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Abstract 
The reuse of load-bearing building components has the potential to promote the circular economy in 

the building sector. One recent aspect of the efforts to improve reuse rates in buildings is estimating 

the reusability of the structural elements. This study develops a probabilistic predictive model using 

advanced supervised machine learning methods to evaluate the economic reusability of the load-

bearing building elements. The results of sensitivity analysis and visualization techniques used in this 

study reveal that the most important economic factor is the need to purchase reused elements early 

in a project, which could have cash flow implications. The other most important factors are the 

potential financial risks, the procurement process, and the labour cost. This study unveils that the 

relationship between variables is not linear, and none of the identified factors could alone determine 

if an element is reusable or not. This study concludes that the complex interdependencies of factors 

affecting reuse cause a high level of uncertainty about the feasibility of reusing the load-bearing 

building structural components from an economic aspect. Nonetheless, this paper reveals that by 

using the probability theory foundations and combining it with advanced supervised machine learning 

methods, it is possible to develop tools that could reliably estimate the economic reusability of these 

elements based on affecting variables. Therefore, the authors suggest utilizing the approach 

developed in this research to promote the circularity of materials in different subsectors of the 

construction industry.  

Keywords 
Economic reusability; Building structure; Supervised machine learning; Random forest; K-Nearest 

Neighbors; Gaussian process regression 

1. Introduction 
The construction industry plays a vital role in the economic growth of countries worldwide. The global 

value of construction activities in 2017 was around $10.8 trillion and is expected to reach $12.9 trillion 

by 2022 (Barbosa et al., 2017; Building Design + Construction, 2018). In the UK in 2014, the 

construction activities (commercial and social, residential, and infrastructure subsectors) accounted 

for $130 billion, equal to 6.5% of the total GDP (Government Construction Strategy: 2016-2020, 2016). 

The results of such a contribution to the global GDP have been the continuous mass consumption of 

natural resources, a considerable increase in greenhouse gas emissions (GHG), and the production of 

the highest amount of waste in the world (Defra, 2019; World Economic Forum, 2016). 

In the light of the Paris Agreement and to maintain the global temperature increase well below two 

degrees Centigrade, the need to decreasing the amount of CO2 and other GHGs has become inevitable 

in all sectors (UN, 2015). According to International Finance Corporation (2016), 101 of the signatories 

of the Paris Agreement highlighted that waste is a crucial sector for fulfilling the targets set by the 

agreement. Moreover, 66 of the countries in the Paris Agreement confirmed that buildings are 

another crucial sector for achieving the targets of sustainable development. Therefore, acknowledging 

the share of the construction industry in the global GDP, raw materials and energy consumption, and 

GHG production, the building sector has a considerable potential to fulfil the Paris Agreement targets 

by improving its overall sustainability footprint.  

During the last two decades, various regulatory authorities have tried to improve material efficiency 

in all economic sectors by developing waste hierarchies (Figure 1) and prioritizing actions like 

prevention and reuse (European Union, 2008). However, most of the efforts in the building sector are 

focused on increasing the circularity of materials through recycling the by-products of the construction 

and demolition activities, rather than reusing them (Defra, 2019). While recycling the construction and 
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demolition waste (CDW) can partially fulfil the targets set by the Paris Agreement, the processes 

involved are highly energy-intensive and, as a result, produce considerable amounts of GHGs (Addis, 

2006; WRAP, 2008). On the other hand, reusing the building structural elements decreases the 

amount of CDW drastically while at the same time has considerably lower negative environmental 

impacts when compared with recycling (Geyer et al., 2002; Gorgolewski et al., 2008). 

 

Figure 1 The waste hierarchy 

The reuse of load-bearing building components at the end-of-life of existing buildings and the factors 

affecting its uptake in new constructions has been the focus of research for several years (Rakhshan 

et al., 2020). In recent years, researchers have started to focus on assessing the reusability of the load-

bearing building components as a means to promote reuse (Cavalli et al., 2016; Fujita and Kuki, 2016; 

Yeung et al., 2015). Cavalli et al. (2016) developed a linear regression model using the results of non-

destructive testing (NDT) to predict the mechanical properties of in-use and recovered timber 

sections. Fujita and Kuki (2016) used NDT to determine the mechanical properties of reused structural 

elements. Yeung et al. (2015) developed an automated object recognition algorithm to characterise 

the geometry of recovered structural steel sections for reuse. However, the above studies are limited 

to the mechanical and dimensional properties of the components and ignore other aspects like social 

and economic feasibility of reuse. Therefore, due to the continuous decrease in reuse rates of the 

superstructure of the existing buildings (Sansom and Avery, 2014), it is evident that more robust 

interdisciplinary researches are required in this field. 

Since reuse of the load-bearing structural components can promote the circularity of materials in the 

building sector, the economic feasibility of this end-of-life treatment has been continuously the focus 

of research. In fact, according to Rakhshan et al. (2020), economic factors have a significant impact on 

the uptake of reuse in the building sector, and actions to overcome these barriers should be 

prioritised. 

In a systematic literature review performed by Rakhshan et al. (2020) focused on identifying factors 

affecting the reuse of load-bearing building components, the authors reviewed 76 peer-reviewed 
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journal articles and identified thirty-two economic barriers to reuse. They then categorised these 

barriers under Cost, Market, and Value for money sub-themes. 

According to Rakhshan et al. (2020), ‘Cost’ is the most significant sub-theme of the economic barriers 

to reuse in the literature. While deconstruction enhances the reusability of the structural elements of 

a building, this process increases the time required for the removal of an existing building, and 

eventually, increases the overall cost of the project, which acts as an economic barrier (Dantata et al., 

2005; Rose and Stegemann, 2018). Likewise, according to the literature, reuse of the load-bearing 

building components is associated with the increased cost of labour, storage, transportation, testing, 

treatment, design, fabrication, etc. All the above could eventually increase the overall expenses of a 

project with recovered structural elements and make reuse economically unattractive (Rakhshan et 

al., 2020). 

Another economic barrier frequently reported in the literature is the lack of an established market for 

reused structural elements (Rakhshan et al., 2020). According to the literature, this barrier is 

associated with uncertainty in a consistent supply of materials and the increased time for finding the 

elements with the desired characteristics (dimension, quality, etc.), which eventually increases the 

overall cost of the project (Bedford et al., 2014; Tingley et al., 2017). This barrier also decreases the 

deconstruction rates because the salvage of structural elements needs available markets to sell these 

components (Pun et al., 2006; Shaurette, 2006). Likewise, the lack of reuse markets encourages selling 

the recovered components such as steel elements as scrap for recycling, rather than reusing them in 

a new project (Dunant et al., 2018). 

