 *** 
Residuals 412   12.06    0.03                          
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
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D.4 Regression Tree 

5-fold cross validation: 

 

 

 

 

 

 

 

 

 

 

D.5 Forest 

5-fold cross validation: 

 

 

 

 

 

 

 

 

 

 

D.6 Mixed Effect Models 

5-fold cross validation: 

 

 

 

 

> N  = 531 
> K = 5 
> randseq <- sample(1:N, N); 
> groupindex <- floor(randseq%%K)+1; 
> groupindex <- randseq; 
> crossdata = cbind(data.1, groupindex); 
> crosspre <- numeric(N); 
>  
> for( g in 1:N){ 
+   fit <- ctree(log(bid) ~ log(est) + prog + region + proposal +  m
onth , data = crossdata[groupindex != g,]) 
+   crosspre[groupindex == g] = exp(predict(fit,newdata = crossdata[
groupindex == g,])) 
+ } 
>  
> crossdelta<- (crosspre - crossdata$bid)/crossdata$bid 
> (sum(abs(crossdelta)<=0.10)/N)*100  
[1] 39.73635 
> (sum(abs(crossdelta)<=0.15)/N )*100 
[1] 53.10734 

 

> N  = 531 
> K = 5 
> randseq <- sample(1:N, N); 
> groupindex <- floor(randseq%%K)+1; 
> groupindex <- randseq; 
> crossdata = cbind(data.1, groupindex); 
> crosspre <- numeric(N); 
>  
> for( g in 1:N){ 
+   fit <- cforest(log(bid) ~ log(est) + prog + region + proposal +  
month , data = crossdata[groupindex != g,]) 
+   crosspre[groupindex == g] = exp(predict(fit,newdata = crossdata[
groupindex == g,])) 
+ } 
>  
> crossdelta<- (crosspre - crossdata$bid)/crossdata$bid 
> (sum(abs(crossdelta)<=0.10)/N)*100  
[1] 41.24294 
> (sum(abs(crossdelta)<=0.15)/N )*100 
[1] 58.75706 

 

> N=531 
> MixedEffectModel = lmer(log(bid)~log(est) + (1|prog) + (1|proposal) 
+ (1|month) + (log(est)|region) , data=data.1) 
> predicted = exp(fitted(MixedEffectModel)) 
> original = data.1$bid 
> delta = (predicted - original)/original 
> (sum(abs(delta)<=0.1)/N)*100 
[1] 52.7307 
> (sum(abs(delta)<=0.15)/N)*100 
[1] 67.79661 
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