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Abstract: A neural network approach is proposed to estimate the costs and benefits associated with implementing Building Information Modelling (BIM) at firms. This includes specifying the BIM applications and the resources required for reaching a specific level of detail within the generated models, referred to as level of development (LOD). Such predictions are imperative to decision makers and can aid in the examination of the best strategies to execute when deciding on the adoption and implementation of BIM. The proposed neural network is customised to suit a firm’s investment plan when it comes to BIM implementation. Multi-label and multi-class classifications are adopted to derive the cost and benefit functions for BIM application and LOD implementation, respectively. Threshold functions to distinguish the positive and negative labels in multi-label classification are adopted. The proposed neural network is developed based on data collected from Australian and Chinese construction firms using a 7-point Likert type questionnaire. The proposed neural network provides decision-makers with a tool to assess which BIM/Non-BIM applications to implement, along with the LOD that is most suited to the organisation’s financial and technical ability. 
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Introduction
The application of Building information modelling (BIM) has witnessed significant growth in the Architecture, Engineering and Construction (AEC) industry over the past decade. This is attributed to its potential capabilities in increasing efficiency and minimising error (Eastman et al. 2011). Various applications of BIM in the AEC industry exist, including construction coordination (Singh et al. 2015) and sustainable planning and control (Akbarnezhad et al. 2014, Hammad et al. 2016). The importance of formulating the BIM adoption decision-making process is demonstrated in Chin et al. (2018) and Li (2018). 
[bookmark: _Hlk534364424][bookmark: _Hlk534364487]An assessment of the benefits associated with BIM implementation is presented by a number of studies in the literature. Barlish et al. (2012) measured BIM implementation benefits by comparing BIM and Non-BIM case studies. Bryde et al. (2013) classified project benefits associated with BIM implementation through conducting a comprehensive literature review. Ham et al. (2018) quantified the benefits of design errors prevention via using BIM. The BIM benefits matrix designed by Gerbov et al. (2018) was used to identify BIM implementation benefits, based on indicators related to BIM functionalities and BIM process characteristics. However, ex-ante evaluation of BIM implementation remains vaguely studied. Ex-ante evaluation is performed to forecast and evaluate the impact of future scenarios on decision making (Remenyi et al. 2012). Ex-ante evaluation has been frequently used in assessing Information Technology (IT) investment, including Enterprise Resource Planning (ERP) implementation (Stefanou 2001) and social programs (Todd et al. 2008). Ex-ante evaluation is an essential component in project preparation and initiation (i.e. objective definition) and project success evaluation (European Commission 2004). There is yet a lack of ex-ante evaluation of BIM implementations. The implementation strategy when it comes to adopting BIM is based on an assessment of the benefits and costs involved during and after the adoption. This typically requires deciding on the applications of BIM to adopt, and the level of detail to incorporate in each application of BIM via resource investment. Formally, LOD is defined as a specific level of development, used as a reference to enable AEC practitioners to specify and articulate the content (i.e. geometric information and structured data) and reliability of BIM at various stages in the design and construction process (American Institute of Architect 2013). Hence, the direct use of a survey without a predictive model, to determine the benefits and costs of BIM implementation, may not result in the most economic BIM applications and LOD to associate resources with, due to lack of a predictive mechanism. 
[bookmark: OLE_LINK1]Recent government strategies, for example Government Construction Strategy (2011), are encouraging a higher BIM implementation level for all firms. Previous studies found that a particular LOD and/or application may be required as part of a contractual agreement (Taqiadden et al. 2018). The organisation thus needs to be able to devote the development of required LOD with sufficient levels of resources to assist project management (NATSPEC 2013). The use of BIM is often associated with additional resource investment including training (Aibinu et al. 2013), hiring of BIM managers (Bui et al. 2018), and the ability to accommodate for drop back in productivity due to change from traditional delivery approach (Holzer 2015). In addition, it is important to note that the decision to adopt BIM is affected by many factors including the organisation’s characteristics (Cao et al. 2017) and technical features available to permit the organisation to deliver the required LOD (Son et al. 2015). Therefore, this study aims to provide decision makers an overview about the potential costs associated with different applications and LOD implementation.
[bookmark: _Hlk534362448]In order to present an approach representative of realistic cases, a limit is imposed on the total BIM and Non-BIM applications that can be adopted by an organisation that is reflective of budget constraints. The purpose of adding budget constraints is to emphasise that multiple cost-saving BIM applications could be implemented at the same time, each requiring its own resources. In addition, to ensure that realistic application selection is captured in the proposed predictive model, multi-label classification is employed in this study, to allow multiple applications to be applied for a given firm (i.e. allow for more than one label to be associated with an instance) (Pedregosa et al. 2011). On the other hand, only a single LOD can be implemented for each adopted application; this can be modelled as associating 1 label to a given instance in machine learning terminology, which is achieved via multi-class classification (Pedregosa et al. 2011).
The novelty of this study is a predictive method that estimates the Net Cost of implementing BIM applications at different LODs, which fills the gap in detecting the suitability of implementing BIM in an organisation. The Net Cost is the difference between Implementation Cost, which includes training costs, installation and maintenance costs and adaptation costs, and Implementation Benefits, which includes productivity and intangible improvements (Eq (1)). Since the Net Cost of BIM implementation involves intangible factors (i.e. productivity improvement), this study estimates Net Cost in a generic way.
		(1)
This study is organised as follows: a background section is presented on the categorisation of BIM implementation evaluation methods, along with the associated benefits and costs. Followed by a review of potential analysis methods. Data collection and case studies are then described. A case study is examined from each of the Chinese and Australian construction industry, to test the proposed cost function prediction made. Concluding remarks and future works are described at the end.