The above studies show the importance of economic barriers to reusing the load-barrier structural 

elements of a building. However, none of them evaluates the economic reusability of these elements 

based on the identified factors. The only exception is a study performed by Hradil et al. (2019). Based 

on this study, the authors developed a method to predict the reusability of the structural steel of a 

single-storey building at its end-of-life. The developed index can be used to estimate the technical 

reusability of the entire structure (to be disassembled and reassembled somewhere else), parts of it 

(roof truss, etc.), and individual elements (a column, etc.). The authors also considered the 

marketability of the structure and extended the index by integrating the economic prospect of the 

recovered components. Notwithstanding, the study performed by Hradil et al. (2019) limits itself to 

single-storey steel buildings and only one economic factor (marketability) and ignores the impact of 

other variables. 

This paper develops a model to predict the economic reusability of the structural elements at the end-

of-life of a building. Initially, the authors create an online questionnaire to assess the importance of 

the factors affecting the reusability of these components based on experts’ expertise/experience. The 

reusability factors used in this questionnaire were identified through a comprehensive systematic 

literature review conducted by the authors (Rakhshan et al., 2020). Next, using several advanced 

supervised machine learning techniques in ‘R’ (R Core Team, 2020), this study develops an easy-to-

understand model capable of predicting the economic reusability of the structural elements. This 

paper is a part of a series of studies that tend to provide a set of interdisciplinary predictive tools to 

assess the technical, economic, and social reusability of a building's structural components. In this 

study, the focus is on the economic aspect of reusability, which is defined as the cost savings in the 

project as the result of using the reused structural components when compared to a similar project 

using a new structural element with the same performance. 

It should be noted that following Rakhshan et al. (2020), this paper uses the terms element(s) and 

component (s) interchangeably. The load-bearing building components in this research comprise 
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sections of a structure (e.g., a beam) or parts of an entire system (e.g., a roof truss) forming the 

superstructure of a building as defined by BCIS (2012). Moreover, this paper follows the below 

definitions for "recycling" and "load-bearing building components reuse." 

Recycling: Collecting, sorting, transporting, and converting unwanted materials/components of 

construction and demolition activities (packaging cartons, steel beam, etc.) into raw materials or new 

products (recycled steel beam, recycled concrete aggregate, etc.) for use in the construction industry 

or elsewhere (Ferrer and Clay Whybark, 2000). 

Load-bearing building components reuse: Using a recovered structural element (e.g., a beam, column, 

truss, etc.) with minimum (or zero) treatments for the same function in a new building (Addis, 2006). 

The paper continues with the research method (Section 2), results (Section 3), discussions (Section 4), 

and the conclusion (Section 5). 

2. Method and data collection 
This study seeks numerical data to develop a tool to enable the stakeholders to predict the economic 

reusability of the structural elements at the end-of-life of a building. Therefore, in this work, the data 

is collected by a questionnaire.  

This study used the results of a systematic literature review performed by the authors to develop a 

self-completed online questionnaire survey (Rakhshan et al., 2020). The potential respondents were 

asked to complete the survey based on a recovered structural element they reused in a project. The 

online questionnaire consisted of one dependent (the economic reusability of the component) and a 

set of independent (factors affecting reuse) questions, which are also known as the response and 

features, accordingly. In this questionnaire, all the questions are in the form of closed questions with 

a five-point Likert scale (Likert, 1932). The Likert scale varies from one (most negative) to five (most 

constructive) for all questions. While all the closed questions in this study follow a five-point Likert 

scale, the wording labels and the purpose for different sets of queries vary. A copy of the survey is 

available in Appendix A. It should be noted that only the questions related to the economic reusability 

of the structural elements of a building are reported in Appendix A. The reason is that the original 

questionnaire was designed to collect data on various aspects of the reusability of these components, 

and to avoid any confusion, the authors decided to remove the unrelated questions. 

In this questionnaire, Section A contains demographic questions. Section B contains questions about 

the details of the reused structural component based on which the respondent completed the survey. 

Section C contains only one question (C24, the potential financial risks). In the original survey, section 

C deals with various reuse barriers. However, only one of these questions (C24) is related to the focus 

of this paper. Section D enquires about economic factors that can be both a barrier and a driver in 

different situations. Furthermore, Section E contains the dependent variable (response), which is the 

respondents’ estimate about the economic reusability of the structural element they used to complete 

the survey. It worth noting that Sections A and B do not contain any economic reusability factors, and 

the variables available in these two sections were not used to develop the predictive models. Table 1 

lists the economic variables in sections C, D, and E. 
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Table 1 Independent and dependent variables in the survey. 

Variable Code Variable description Variable category 

C24 Potential financial risks Independent 

D1 The purchasing price Independent 

D2 Cost of insurance Independent 

D3 Cost of testing Independent 

D4 Cost of refurbishment (sandblasting, treatment, etc.) Independent 

D5 Cost of design with the reused element Independent 

D6 Storage cost Independent 

D7 Transportation cost Independent 

D8 Cost of labour Independent 

D9 Cost of fabrication Independent 

D10 Cash flow (need to purchase the element early, etc.) Independent 

D25 Sourcing/procurement process Independent 

E2 The economic reusability of the component Dependent 
 

In this study, the purposive sampling technique is used to select professionals from the target 

population. The reason is that reuse is not a commonplace practice, and no database or list of experts 

with reuse experience is available to perform a probability sampling. Therefore, the authors developed 

a sampling frame to reach out to the target population. This study uses the following sources for 

developing the sampling frame, which includes the experts with the relevant expertise/experience in 

reusing building structural elements. The first source used for developing the sampling frame is the 

list of top 100 demolition companies worldwide (KHL Group, 2018). Moreover, using LinkedIn, a list of 

companies in the construction sector with experience in building component reuse or deconstruction 

is prepared. These two lists are then merged, and any duplications are removed. Next, and by referring 

to the developed sampling frame, the authors located all the experts using the companies’ websites 

and LinkedIn. In this paper, an expert is defined as someone with six years and above professional 

experience in the building sector. Hence, if a respondent does not match the required profile, he/she 

is automatically filtered out and could not complete the survey. According to the received 

questionnaires, the respondents worked in the construction sector from 6-10 years (33.3%) to over 

40 years (11.1%). Besides, 66.7% of the respondents have more than ten years of experience. 

While a company’s website gives a general overview of the top management team (this depends on 

their privacy policy) and the types of services the company offers, most of the time, it does not provide 

any details about the employees recruited by the company. On the other hand, LinkedIn provides a 

platform for accessing the professionals and their profiles and level of experience at no cost. According 

to Duffy (2015), LinkedIn is “the most important cross-industry professional network around” with 

more than 645 million members from 200 countries worldwide (LinkedIn, 2019) and a high growth 

rate in the number of experts joining this social media (Dusek et al., 2015). After the sampling frame 

was developed, all the located experts were contacted. 

The result of the sampling techniques employed in this study was sending 481 invitations to experts 

worldwide. After several rounds of following up with the potential respondents, 90 completed 

questionnaires were received, resulting in a response rate of 18.7%. 

The quality of the collected data is one of the major concerns of a researcher. Therefore, the data 

collection instrument and the collected data should be verified in terms of validity and reliability. 
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In this study, the questionnaire is validated by self-checking the survey and a pilot study. For this 

purpose, the online questionnaire was shared with a group of twelve experts and non-experts for pilot 

testing. The respondents were selected based on convenience sampling and snowballing techniques, 

which are acceptable approaches (Saunders et al., 2016). The pilot study helped in improving the 

quality of the questionnaire through rephrasing some questions, modifying the scales, and removal of 

some unnecessary queries. The questionnaire was then shared with the potential respondents after 

this stage. 

For the reliability analysis, the authors calculated the Cronbach’s alpha value for the different sections 

of the questionnaire survey. According to Saunders et al. (2016), a Cronbach’s alpha value of a 

minimum of 0.7 is necessary. If a set of questions with similar wording labels and purpose satisfy this 

minimum threshold, then these questions are measuring the same thing (Saunders et al., 2016). 

According to the results of the reliability analysis, the overall Cronbach’s alpha value for the economic 

factors (Section D) is 0.916, which is higher than the minimum requirement and desirable (Tavakol 

and Dennick, 2011). Therefore, the economic section of the questionnaire has a high consistency, 

which verifies the reliability of the survey. The results of the reliability analysis are available in 

Appendix B. While removing question D1 increases the dataset's reliability by 0.01 (Appendix B, Table 

B.1), according to Field (2009), this increase is not substantial and can be ignored. Hence, the authors 

decided to retain question D1 for further analysis and model development. 

3. Results 
After collecting the data using the online questionnaire, the authors used the results to develop a set 

of models for predicting the economic reusability of building structural elements using supervised 

machine learning methods and selected the best-practice model (Section 3.1). Next, in Section 3.2, 

the authors developed an easy-to-understand learner based on the selected best-practice model. 

3.1 Developing the best-practice predictive model 
This section uses the results of the questionnaire survey to develop models to estimate if a structural 

component is economically reusable or not. Therefore, following Jang et al. (2015), the authors 

converted the dependent variable (question E2 in the questionnaire) into a binary response with zero 

(0) indicating non-reusable and one (1) reusable. For this purpose, the responses (question E2) with 

Likert scale values from 1 to 3 are considered as non-reusable, and others (4 and 5) are considered 

reusable. As a result, the dependent variable (economic reusability) transforms from a multi-scale 

response to a binary response. 

This conversion has various advantages, as follows. First, a binary response makes the decision-making 

task by the practitioners easier because they do not need to decide if a component could be reused 

or not based on a five-scale dependent variable. Moreover, in supervised machine learning, a multi-

scale response requires a large sample size to provide enough number of observations for each of the 

categories of the dependent variable to produce reliable predictions. However, as discussed in Section 

2, the reuse of building structural elements is not performed widely, which results in a limited number 

of professionals with the required experience to complete the survey. In contrast, a binary response 

requires a smaller sample size due to its nature. Likewise, the uncertainties in the assessment of the 

reusability factors limit the effectiveness of a multi-scale response. The reason is that the answers 

provided by the respondents are based on the components reused in the past, which might not be 

very accurate. By converting the multi-scale response into a binary one, this uncertainty reduces. 
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3.1.1 Oversampling 
The review of the binary responses revealed that the conversion resulted in a considerable imbalance 

between reusable (69%) and non-reusable (31%) components. According to Fernández et al. (2018), 

imbalanced datasets negatively affect predictive methods during model development and 

performance assessment stages. This imbalance in the dataset is because of the dependency on the 

professionals with reuse experience, the limited number of experts in this field, and the fact that the 

practitioners prefer to complete a questionnaire based on a successful reuse experience. While one 

option to decrease the imbalance in a dataset is to send the questionnaire to more potential 

respondents, this option was not practical due to the limited number of experts in this field. Moreover, 

the outcome of such an attempt could be similar because the respondents were free to choose any 

reused structural component with any reusability level. 

In this study, to overcome the imbalance in the dataset, a method known as Synthetic Minority 

Oversampling Technique (SMOTE) is employed (Chawla et al., 2002). The advantage of this method is 

that while it improves the imbalance in a dataset, it does not duplicate the responses (Bischl et al., 

2016; Chawla et al., 2002). 

In this paper, the SMOTE was applied to the entire dataset, which follows the approach adopted by 

several authors, including (Agrawal et al., 2018; Naseriparsa and Kashani, 2013; Taft et al., 2009). 

Consequently, SMOTE decreased the dataset’s imbalance by improving the responses to 51% (non-

reusable) and 49% (reusable).  

3.1.2 Feature selection 
In developing predictive models, a set of independent variables and one dependent variable are 

involved. However, there is a chance that some of the independent variables (features) are irrelevant 

or redundant, and their presence negatively affects the performance of the resulting model. 

Therefore, selecting relevant variables before developing the predictive models (known as feature 

selection) is a vital stage in supervised machine learning (Torgo, 2016). Feature selection focuses on 

identifying relevant features and discards irrelevant or redundant independent variables (Urbanowicz 

et al., 2018). 

In this study, feature selection is performed using the Boruta method through the Boruta package in 

R (Kursa and Rudnicki, 2010; R Core Team, 2020). The Boruta method, which is a backward variable 

elimination wrapper, uses an all-relevant feature selection method. It means that this method 

minimizes the random selection of features (Kursa and Rudnicki, 2010; Sarkar et al., 2020). 