Background and Literature Review
Implementation Evaluation
[bookmark: _Hlk534363609][bookmark: _Hlk532219342][bookmark: _Hlk531964140][bookmark: _Hlk531964224][bookmark: _Hlk532219278][bookmark: _Hlk532196354][bookmark: _Hlk534365107][bookmark: _Hlk532220989]Evaluation is the process of “providing information designed to aid in decision-making about the object being evaluated” (Owen et al. 1999). Ex-ante evaluation is performed to forecast and evaluate the impact of future scenarios on decision making, whereas ex-post evaluation assesses the value of existing situations on the decisions that are to be made (Remenyi et al. 2012). Ex-post evaluation of BIM implementation has been studied by many researchers via the use of various metrics. In particular, ROI (Return on Investment) has been frequently adopted in reporting and quantifying BIM implementation (Giel et al. 2013, Bernstein et al. 2014, Stowe et al. 2015). Bernstein et al. (2014) reported that ROI is positively related to BIM engagement level, while Stowe et al. (2015) suggested that ROI depends on building types. The problem, however, is that ROI, when it comes to BIM adoption, varies significantly between projects. As an example, the three case studies with different levels of organisation size and project characteristic reported by Giel et al. (2013) on BIM implementation had a wide range of ROI values, ranging between 16% and 1654%. ROI is designed as a ratio of profit received as a result of BIM implementation over the implementation costs (Feibel 2003, Giel et al. 2013), but without the association with project characteristics, for example, project size and project type. Other metrics are deployed to quantify BIM implementation benefits, including number of Request for Information (Barlish et al. 2012), productivity gains in drafting and documentation (Sacks et al. 2005, Li et al. 2014), project time savings (Azhar 2011), and other project-based metrics (Ham et al. 2018). However, these project-based metrics is determined by project characteristics (i.e. project size), which would result a project customised evaluation tool, rather than an organisation customised tool. Cost-benefit analysis of BIM implementation has also been conducted by many researchers, for example, in precast construction (Kaner et al. 2008) and facility management (Love et al. 2013). However, it was found that lack of project data is the biggest challenge for conducting cost-benefit analysis (Lu et al. 2014). Love et al. (2013) suggested that information system methodologies (i.e. multi-criteria methods and value analysis) could be used to evaluate and justify the investment in BIM.
Categorising BIM Implementation Costs and Benefits
Attempts in the literature have been made on categorising the costs and benefits associated with implementing BIM. The categorisation is performed for different purposes, including performing cost-benefit analysis (Vaughan et al. 2013, Lu et al. 2014), and investigating impacts of BIM implementation (Sai Evuri et al. 2015). In addition, available literature has summarised BIM implementation costs and benefits for BIM users from different disciplines, including architecture (Deutsch 2011) and facility management (Teicholz 2013). However, it was found that lack of project data is the biggest challenge for conducting cost-benefit analysis (Lu et al. 2014). Some of the listed BIM implementation benefits and costs highlighted in these studies are regarded as intangible factors, which are difficult to accurately measure (Sai Evuri et al. (2015)).
Several efforts have been made in modelling BIM adoption decision-making, including BIM acceptance in Korean construction organisations (Lee et al. 2013) and BIM adoption in Chinese architectural firms (Ding et al. 2015). The BIM adoption model developed by Hong et al. (2018) estimated BIM adoption from a wider range of perspective, including BIM implementation benefits and challenges, operation risks, knowledge support, and staff’s capability in BIM operation. Therefore, this study adopted the same measurements and data collection method (7-point Likert type questionnaire) used in Hong et al. (2018) (Table 1). The measurements in Hong et al. (2018) were categorised for structural equation modelling analysis purpose. However, this study aims to estimate the Implementation Costs and Implementation Benefits of BIM; Hence, an extensive literature review is conducted to categorise measurements into Implementation Costs and Implementation Benefits. Through an extensive literature review along with a survey that was conducted, it is observed that that Implementation Benefits can be assessed using Productivity Improvements and Intangible Improvements as proxies. According to General Services Administration (2007), other proxies that can be adopted include unquantified cost savings and increased quality. Implementation Costs, on the other hand, can be measured via the following proxies: Training Costs, Installation and Maintenance Costs, and Adaptation Costs. Proxies are the individual measurable characteristics of the observed variables, and in the present study, they are referred to as the features of the collected data. Subsections 2.2.1 to 2.2.5 below describe the details of each proxy yielded from literature review.
Productivity Improvements
[bookmark: _Hlk532196386]The most frequently reported productivity improvements associated with BIM implementation include time reduction and monetary cost reduction, due to enhanced construction work productivity and reduced construction collisions (Cain 2003, Eastman et al. 2011). Azhar (2011) and Eastman et al. (2011) estimated the monetary saving of BIM implemented projects related to productivity improvements and collision reduction, which was around 3% - 5% of project costs. BIM usage enables project participants, especially contractors and clients, to access project information and detect collisions earlier (Sai Evuri et al. 2015). In addition, BIM usage improved project information management, as noted by Azhar (2011) due to improved data accuracy. As a result, this justifies the categorisation of MV1 to MV5 in Table 1 as proxies that measure Productivity Improvements.