The Boruta package uses a random forest classifier based on the RandomForest package in R (Kursa 

and Rudnicki, 2010; Liaw and Wiener, 2002). However, instead of using the Gini impurity index 

(Nembrini et al., 2018), it uses the permutation accuracy importance measure to determine the 

importance of variables (Kursa and Rudnicki, 2010; Strobl et al., 2007). Initially, the original dataset is 

expanded by introducing a copy of all features in the dataset. Then, the values of the copied features 

are randomly manipulated to eliminate their correlation with the response. These shuffled 

independent variables are called shadows (Kursa and Rudnicki, 2010). Next, the random forest 

classifier is applied to the extended dataset to gather the Z-statistics. The method then looks for the 

maximum Z-statistic among the shadow features (MZSF) and assigns a hit to the independent variables 

with a higher z-score than the MZSF. If the importance of a feature is undecided, a two-sided test of 

equality with the MZSF will be performed. Features with z-scores considerably higher than MZSF are 

important (Confirmed), and those with significantly lower z-scores are unimportant (Rejected). For 

the undecided variables, the whole process is repeated. However, before reiterating, the shadow 

features created in the previous stage are removed. If the model cannot decide to accept or reject 
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some variables, their status will be reported as Tentative. In such circumstances, the researcher might 

choose to increase the maximum iterations or decide to reject or retain the variable based on his/her 

intuition or expert opinion. It should be noted that the Boruta package produces a graph showing the 

Confirmed, Tentative, and Rejected features with green, yellow, and red colours (Figure 2). 

The result of the variable selection is presented in Figure 2. The Y-axis of this figure shows the 

importance level of the features (both shadow and real) decided by the Boruta method. On the X-axis, 

from left to right, the blue boxes represent the Minimum, Mean, and Maximum Z-statistic among the 

shadow features. The remaining green boxes on the X-axis are the reusability factors in the dataset. If 

a feature (reusability factor) has a lower z-score than the MZSF, then it would have a red colour and 

would be located on the left-hand side of the MZSF. However, according to this figure, all variables 

are on the right-hand side of the MZSF. It means that all features are necessary and will be used for 

the development of the models. 

 

Figure 2 Importance of the features in the dataset using the Boruta method. 

3.1.3 Models development 
Due to the binary nature of the responses (either reusable or non-reusable), the process of predicting 

the economic reusability of the structural elements of a building is a classification problem. In a 

classification setting, the classifier would predict if an element is reusable (1) or not (0). An optimum 

classifier is the one that can classify unseen observations with minimum incorrect classifications 

(James et al., 2017). 

In this study, the authors used thirteen different methods to develop 13 predictive models. These 

techniques range from simple parametric methods such as Logistic Regression to very flexible and 

non-parametric models like Support Vector Machines (Table 2). The selection of various methods in 

this study is in line with a theorem known as the ‘no free lunch’ theorem (Wolpert and Macready, 
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1997). This theorem can be interpreted as follows. Since there is no unique method that can fit all 

types of data in supervised machine learning, different techniques need to be investigated to find the 

best model with the highest possible accuracy (James et al., 2017). However, an accurate model 

necessarily might not be interpretable (Guidotti et al., 2018). Therefore, either an interpretable model 

should be selected, or if such a model is unavailable, efforts should be made to make the best-practice 

model understandable. 

This study intends to develop an easy-to-understand model to be used by the stakeholders in the 

building sector with no prior knowledge about supervised machine learning techniques. It is because 

the interpretability of the selected model encourages the practitioners to use the model more 

effectively. Therefore, it makes sense to choose an interpretable model. However, such models are 

necessarily not accurate due to possible high bias (James et al., 2017). On the other hand, there is a 

high chance to achieve very accurate predictions on the training set using nonparametric methods 

such as Random Forests, Support Vector Machines, or Gaussian process emulators (Daneshkhah et al., 

2017; James et al., 2017). Nevertheless, very flexible methods might suffer from high variance and 

overfitting, which decrease the model’s accuracy on new observations (James et al., 2017). Therefore, 

in selecting the proper method for developing a predictive model, this trade-off between bias and 

variance should be considered (Hastie et al., 2009). 

Based on the above discussion, the authors decided to use different machine learning methods to 

develop models that predict the economic reusability of the structural elements of a building at its 

end-of-life. These models are listed in Table 2. Details of these methods could be found in (Fürnkranz 

et al., 2012; Hastie et al., 2009; Murphy, 2012). It worth noting that for some of the ML methods like 

K-Nearest Neighbours (LNN), Random Forests (RF), Artificial Neural Networks (ANN), and Support 

Vector Machines (SVM), parameters of a prior distribution need to be set to encode the prior belief. 

These parameters are known as hyperparameters. For further details about encoding the 

hyperparameters, please refer to Section 3.2.2 of (Murphy, 2012). In this paper, the hyperparameters 

of KNN, RF, ANN, and SVM methods are presented in Table 2. 

3.1.4 Model selection 
In supervised machine learning, there are three main methods to assess the performance of the 

developed predictive model for the available dataset. These methods are known as the validation set 

approach, k-fold Cross-Validation (kfCV), and Leave-One-Out Cross-Validation (LOOCV) (James et al., 

2017). This study uses the kfCV (with k equal to 10) method to evaluate the performance of the 

developed models. According to James et al. (2017), while k can take any number less than n (n is the 

number of observations in a dataset), values of k equal to 5 or 10 have empirically shown resistance 

against high bias or variance. In the kfCV method, initially, the entire dataset is randomly divided into 

k sections (folds) with nearly equal samples in each division. Then, one of the k folds is reserved to 

evaluate the model’s performance, and the remaining k-1 folds are used to train it. The process 

continues until all folds are once used for testing the dataset. The resulting performance of the model 

is the average performance of all k folds. The choice of k=10 in this study enables a higher number of 

training observations at each fold, which improves a classifier’s performance (James et al., 2017). 