Intangible Improvements
[bookmark: _Hlk532196404]Gledson et al. (2012) and Aibinu et al. (2013) suggested that the ultimate goal of BIM implementation is improving the collaboration of project participants. The most significant benefit of BIM utilization was thus found to be improved coordination of Mechanical, Electrical, and Plumbing system plans (Hanna et al. 2013). The associated intangible improvements also include streamlined external information flow between project stakeholders (Aranda-Mena et al. 2009, Lu et al. 2010), and improved external relationships with other project participants (Poirier et al. 2015). Given the findings in the literature, MV6 to MV8 in Table 1 are used as proxies to measure Intangible Improvements.
Training Costs
A commonly reported BIM adoption barrier is the lack of experienced technicians in BIM integration (Singh et al. 2015). Training staff from a novice level to an intermediate or more advanced level requires ongoing training investment and is one of the major investments of BIM users in the short-term (Hanna et al. 2013). Studies in technology adoption mention that technology complexity impact the rate of technology adoption (Rogers 2003, Ding et al. 2012). To account for the features in training technology usage, this study relies on MV9 to MV12 in Table 1 to estimate Training Costs.
Installation and Maintenance Costs
Installation and maintenance costs are reported as one of the major costs in BIM implementation, including license purchasing fees, costs of hardware and software upgrading, and ongoing maintenance fees (Allen Consulting Group 2010). In addition, the selection of BIM tools and technical support during BIM implementation are considered as essential components by Holzer (2015), Poirier et al. (2015). This is because BIM implementation relates to several subsequent matters including suitability and interoperability. To assess Installation and Maintenance Costs, MV13 to MV18 in Table 1 are used as proxies.
Adaptation Costs
Adaptation costs are considered as an indirect cost or loss of income in this study. These are costs that are frequently reported to occur at the very early stage of BIM implementation (Lu et al. 2012). The occurrence of adaptation costs can lead to a change of workflow, learning curves, and people’s psychological resistance (Zhou et al. 2012). As reported by Poirier et al. (2015), BIM adoption can lead to internal and external information flow changes. Meanwhile, people’s resistance to changing the existing workflow and staff’s limited BIM understanding both pose huge challenges to organisational BIM adoption progress and efficiency (Mutai 2009, Arayici et al. 2011). Given the adaptation barriers found by previous studies, this study assesses Adaptation Costs using MV19 to MV22 in Table 1 as proxies.
ANNs
Several tools are available to evaluate BIM implementation.(Walasek et al. 2017) used project-based measurement metrics (i.e. Return on Investment (ROI)) have been frequently used to quantify BIM implementation benefits. However, it was found that the lack of project data is one of the greatest challenges in performing cost-benefit analysis when it comes to BIM implementation (Yang et al. 2019). Meanwhile, recent researchers made many contributions to assess BIM capabilities in different construction phases, including facility management phase (Yilmaz et al. 2019). However, there is a dire need for predictive capabilities in order to estimate cost and benefits associated with the process. Neural Network (NN) presents an opportunity to achieve this. 
Artificial Neural Networks (ANNs), as a paradigm for parallel processing, are non-parametric estimators that can be used for regression and classification (Alpaydin 2014). The use of ANNs requires finding a set of connection strengths which allow the trained artificial network to predict unknown data accurately, based on a given set of input (Rumelhart et al. 1994). Within the field of construction, interesting applications of ANNs include construction productivity estimation (Portas et al. 1997), and conceptual cost estimation and predictions (Cheng et al. 2010). There are some other classification methods also serve the predictive function. For example, a decision tree is a predictive model which maps from observations about an item to conclusions about its target value (Tan 2015); however, decision tree has limits in classifying multiple output classes (Nisbet et al. 2018). Support Vector Machine (SVM) is a supervised learning algorithm that use decision boundaries to optimally separate data into different categories (Tong et al. 2013). However, SVM is initially designed for binary classification. Hence, SVM has limits in classifying multiclass non-linearly (Joachims 2008). As discussed earlier, this study intends to use both multiclass and multilabel classification. Therefore, neural network is selected the most appropriate method for this study. 
This section starts by giving an overview of ANNs and their main components, followed by a description of label ranking and multi-class classification used for Net Costs estimation. ANNs are information processing techniques that simulate the human brain and the nervous system; they are used to solve complex non-linear problems (Rumelhart et al. 1994, Boussabaine 1996). ANNs were initially used in text recognition (Hinton 1992), with its applications extending to cover the solving of classification problems (Alpaydin 2014). In solving classification problems, the value of output unit () obtained from a trained ANN is used to classify the instance’s label (). 
As discussed earlier, this study aims to provide decision makers an overview about the potential costs associated with different applications and LOD implementation. Hence, the proposed ANNs-based analysis predicts total net costs associated with implementing BIM applications, where benefits and costs associated with the implementation are also considered. In this study, the problem associated with BIM/Non-BIM application selection is solved via an ANN-based multi-label classification algorithm, since an organisation can implement multiple applications. On the other hand, the selection of LOD for each implemented BIM application is solved via a multi-class classification algorithm, as for each application implemented, only a single LOD (i.e. label) can be associated. In formal terms, multi-class classification assigns an instance with a single label from a set of disjoint labels L (with |L| > 2), while multi-label classification assigns an instance with a set of labels  (Tsoumakas et al. 2007, Trohidis et al. 2008). Although multi-label and multi-class classification have similar network structures (more than one output unit), the criteria in assigning a positive label to an output unit differs. This study uses label ranking to assign multiple labels to an instance in multi-label classification. The softmax function, which is an extension of the sigmoid function used as an activation function to introduce nonlinearity in ANNs, is adopted in multi-class classification to determine an instance’s label directly (Rumelhart et al. 1986). An overview of ANNs is given in Section 3.1. Details of multi-label and multi-class classification are presented in Section 3.2 and Section 3.3 of this paper, respectively. Table 2 summarises the notation, along with the associated descriptions and dimensions, which will be adopted in the remainder of the paper.