The advantages of this technique over other techniques are as follows. Regarding the validation set 

approach, the dataset is randomly divided into a training (used to develop a model) and a testing set 

(used to assess its performance). However, due to the random nature of dividing the dataset, there is 

a high chance of getting different performance measures if the process is repeated. In the case of the 

LOOCV, the test error estimates using this method tend to have a higher variance than the kfCV 

method (James et al., 2017). 
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In this study, the Type-I error rate (the number of non-reusable items misclassified as reusable by the 

fit divided by the total number of non-reusable components), overall accuracy (total number of 

correctly classified observations divided by the total number of elements), and the area under the 

ROC curve (AUC) are used to compare the performance of different models (Table 2) (James et al., 

2017). For definitions and further details about the Type-I error rate and AUC, please refer to Section 

5.7.2 of (Murphy, 2012). For the definition of the overall accuracy, please refer to (Chawla et al., 2002; 

Naseriparsa and Kashani, 2013). 

While it is desired that a model makes the least number of misclassifications, in the case of this 

research, Type-I error is more significant than Type-II error (the number of the reusable items 

misclassified as non-reusable by a model) because of considerable economic and logistic implications 

of the former. If the model misclassifies a reusable element as non-reusable, while environmentally 

significant, it will have minor economic implications compared to a Type-II error because the designer 

would have enough time to source other suitable recovered or new elements. However, if a model 

misclassifies a non-reusable component as reusable during the design phase, it will have considerable 

economic and logistic consequences. 

Table 2 Mean values of the metrics used to assess the performance of the models (10-fold CV method). 

Model Parametric / Non-
parametric 

Type-I 
error 

Overall 
accuracy 

AUC 

K-Nearest Neighbours (KNN)1 Non-parametric 0.08 0.86 0.93 

Logistic Regression (LR) Parametric 0.26 0.73 0.82 

Linear Discriminant Analysis 
(LDA) 

Parametric 
0.26 0.74 0.83 

Quadratic Discriminant Analysis 
(LDA) 

Parametric 
0.22 0.77 0.88 

Naïve Bayes (NB) Parametric 0.32 0.73 0.84 

Decision Trees (DT) Non-parametric 0.16 0.82 0.84 

Random Forests (RF)2 Non-parametric 0.06 0.89 0.98 

Adaptive Boosting (AB) Non-parametric 0.13 0.86 0.92 

BART Machine (BM) Non-parametric 0.11 0.86 0.90 

Artificial Neural Networks (single-
layer perceptron) (ANN)3 Parametric 

0.11 0.86 0.93 

Gaussian Processes (GP) Non-parametric 0.10 0.83 0.91 

Propositional Rule Learner (PRL) Non-parametric 0.12 0.86 0.86 

Support Vector Machine (SVM)4 Non-parametric 0.10 0.87 0.91 

Hyperparameters (calculated using 70% of the dataset that was selected randomly): 
1 k = 5 
2 ntree = 500, mtry = 3, nodesize = 1 
3 Size = 9, Decay = 0.08 
4 Cost = 322303.3297, Sigma = 0.000226155 

 

In this study, a maximum 10% Type-I error rate (following Holdnack et al. (2013)), a minimum 85% 

accuracy, and a minimum 90% AUC are considered acceptable for the performance of the developed 

models. These values are the basis for selecting the best performing model available in Table 2. A look 

at Table 2 reveals that interpretable models such as logistic regression do not perform well and make 

many mistakes. Therefore, it was inevitable to select the best model purely based on its performance, 

and not its interpretability. Based on Table 2, the RF model has the lowest Type-I error rate (0.058), 

the highest overall accuracy (0.89), and the highest AUC (0.98) among all other models. So, the RF 
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model is selected as the best-practice model to predict the economic reusability of a building's 

structural elements. 

Random forests (Figure 3) are machine learning methods that create many decision trees (DT) with 

maximum depth (yielding in low bias but high variance) and averaging the resulting variance through 

bagging (bootstrap aggregation) (Hastie et al., 2009). 

Decision trees (Figure 3) are machine learning methods that stratify the feature space of the training 

set into a smaller number of regions (terminal nodes or leaves). The set of possible values of the ‘p’ 

predictors (x1, x2, …, xp) of the structural elements in the training data is divided into K number of 

leaves (R1 to Rk), which are not overlapping. Then, for an unseen observation that satisfies Rk, the most 

commonly occurring class response of the training dataset in this region (Rk) is predicted for the 

reusability of the new structural element (James et al., 2017). The decision trees algorithm attempts 

to create a set of leaves for which the cumulative error rate is minimum. For this purpose, recursive 

binary splitting, which is a greedy approach, is employed by the algorithm. This greedy algorithm is a 

top-down approach, which at each stage, the feature space is divided into two groups that make the 

least classification error rate of the training observations at that stage (James et al., 2017). The 

classification error rate is the fraction of training observations belong to a leaf where their class 

responses are different from the most commonly occurring class response of that terminal node. 

Decision trees (DT) explained above suffer from a high variance that means any change in the training 

dataset can potentially affect the resulting predictions. Therefore, ensemble techniques such as 

bagging (bootstrap aggregation) are employed to decrease the variance of DT. In RF, an ensemble of 

classification trees is generated from the original sample (training dataset). It is done either by 

bootstrapping (drawing several samples with replacement) or subsampling without replacement. RF 

assigns a small random of features (m) to each decision tree and allows them to pick only one of the 

candidate variables at each split. The value of m is roughly equal to the squared root of the total 

number of predictors p. Following this approach, the algorithm develops decorrelated trees, which 

result in a considerable decrease in the variance of the algorithm compared to a single decision tree 

(James et al., 2017). 
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Figure 3 A simplified Random Forest. Top: A Decision Tree (top right) divides the feature space (top left). Bottom: A Random 
Forest which is a group of Decision Trees (bottom right) divide the feature space (bottom left). The cross is the new 

observation. 

3.2 Mining the selected RF model 
The RF model selected in Section 3.1 outperforms all other models in Table 2. However, since these 

models are categorized as black boxes, it cannot be easily interpreted (Breiman, 2001). As discussed 

in Section 3.1.3, the interpretability of the selected model is essential because it encourages the 

practitioners to use the model more effectively. Therefore, when such easy-to-understand models are 

not available, it is necessary to make the results of the selected models transparent. 

This study uses two techniques to open the selected RF model and make it interpretable. First, the 

approach offered by Cortez and Embrechts (2013) is used to uncover the relative importance of the 

features (Section 3.2.1). Next, the results of this stage are used to develop a set of easy-to-understand 

rules by following the approach offered by Deng (2014). The second approach provides a simple and 

understandable set of rules for the stakeholders to estimate the economic reusability of the structural 

elements of a building at the end of its lifecycle (Section 3.2.2). 