Overview 
The key elements comprising an ANN include the input layer, hidden layer(s), an output layer, units (or neurons), activation function, and weights (Boussabaine 1996, Alpaydin 2014). Fig. 1 presents a 3-layer ANN with 3 input units, 16 hidden units, and 8 output units, whose structure can be denoted as 3-16-8. The activation function defines how the neurons process the input value to produce the output value for the next layer (Rumelhart et al. 1994). This study adopts the tanh function as the activation function, due to its faster convergence in comparison to the sigmoid function (Molas et al. 1995). 
[bookmark: _Hlk532198845][bookmark: _Hlk534365860]For the ANNs proposed, input units are the proxies associated with each type of costs and benefits (i.e. training costs). The input variables are the proxies associated with each type of costs and benefits, as categorised in the section “Categorising BIM Implementation Costs and Benefits” and Table 1. Output units represent different potential BIM/Non-BIM applications or LOD in the multi-label and multi-class classification, respectively. In particular, Non-BIM applications refer to any other type of computer-aided tools except BIM, which can be 2D Computer Aided Design (CAD) and Geographic Information System (GIS). Since 5 types of Implementation Costs and Benefits are categorised in the previous section (i.e. productivity improvements and training costs), a total of 5 ANN structures for multi-label classification and multi-class classification, are constructed. Each ANN would yield a prediction with regards to the probability of adopting a certain application and LOD. Each ANN is tailored to estimate one type of costs and/or benefits for each application and LOD. An aggregated ANN can only provide an aggregated cost for each application and LOD, rather than a breakdown costs.
Weights in the first and second layers (and ) are selected initially from small random values and are updated during the backpropagation procedure. Backpropagation carries the error from the output units back to the input unit ; this minimises the total errors in the ANN (Rumelhart et al. 1986). This study adopts the cross-entropy loss function, which is frequently used to measure the performance of a classification model, given its better performance in backpropagation for the trained ANNs. The value of cross-entropy loss increases as the predicted probability diverges from the actual label (Jain et al. 2018). 
Label Ranking
Multi-label classification is adopted to predict the application(s) that the organisation (the instance) may implement, based on the organisation’s associated Implementation Costs and Benefits resulting from BIM adoption. Previous studies in the field of machine learning attempted to solve multi-label classification through algorithm adaptation and problem transformation. Algorithm adaptation involves the use of other machine learning algorithms, i.e. kernel learning (Elisseeff et al. 2002) and decision trees (Clare et al. 2001) that are adapted to solve the multi-label classification problem. Problem transformation involves transforming a multi-label classification task into one or more single-label classifications, such as binary relevance (Boutell et al. 2004), label power-set (Tsoumakas et al. 2011), and label ranking (Zhang et al. 2014). This study transforms the multi-label classification tasks into label ranking, because of the associated advantages in improving the network’s training efficiency (Zhang et al. 2014). Label ranking involves the mapping of instances to a total order over a finite set of predefined labels (Vembu et al. 2011). In this study, for every instance, label ranking ranks the predicted value of each label obtained from ANNs. 
Previous studies developed different types of algorithms in label ranking, including inserting an artificial calibration label (Fürnkranz et al. 2008), ranking labels based on the decreasing confidence scores (Schapire et al. 2000), and using a linear model to minimise the ranking loss and maximise margin simultaneously (Elisseeff et al. 2002). The linear model approach, designed by Elisseeff et al. (2002), originally solves multi-label classification in support vector machine problems, was later adapted by other researchers (i.e. Zhang et al. (2006)) in ANNs to produce highly accurate predictions. This study adopts the linear model approach to differentiate positive and negative labels in ANNs, due to its ability to minimise misclassification, thus resulting in more accurate predictions (Zhang et al. 2014). The linear model approach assumes that there is a linear model, as expressed in Eq. (2), which can be used as a threshold function: 
 					(2)
where  is the I-dimensional vector whose ith component corresponds to the actual output of the trained network on ith class.  and  denote the weight vector and the bias respectively.
The parameters in , and  , are described through Eq. (3). For each multi-label training instance , the threshold value  is defined as:
		(3)
By feeding  multi-label training instances into Eq. (3) , the value of weight vector  and bias  can be learnt through solving a matrix equation , where  is a  dimensional matrix whose ith row is , and t is a -dimensional vector  (Zhang et al. 2006). After computing  and , the linear threshold function (Eq. (2)) can be used to find an instance’s labels from all sets of labels, comprised of BIM and Non-BIM applications in this study. 
To evaluate the accuracy of multi-label classification, hamming loss was used to assess the frequency of misclassified instance-label pairs (Elisseeff et al. 2002). The value of hamming loss ranges between 0 and 1; the smaller the value of the hamming loss, the better the performance of the multi-label classifier. Fig. 2 summarises the process of performing multi-label classification. 
Multi-Class Classification
[bookmark: _Hlk532199214]As opposed to multi-label classification, multi-class classification only assigns an instance to one class out of the multiple classes (Wu et al. 2004). In reality, only one LOD would be implemented at once for each application. This study uses the softmax function to find an instance’s class from all five classes (i.e. LOD 200, LOD 300, LOD 350, LOD 400). The role of the softmax function in multi-class classification is similar to the role of the linear threshold function (Eq. (4)) in multi-label classification. The class with the maximum value of  would be recognised as the class associated with the instance () (Alpaydin 2014). Fig. 2 summarises the process of performing multi-class classification. 
Case Studies
In this section, ANNs will be developed in order to predict an organisation’s selection of BIM/Non-BIM applications and associated LOD for BIM applications. As presented in Fig. 1, the output units contain the binary information representing the applications to be implemented by the considered organisation. Within the multi-label and multi-class classification analysis conducted, the Non-BIM users were represented as intending to implement Non-BIM specific applications. 
[bookmark: _Hlk534624303]This study selected two case study from China and Australia, given their similiarity in BIM adoption pace, as compared with other countries. Earlier released market reports found that the amount of Chinese (14%) and Australian (22%) contractors that reported negative ROI, as assessed on the investment made on implementing BIM, is almost the similar (Bernstein et al. 2014, Bernstein et al. 2015). Meanwhile, the governments’ awareness of BIM implementation are at the same pace, since Standards Australia (2017) and  Chinese Ministry of Housing and Rural Urban Development (2017) released the standards for IFC data sharing at the same time. 
This section is organised as follow: Section 4.1 describes data collection and preparation process, following that two key assumptions in deriving the generic Implementation Costs and Benefits of BIM are made. Section 4.2 explained how case studies are selected, and then case study results are presented in section 4.3 and 4.4. 
Data Collection and Preparation
[bookmark: _Hlk534365501]As highlighted in Section 2.2, data used to train the ANN was collected through a 7-point Likert type questionnaire, adopted previously in Hong et al. (2018). This study choose 7-point Likert type to provide research participants a wider option, in particular in semantic differential; meanwhile, there is no standard for the number of points on rating scales, and common practice varies widely (Krosnick et al. 2010). The collected scores of the 7-point Likert type were the source of ANNs input. Not only BIM users (organisations that are using BIM) are investigated, but also Non-BIM users (organisations that are not using BIM) are included in the survey. Survey participants were asked to find a single number that best characterise their experiences (by BIM users) or expectations (by potential BIM users) about BIM implementation (from 1 = strongly disagree to 7 = strongly agree). The source of ANNs output was also collected through the questionnaire, where respondents were required to tick the applications that their organisations have been implementing or to be implemented. The collected benefits and costs are used as proxies to proximate the Net Costs the company may invest on the implemented applications, as well as unimplemented applications. 
As described in Table 2 and Fig 2,  is the actual application(s) or LOD obtained through questionnaire, and  is the predicted (unknown) application(s) or predicted LOD.  is the predicted value obtained from ANNs;  and  are the threshold values of application selection and LOD selection, respectively. If, the application or LOD is predicted to be implemented (); if , the application or LOD is predicted not to be implemented (). The differences between  and  represent the prediction accuracy.
[bookmark: _Hlk532206342]The following criteria relating to the involved participants were ensured: 1) they must have at least 5 years of work experience in the construction industry; 2) they must have some basic BIM knowledge; 3) they have to have been employed by a Chinese or Australian construction organisation. Table 3 summarises the demographical information of the survey respondents and explains the categorising standards of organisation’s size in different countries. A total of 401 research participants were involved in this survey, where 98 are from Australia and 303 are from China. During the survey, each construction organisation was investigated via a research participant (i.e. filling of one survey). Most respondents are small and medium-sized contractors with residential and infrastructure construction backgrounds. The inclusion of business type, project type, and organisation’s size do not improve the prediction accuracy of ANNs as revealed in computational tests conducted. Hence these categorical information were not included as input variables in our proposed ANNs.
The data preparation and ANN tuning process used in this paper is in line with that proposed by Alpaydin (2014) and Ng (2017). Fig. 3 summarises the data preparation and ANN tuning processes. Before feeding data into the ANNs, the dataset was separated into 3 sets (train, validation, and test sets). Both the Australian and Chinese datasets were separated based on a ratio of 6:2:2 respectively. Computation experiments indicated that the ANNs are sensitive to the 7-point Likert type used in the survey; as a result, the data input was scaled within the range (-3, 3). Train and validation sets were standardised through subtracting their sample mean and dividing by their sample standard deviation. It should be noted that test set is not standardised yet; it will be standardised based on the sample mean and sample standard deviation of train and validation sets. 
Tuning the ANN size is extremely important in building a well-performing network, since an inappropriate network size could lead to overfitting (a complex network) and under-fitting (a simple network) (Alpaydin 2014). This study used a constructive approach that start with a small network and gradually add units to improve performance is employed in selecting the best generalised ANN. The ANNs is coded in Python, on a personal computer operating on Windows 7, with 16GB RAM. The processing time for a single run to reach an optimal ANNs is 15 mins on average.
Table 4 presents an example of the ANNs tuning process, which looks at the Installation and Maintenance Costs in multi-label (‘Application Selection’) and multi-class classification (‘LOD Selection’). The bolded network structure was identified as the optimal network, because of its lowest validation loss. Meanwhile, a threshold value for hamming loss of less than 0.35 and a test accuracy of greater than 0.65 is set during the ANNs tuning, in order to ensure the prediction accuracy of the ANNs. By feeding  as input into the threshold function, Eq. (2), the threshold value  is used to tell which applications are most likely to be implemented by the organisation. Table 5 summarises the weight vectors and biases of threshold functions in application selection.