3.2.1 Improving the transparency of the selected RF model 
Cortez and Embrechts (2013) advised identifying a sensitivity method to perform the sensitivity 

analysis (SA) of the features of a black-box model. According to Cortez and Embrechts (2013), a 
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sensitivity method changes the values of a feature from its minimum to maximum possible while not 

altering other features to enable studying the impact of this change on the response. 

This study uses data-based sensitivity analysis (DSA) as its sensitivity method, as advised by Cortez and 

Embrechts (2013). The DSA randomly draws several samples from the dataset. Then, this method 

changes the values of a feature for all observations and records the responses. During this process, it 

does not alter the value of other features. The DSA continues for all reusability factors (features) in 

the dataset. The recorded sensitivity responses are then used to rank the relative importance of the 

features using the Average Absolute Deviation (AAD) from the Median as the sensitivity measure (Eq. 

(1)) (Cortez and Embrechts, 2013). 

𝐴𝐴𝐷 =  
∑ |�̂�𝑎𝑗

−  �̃�𝑎|𝐿
𝑗=1

𝐿
 

Eq. (1) 

 

In Eq. (1), L = 7 (seven intervals between one to five), �̂�𝑎𝑗
 is the sensitivity response for 𝑥𝑎𝑗

∈

{1, 1.67, 2.33, 3, 3.67, 4.33, 5} (jth level of input 𝒙𝑎: 𝑎 ∈ {1, … , 𝑝} for p features), and �̃�𝑎 is the median 

of the responses. The features are then ranked from the highest to lowest AAD. The AAD is used to 

identify the relative importance of the features. Following Cortez and Embrechts (2013), this study 

uses the entire dataset to perform the sensitivity analysis. 

Figure 4 shows the results of the variable importance for the RF model. In this figure, the X-axis shows 

the relative importance of the variables, and the Y-axis shows the features. Based on Figure 4, all the 

variables are relevant and have relative importance above 0.02. This observation is in line with the 

results of the variable selection (Section 3.1.2). All these variables are then used to develop an easy-

to-understand learner in Section 3.2.2. 

According to Figure 4, the most important economic factor affecting the reusability of the structural 

components of a building is the need to purchase reused elements early in the project, which can have 

cash flow implications (D10). This factor was reported as a barrier to reuse by other researchers in the 

literature (Gorgolewski, 2008). According to Gorgolewski et al. (2008), the need to purchase early on 

requires the client to allocate resources and can increase the cost of storage. 

The second most important factor is the potential financial risks (C24). According to the literature, 

these potential financial risks might be the result of other variables such as deconstruction, 

transportation, and storage costs (Rakhshan et al., 2020). As discussed by Rakhshan et al. (2020), a 

strict financial risk assessment at the beginning of any project with reused structural elements is then 

necessary. As shown in Figure 5, if these risks are low, there is a higher chance of reuse. 
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Figure 4 Bar plot with DSA and AAD relative feature importance based on the selected RF model (Table 1 describes these 
features). 

The third most important economic factor is the sourcing/procurement process (D25). This factor has 

been continuously reported in the literature as one of the main factors affecting reuse. Rakhshan et 

al. (2020) categorized this factor under the supply chain level and observed that a significant 

correlation between market and cost barriers exists. If an established market for the reused structural 

elements is not available, the design team needs to put extra effort to allocate the desired 

components. Consequently, it could increase the overall cost of the project (Gorgolewski et al., 2008). 

According to Figure 5, the reusability of building components increases if the difficulty in sourcing 

decreases. 

Based on Figure 4, the fourth most affecting variable is the cost of labour (D8). Dantata et al. (2005) 

observed that deconstruction and recovery of the structural elements are time-consuming and can 

decrease the economic viability of reuse. According to Figure 5, the lower cost of labour is associated 

with the higher reusability of building components. 

In the next stage, and to present how different values of a feature affects the economic reusability of 

building structural elements on average, a set of variable effect characteristic (VEC) curves are plotted 

for the top-four predictors. A VEC curve plots the average impact of different values of a reusability 

factor (X-axis) on the probability that a structural element is reusable (Y-axis). 
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Figure 5 The impact of different values of the features on the reusability probabilities of the elements (sensitivity analysis) 
for D10, C24, D25, and D8 (the top-four variables in the RF model). 

Figure 5 shows the sensitivity analysis of the top-four reusability factors (D10, C24, D25, D8) based on 

Figure 4. According to this figure, the economic reusability probabilities of a building's structural 

elements improves when the values of these variables increase from one (the highest negative impact) 

to five (the most positive effect). For the cash flow (D10), Figure 5 reveals that if it is necessary to 

purchase the required recovered elements early on and as soon as they are available, it could 

negatively affect the project due to additional costs such as the need to store the components for an 

extended period. Regarding C24, if the reuse of load-bearing building components reveals 

considerable financial risks because of extra efforts to find the required elements, changes in the 

original design to match the properties of the recovered components, and other possible additional 

costs, reuse becomes economically unattractive. While a strict financial risk assessment at the 

beginning of any project is essential, the availability of financial incentives to recover and reuse 

building structural elements could overcome this barrier. Regarding the process to allocate and 

purchase the required components (D25), Figure 5 reveals that the increased difficulty in this process 

negatively affects the economic reusability of the elements. Eventually, Figure 5 shows that the 

increased cost of labour (D8) could negatively affect the reuse rates because it could increase the 

overall project expenses. 

Figures 4 and 5 might imply that these features could be directly used to evaluate the reusability of 

the load-bearing building components. However, it is not practical to refer to these features 
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individually for estimating the economic reusability of the load-bearing building components. The 

main reason is the interdependencies of the features, as portrayed in Figure 6. The interdependencies 

between different variables can be shown using a Bayesian Network directed acyclic graph (DAG) 

(Figure 6). This figure shows the averaged DAG developed using the hill-climbing function in the 

bnlearn R package, which is a score-based structure learning algorithm (Scutari, 2010; Scutari and 

Denis, 2015; Smith and Daneshkhah, 2010). Figure 6 shows that different levels of interdependencies 

between the variables exist (both direct and indirect). The strengths of these relations are shown with 

the thickness of the arrows in this figure. Therefore, it is essential to consider these complex 

correlations between features and the response while estimating the economic reusability of the 

elements (Section 3.2.2). 

 

Figure 6 Averaged Bayesian Network DAG of the entire economic dataset (the thickness of the arrows shows the connection 
strength). 