[bookmark: _Hlk532201112]Case study selection
As clarified in the above section, the whole dataset was separated into train set, validation set, and test set. Since train set and validation set were used to train and tune ANNs, this study chose two case studies from the test set which have not been trained to fit the ANNs proposed. Since the whole dataset comprises of information from the Chinese and Australian construction industries, one case study is chosen from each constrution industry. Case 1 is a medium-sized commercial construction organisation in China, while Case 2 is a medium-sized residential construction organisation in Australia. The selected case studies are fitted into the optimal ANNs, along with the rest of the test set. ANNs predictions on the selected case studies are displayed in Section 4.3 and 4.4. In addition, the ANNs predictions on the rest of test set are also presented in the following sections, to compare the selected case studies with other companies. The ANNs were trained on an extensive range of data, any other case studies from the train set can still be chosen as a demonstration to highlight the predictions made by the trained ANNs.
Assumptions and Conditions
Several assumptions are made in order to convert the predicted values of ANNs into the generic Implementation Costs and Benefits of BIM implementation. The estimated generic costs and benefits are used to compare which application/LOD is more suitable to the firm’s financial and technical capability, rather than a representation of actual saving/cost. As discussed in Section 3.3, the ANNs output () is viewed as posterior probabilities. Therefore, a higher-valued output refers to the higher probability that the application/LOD will be implemented by the organisation. As summarised in Table 3, over 60% of participants (organisations) have less than two years experiences in using BIM. In addition, this study aims to provide decision makers an overview about the potential costs associated with BIM implementation. Hence, the focused prediction time period in this study is the decision-making moment and its following short term (within two years). The assumptions are listed as follows:
Assumption 1: The lower the costs (the higher the improvements) associated with BIM implementation, the higher the possibility that the organisation will implement a particular BIM application/LOD. 
For Training Costs, Installation and Maintenance Costs, Intangible Improvements, and Productivity Improvements, a higher ranked answer suggests less difficulty in implementing BIM. For example, a respondent will experience less investment in Training Costs during BIM implementation, if “7 (strongly agree)” is selected when assessing “importing BIM files from another resource does not require much effort and time (MV10)” (Refer to Table 1). However, a higher ranked answer in Adaptation Costs indicates that the organisation invested more in BIM adoption than others. For example, a respondent will experience higher Adaptation Costs during BIM implementation, if “7 (strongly agree)” is selected in “using BIM would result temporary efficiency reduction (MV22)”.
Assumption 2: Unit of costs () and ) is related to the difference between the predicted output  and the threshold value , as well as the average value of scaled input .
As explained in Fig. 2, in multi-label classification, an instance would be assigned with a positive label if the predicted output  is higher than the threshold value . Therefore, if an application is predicted to be implemented by an organisation,  is obtained. Although the ANNs output  indicates the probability of an organisation to implement an application/LOD,  cannot be used to estimate BIM adoption costs directly. Therefore, this study includes the average value of scaled inputs  to determine whether the organisation finds it more/less challenging to adopt BIM, investment wise. This is possible to do because the scaled input used in the ANNs follows a normal distribution (N (0,1)); a positive average value of scaled input indicates that the selected organisation experienced more challenges in terms of Adaptation Costs compared to other industrial counterparts. Consequently, more costs would occur. However, an organisation will experience more investments in other types of costs (i.e. Training Costs), if the scaled input is negative. 
Training Costs, Installation and Maintenance Costs, Intangible Improvements, and Productivity Improvements associated with application implementation ()) and LOD implementation () are be expressed as follows, Eq. (4) and Eq. (5), where a constant 10 is multiplied to reduce the number of decimals and make the calculation easier:

				(4)

			(5)
Adaptation Costs associated with applications implementation ()) and LOD implementation ) are expressed as follows, Eq. (6) and Eq. (7):

				    (6)

			    (7)
Scale of change
[bookmark: _Hlk532203157]To maintain the brevity of the discussion, the sensitivity analysis is conducted on the Training Cost only. The same analysis can be applied for other cost. A sensitivity analysis is performed on Training Costs in the following section, in order to detect whether input variances would affect application selection and LOD selection. In the sensitivity analysis, the scale of changes for the key variables is determined by the source of change (Iloiu et al. 2009). As discussed earlier, data used in this study was collected via a 7-point Likert type questionnaire; therefore, any input is expected to fall in the range of [1,7]. The scale of change (β) could be estimated as follows: , where  is the value of variable in the base case and  is the value of the variable in the sensitivity test. Appendix 1 and Appendix 2 presents the inputs of Case 1 and Case 2, respectively. Case 1 provided answers about Training Costs between 5 and 6, and the ones in Case 2 are between 2 and 4. 
In order to cover all possible values (from 1 to 7) during the sensitivity analysis, the maximum scale of change (βmax) is chosen to be 50%. A smaller β used in sensitivity analysis produces less effect to application selection and LOD selection (Jovanović 1999). Therefore, a smaller β (30%) is also used in sensitivity analysis. The sensitivity analysis is only conducted on a single variable to maintain the brevity of the discussion. Therefore, the single variable sensitivity analysis performed in this study varies organisation’s expectations of Training Costs between 30% and 50%. 
Case Study 1 
Case 1 is a Grade 2 commercial construction organisation in China that has been using BIM for 1 – 2 years, with an average of 30% of projects delivered using BIM. Appendix 1 summarises the responses of Case 1 to the measurements in questionnaire. The implemented BIM applications for Case 1 include 3D Visualisation, Environmental Analysis, and Cost Estimation and Cost Control. The organisation has also considered implementing Lifecycle Maintenance and Quantity Take-off, but these applications have not yet been implemented. BIM implementation level in Case 1 is LOD 400 for all applications. The prediction of ANNs and the estimation of BIM implementation outcomes based on Assumptions 1-2 are presented in the following subsections. 
ANNs prediction
Based on the previously listed assumptions and functions, Table 6 summarises applications’ implementation benefits and costs. According to the estimation in Table 6, implementing 3D Visualisation results in the most Productivity Improvements (1.01); in addition, the implementation of Environmental Analysis results in the greatest Intangible Improvements (-1.55). However, the Adaptation Costs (0.28) associated with the implementation of Environmental Analysis also ranks at the top. In terms of Net Costs, 3D Visualisation (-0.67) is identified as the least expensive application; while the most expensive application is Lifecycle Maintenance (6.11). 
To understand whether the Net Costs of BIM/Non-BIM applications reported by Case 1 are over-budget compared to other local organisations, Fig. 4 presents the Net Costs of BIM applications implementation costs reported by survey respondents from Chinese construction organisations; these are obtained from feeding survey respondents information into the developed ANNs. According to Fig. 4, the Net Costs associated with implementing 3D Visualisation, Environmental Analysis, and Cost Estimation and Cost Control are lower than the industrial median level. According to the results, Case 1 does not invest too much in BIM implementation compared to other Chinese contractors. The expected costs for Case 1 when implementing other applications that have previously not been implemented are lower than the industrial median level. Hence, Case 1 holds quite ‘positive’ attitudes regarding implementation costs involved with the applications.
Benefits and costs associated with LOD implementation are summarised in Table 7. Non-BIM implementation is the most economic choice, in terms of Productivity Improvements (-0.30) and Intangible Improvements (-0.12), followed by LOD 200. Moreover, Non-BIM implementation also indicate significant savings in implementation costs, especially Installation and Maintenance Costs (-1.17). In terms of Net Costs, Non-BIM (-0.70) is also recognised as the least expensive choice to implement, since the Net Costs of Non-BIM implementation is negative which indicates that benefits outweigh costs. However, LOD 400 that has been implemented by Case 1 is listed as the most expensive LOD in Net Costs. 
The Net Costs for implementing BIM at different LOD reported by survey respondents from Chinese construction organisations are presented in Fig. 5. Compared with other Chinese contractors, Case 1 reports less investments in implementing BIM at any LOD, except LOD 400. The Net Costs that Case 1 has invested in implementing BIM at LOD 400 are equivalent to the industrial median level. Therefore, the investment that Case 1 spent on developing BIM models is consistent with other Chinese industrial counterparts. 
Sensitivity Analysis
As highlighted in Section 4.2.1, a sensitivity analysis is performed on Training Costs through varying the input values () by a given percentage. Table 8 summarises the results of the sensitivity analysis on the application selection in Case 1. Predicted applications are marked in bold in Table 8. Except for Quantity Take-off, the predicted values of other applications are considerably lower than the threshold value (-0.60). Therefore, according to Case 1’s feedbacks regarding Training Costs, Case 1 is predicted to implement Quantity Take-off. According to Table 8, the predicted applicable applications would not change much when the training costs increase by 30% and 50%. But when the input decreases by 30% and 50%, Procurement Management becomes applicable to Case 1. In estimating Training Costs, the higher input refers to an easier learning process when it comes to implementing the BIM tools. The lower input refers to the need for more investment that the organisation is likely to spend in learning and implementing the BIM tools. 
The effects of a sensitivity analysis on LOD selection in Case 1 are summarised in Table 9. With regards to Training Costs, Case 1 is most likely to implement BIM at LOD 400, which is consistent with its existing implementation level. Similar as in the application selection analysis, sensitivity analysis is also performed in predicting LOD selection (Table 9). As presented in Table 9, the change in Training Costs input does not have any impact on LOD selection. Therefore, LOD selection in Case 1 is not sensitive to Training Costs. 
Case Study 2 
Case 2 is a medium-sized residential construction organisation in Australia that has been implementing BIM for 1 – 2 years, with an average of 15% of projects delivered using BIM. Appendix 2 summarises the responses of Case 2 to the measurements in questionnaire. Case 2 has only indicated intentions to implement 3D Visualisation. BIM implementation level in Case 2 is at LOD 400. This section follows the same analysis as that conducted for Case 1, where it first starts with the prediction of the ANNs to estimate BIM implementation outcomes, followed by a sensitivity analysis on Training Costs.
ANNs prediction
By applying the previously proposed assumptions and functions, Table 10 summarises all types of costs and benefits for implementing BIM applications in Case 2. According to Table 10, implementing Lifecycle Maintenance would maximise BIM implementation benefits (Productivity Improvements (1.27) and Intangible Improvements (0.79)). Implementing Environmental Analysis has the minimum enhancement in benefits; however, the costs associated with the implementation of Environmental Analysis are also the least (Training Costs (0.60), Installation and Maintenance Costs (-14.07), and Adaptation Costs (0.01)). To sum up the costs and benefits, it is found that 3D Visualisation is ranked as one of the most expensive BIM applications, in terms of Net Costs (-9.14). Although the implementation of 3D Visualisation involves more Net Costs than other applications, BIM implementation is still beneficial to Case 2, since the Net Costs are negative. 
To understand whether the BIM implementation Net Costs in Case 2 are higher than the average level across the Australian sector, this study compares the respondents’ feedback from Australian construction industry (Fig. 6) and Case 2’s expectations (Table 10). According to Fig. 6, Case 2’s expected investments in implementing BIM/Non-BIM applications are considerably lower than the median level, which is similar to Case 1. Therefore, Case 2 may have underestimated the BIM applications’ implementation costs, when compared against other Australian organisations.