3.2.2 Developing an easy-to-understand learner 
The sensitivity analysis and visualization techniques discussed in Section 3.2.1 are valuable tools to 

open the selected RF model and identify the main factors affecting the economic reusability of the 

structural components of a building. However, the results of Section 3.2.1 cannot be directly used to 

estimate the economic reusability of these components. Therefore, the authors developed a set of 

easy-to-understand rules that considers the interdependencies of the features and could be 

effectively used by the building experts. 

Deng (2014) suggests an extraction method using the inTrees package in R to interpret tree ensembles.  

We initially developed a random forest model (with the same hyperparameters available in Table 2) 
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using a randomly selected 70% of the data. Then, we extracted the rules from the RF model using the 

method developed by Deng (2014) and ranked them based on their quality. Next, the irrelevant or 

redundant conditions are removed from the set of rules. The resulting relevant rules are then 

reviewed to select a set of rules with the highest possible prediction performance. Eventually, these 

rules are reported in the form of easy-to-understand instructions to predict the economic reusability 

of the components. The result of all the above steps is presented in Table 3. 

In Table 3, the first column contains the rules’ sequences that need to be followed strictly. It means 

that after collecting necessary data using the questionnaire in Appendix C, assessing the economic 

reusability of the component should start with the first rule. If the collected data about the element 

didn’t satisfy this rule, then the second rule should be checked. This process needs to be followed 

sequentially until the conditions of one of the rules are fulfilled. At this stage, the checking terminates, 

the prediction from the sixth column is recorded, and the next rules should not be checked even if the 

collected data satisfy them. 

The second column shows the length of a condition, which is the number of the variables (paired with 

their conditioning value) in a rule (Deng, 2014). For example, rule number 6 has four circumstances to 

be satisfied; hence, the length of its condition is equal to 4. 

The frequency in the third column is the proportion of the observations in the training dataset that 

satisfy the rule condition(s). For instance, the total number of observations in the training set is equal 

to 129, out of which eighteen components fall under the second rule. Therefore, the frequency of the 

second rule becomes 0.14 (the sum of frequency values is equal to one). 

The error in this table (column four) indicates the ratio of wrong estimations made by a rule, which is 

the number of mistakes divided by the number of observations satisfying the condition. According to 

Table 3, out of 14 rules, it is only rule number 13 that makes a mistake. The total number of 

observations falling under this rule is equal to 8, and considering the one mistake made by this rule, 

the error rate becomes 0.125. 

Column five of Table 3 shows the conditions of the rules. The prediction column shows the outcome 

of the learner for each of the rules. This predicted outcome is equal to zero (0) for non-reusable and 

one (1) for reusable components (column 6). For example, rule number two states that if the cash flow 

problem is less than or equal to 2, and the sourcing/procurement process is greater than 2, then the 

component is economically not reusable.  
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Table 3 The learner (rules set) developed based on the selected RF model. 

Rule 
No. 

Length Frequency Error Condition Prediction 

1 3 0.225 0 C24>4 & D8>2 & D25>2 1 

2 2 0.14 0 D10<=2 & D25>2 0 

3 5 0.101 0 C24>3 & D1=3 & D5<=3 & D10<=3 & D25>1 0 

4 1 0.093 0 D5=2 1 

5 4 0.093 0 C24<=3 & D4>2 & D5<=3 & D25<=3 0 

6 4 0.101 0 C24>2 & D1>3 & D3>2 & D10>2 1 

7 3 0.047 0 C24<=3 & D6>3 & D10<=4 0 

8 2 0.031 0 C24=4 & D3<=1 1 

9 2 0.031 0 D1>3 & D3<=1 0 

10 3 0.031 0 D5>1 & D10<=2 & D25<=2 1 

11 2 0.023 0 D5<=1 & D6>2 0 

12 2 0.016 0 D5<=1 & D25>1 0 

13 2 0.062 0.125 D3<=2 & D6<=2 0 

14 1 0.008 0 Else 1 
 

Table 3 represents the best set of rules extracted from the ensemble of trees in the selected random 

forest model that produces the highest accuracy on the seen data (training set, which is equal to 70% 

of the observations). While this learner performs well on the training set, it is its performance on the 

unseen data that is essential. Therefore, the authors estimated the classifier’s performance in Table 3 

using the remaining 30% data that was not used to develop the RF model and extract the rules. For 

this purpose, we followed the rules sequentially (from 1 to 14), identified the applicable set of 

conditions to each observation, and recorded the resulting prediction for each element. Next, we 

compared the prediction results with the correct responses and recorded the errors to evaluate the 

learner’s performance. 

Using the test data, the learner made two (2) Type-I errors and eight (8) Type-II errors, resulting in the 

Type-I error rate equal to 7.1% and the overall accuracy equal to 82%. Therefore, while this learner 

satisfies the maximum allowable Type-I error rate defined in Section 3.1.4, its accuracy is slightly lower 

than 85%, which means it may classify an economically reusable component as non-reusable. 

Nonetheless, the learner in Table 3 is transparent and easy-to-understand and can be easily 

implemented in practice. 

According to Table 3, D2 (cost of insurance), D7 (transportation cost), and D9 (cost of fabrication) are 

not available in any of the rules. Hence, a practitioner may not need to collect data on these variables 

to use the learner. However, since, according to Figure 6, these variables correlate with other features 

such as D8 (labour cost), it is advised to answer them. Appendix C summarizes the survey that the 

practitioners need to perform before using the learner in Table 3. In Appendix C, the variable codes 

(Code) are kept equal to the original survey (Appendix A) to maintain uniformity. 

4. Discussion 
In Section 3, a learner was developed and presented in Tables 3 using the results of the best-practice 

RF model. In Section 4, a flow chart is developed to help the practitioners in the building sector use 

the learner effectively (Figure 7). Before using this learner, it is essential to consider the following. If 

the below conditions are not satisfied, the learner in Table 3 cannot be used. 
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 The learner presented in Table 3 is designed to assist the construction professionals in their 

decision-making process for reusing load-bearing building components from an economic 

aspect. It means it is assumed that the identified items for reuse have been confirmed 

suitable for the intended use from a technical perspective (strength, dimensions, etc.). 

 It is assumed that the elements are/would be recovered through deconstruction. If 

demolition is considered, reuse of the load-bearing building components is not practical due 

to the damages during this process. 

 

Figure 7 Instructions for using the learner developed in Table 3 

Start 

Make a list of all structural elements identified 

suitable for reuse from a technical perspective.  