Benefits and costs associated with BIM implementation at different LODs are summarised in Table 11. According to Table 11, implementing BIM at LOD 200 would lead to the least enhancements in Productivity Improvements (-0.35) and Intangible Improvements (-0.24). In terms of Training Costs, Installation and Maintenance Costs and Adaptation Costs, LOD 400 appears to be the most expensive LOD to implement (0.00 & 0.00 & 0.03). Similarly, in terms of Net Costs, LOD 400 (0.15) is found to be the most expensive option, while LOD 200 and LOD 300 are the least expensive ones.
Fig. 7 presents the Australian organisations expected Net Costs for implementing BIM at different LOD. Compared to other Australian contractors, Case 2’s expectations of Net Costs for implementing BIM at different LOD are lower than the industrial median level. 
Sensitivity Analysis
As highlighted earlier, a sensitivity analysis is performed on Training Costs through varying the input values () within a moderate percentage (i.e. 30% and 50%). Table 12 summarises the sensitivity analysis and its impact on application selection in Case 2; predicted applications are marked in bold. Case 2 is predicted to implement Lifecycle Maintenance and Procurement Management, when input values of Training Costs measurements decrease by 30% and 50%. However, more applications (i.e. Clash Detection) are suggested to be implemented if input values of Training Costs measurements decrease by 50%. 
Table 13 summarises the effects of sensitivity analysis on LOD selection in Case 2. LOD 400 indicates the highest probability to be implemented by Case 2, no matter how input values of Training Costs change. Similar to Case 1, LOD selection is not sensitive to the change of organisation’s investment plan in BIM training.
Discussion
Two case studies from different regions were selected to test the performance of the trained ANNs. Case Study 1 underestimates the Net Costs of BIM/Non-BIM applications; at the same time, it underestimates the Net Costs associated with implementing BIM at any LOD. In addition, the sensitivity analysis results of Case 1 suggested that the organisation’s investment plan in BIM training has no impact on BIM LOD selection. The sensitivity analysis performed on Case 2 from Australia indicated similar findings to that of Case 1, although Case 2 was an Australian company. Even though the BIM training articulates the BIM implementation process (Smith 2014), determining the LOD when implementing BIM requires high-cumulated experience, according to the American case studies in  (Alshorafa et al. 2019). The results from either Case 1 or Case 2 suggested that BIM doesn’t need to be implemented to the highest level of development, from the organisation’s benefit viewpoint. The most recent report from NBS (2019) indicated that the UK construction industry doesn’t have a clear vision about Level 3 BIM yet. 
Case 2 implemented 3D Visualisation only, but with few benefits. Organisations from many regions, including Canada emphasised the importance of visualisation in BIM implementation (University of Toronto, 2019). 3D Visualisation is recognised as a simple early stage BIM application (Cheung et al. 2012). To maximise the benefit of BIM implementation, more information needs to be integrated into the computational process throughout the lifecycle (Olawumi et al. 2018). Higher BIM benefits were indicated in Case 1, since it included BIM in either design stage or construction stage by implementing cost estimation and environmental analysis. Table 14 summarises the above results and discussion. 
Conclusion
An ex-ante evaluation method was proposed in this study to aid construction organisations in estimating the implementation costs and benefits of BIM applications and LOD selection. Collected data was first trained using ANNs with a minimum 65% prediction accuracy level. Multi-label classification was used in predicting which BIM/Non-BIM application(s) were likely to be adopted by the organisation. The learning task of multi-label classification was solved through inserting a calibrate threshold function. Meanwhile, multi-class classification was used to predict the LOD that was likely to be associated with each implemented BIM application. The results of this study indicate that 3D Visualisation remains an essential application in BIM, in particular for early adopters. As the organisation gets more familiarised and experienced with BIM, integrating more information into the BIM model and implementing BIM throughout the lifecycle can maximise the organisation’s benefits. However, it is not suggested to leap to the most informatics and data-richness level, since either the industry or the government is not clear about the vision yet. 
[bookmark: _Hlk532227196][bookmark: _Hlk532222929]Previous studies in the literature have developed ROI and other project-based indices to assess the profitability of BIM implementation. The method proposed in this paper provides a customised predictive tool that enables organisations to understand the BIM implementation investment, based on the associated benefits and costs that are likely to be experienced. Given the high expenses associated with BIM implementation, the proposed method is expected to help decision makers understand which BIM/Non-BIM applications and which associated LOD are most suited to the firm’s financial and technical ability. Previous studies focusing on a cost-benefit analysis approach for examining BIM implementation lack sufficient access to relevant project-specific data streams. The proposed method in this study, however, has less reliance on project data availability once the ANNs are developed as the ANNs would be trained to emulate the decision making process that a human would undertake when arriving at a decision. Consequently, the proposed method is a more practical approach to adopt. To make practical use of the proposed method, it is necessary to conduct a survey within the organisation by using the same questions listed in appendix. The survey responses from the organisation can be fed into the developed ANNs to predict the implementation Net Costs of BIM applications and LOD.
[bookmark: _Hlk531957935][bookmark: _Hlk532223127]A number of limitations arise in the proposed study. More factors can be modelled in the ex-ante evaluation, including the market demand for applications and other business characteristics (i.e. organisation’s type and project type). In addition, the classification accuracy of the proposed ANNs can be improved in the future through feature selection and evaluation, since the proposed ANNs do not assess the influence of true implementation costs and benefits on the selection of applications and LOD. These are all limitations that will be examined by the authors in their future work. 
Data Availability Statement
[bookmark: _Hlk532225124]Data generated or analysed during the study are available from the corresponding author by request.
Appendix
Appendix 1 – Case 1’s responses to questionnaire
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