For each of the structural 

elements (or groups of similar 

components), collect 

necessary data using the 

survey in Appendix C 

Based on the 

learner in Tables 3, 

is the element 
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Generally, since there is no mature reuse market available, projects with reuse require proper risk 

assessment from the onset. It is advised to follow the below steps to complete the survey presented 

in Appendix C. 

Start with answering question D25. Depending on the project, the source of reusable elements might 

be a stockiest, or an existing building(s) on the same site or elsewhere. Imagine that the source is an 

existing building on the same site. If the necessary machinery for component recovery can be 

transferred to the site easily and a proper location for testing, cleaning, and storage is available, the 

answer for question D25 would be 5. Therefore, depending on the difficulty in sourcing the desired 

elements for reuse, the construction professional would be able to have a proper estimation for this 

question. 

Next, answer question D1. For instance, considering the previous scenario, the purchasing price would 

depend on the existing building's conditions. While deconstruction is time-consuming and labour-

intensive, it requires less heavy machinery and could be cost-effective. Hence, the average purchasing 

price could be calculated using the following equation: 

𝐴𝐵𝑆 ((
𝐶𝑑𝑒𝑐 − 𝐶𝑑𝑒𝑚

𝑁𝑟𝑒𝑐
) + 𝐶𝑡𝑟𝑎𝑛𝑠−𝑟𝑒𝑐) − 𝐶𝑒𝑞−𝑛𝑒𝑤 

Eq. (2) 

 

In Eq. (2), 𝐶𝑑𝑒𝑐 is the estimated cost of deconstruction, 𝐶𝑑𝑒𝑚 is the estimated cost of demolition, 𝑁𝑟𝑒𝑐  

is the estimated number of elements to be recovered, 𝐶𝑡𝑟𝑎𝑛𝑠−𝑟𝑒𝑐 (question D7, equal to zero for onsite 

reuse, unless there is no available space for storage) is the estimated average transportation cost of 

the recovered elements, and 𝐶𝑒𝑞−𝑛𝑒𝑤 is the estimated average cost of equivalent new components, 

which includes the cost of transportation to site. The score of D1 depends on the magnitude and sign 

of Eq. (2). Positive values reveal that the purchasing price hampers the economic reusability of the 

components, and negative values show that the purchasing price is promoting reuse. Please note that 

in Eq. (2), the ABS () function returns the absolute value of a number.  

Questions D3 and D4 could be answered by referring to the technical evaluation of the elements. For 

instance, if the original documents and drawings are not available, it might be necessary to test an 

element to evaluate its mechanical properties. Moreover, in some instances, the regulatory 

requirements might disqualify the existing certificates, requiring new tests to determine the suitability 

and compliance with the present codes and regulations. Likewise, uncertainty about the cost of 

insurance (question D2) could be addressed by testing the recovered elements (Figure 6 shows a 

strong correlation between D2 and D3). In any case, the cost of testing is possible to be estimated. 

Furthermore, if the initial inspection urges the treatment of an element, its cost could be evaluated. 

Regarding question D5, the cost of design with the reused element depends on the availability of 

original drawings, and the test results, if any. So, by providing as-built drawings for the potential or 

recovered elements, a structural engineer could evaluate the impact of integrating the recovered 

element into the design of a new building, estimate the flexibility required in the design, and assess 

potential cost implications. 

Answering question D6 (the storage cost) depends on the availability of onsite or offsite storage.  

Moreover, evaluating the labour cost (question D8) depends on the need for extra manpower for 

reuse, which could be determined at the beginning of a project. It should be noted integrating the 

labour cost in estimates for the cost of testing (D3), refurbishment (D4), design (D5), storage (D6), 

transportation (D7), and fabrication (D9) could affect the answer to this question. Hence, it is essential 
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to clearly define if these costs are considered separately (to be considered in question D8) or 

integrated into the respective estimates. The fabrication cost (question D9) depends on the source of 

the recovered elements, type of building, type and number of existing connections, availability of test 

certificates, and new design requirements. For instance, if the components are planned to be 

recovered from an existing building onsite, a fabricator would be able to estimate question D9 by 

referring to the building survey results and technical assessment of potential components for reuse. 

Depending on the availability of the recovered load-bearing structural elements, it might be necessary 

to purchase the desired components once they show up in the market (question D10). The reason is 

that the reuse market is not mature, and there is no guarantee that elements with desired 

characteristics would be available on demand. For answering this question, it is necessary to perform 

a preliminary survey of the existing building (if any) and have an overview of the available stock 

elsewhere (e.g., other buildings planned for removal by the city council). If the survey reveals that 

necessary elements could not be sourced from an existing building (if any), it is inevitable to look for 

them as early as possible, which could negatively affect their economic reusability. This variable also 

depends on the availability of financial supports from the government or the client to offset additional 

costs. 

Question C24 depends on the answers to other questions. For instance, if the client welcomes 

deconstruction (e.g., by extending the removal period in the contract), the demolition contractor 

would be less hesitant for the proper removal of load-bearing elements, which is time-consuming and 

labour-intensive. Moreover, if onsite storage is not possible, the financial risks might elevate because 

of the increased cost of transportation and storage. Nevertheless, the availability of regulatory and 

financial incentives for reusing load-bearing building components could decrease such risks. 

After collecting all necessary details using the survey in Appendix C, the construction professional uses 

the learner in Table 3 to assess if the structural element is economically reusable or not (Figure 7). 

5. Conclusion 
This paper contributes to promoting the reuse of building structural elements in different ways. First, 

to the authors’ knowledge, it is the first study that has used advanced machine learning methods to 

rank the economic factors affecting the reuse of building structural elements. A look at the literature 

reveals that the publications in this field limit themselves to ordinary descriptive statistics and ignore 

the possible interdependencies of the variables. Second, for the first time, this paper developed a set 

of rules that can be used by the practitioners for estimating the economic reusability of the structural 

components effectively. 

The developed learner has several advantages, as follows: 

 It can be used by any practitioner in the building sector, and it does not need a machine 

learning background. 

 It gives a first-hand idea about the economic feasibility of reusing a structural component by 

collecting the necessary data. 

 It has the potential to promoting reuse by increasing the reuse rate, which, in turn, can 

accelerate the growth of the reuse market. 

According to this study, cash flow and the need to purchase necessary recovered components early 

on a project is the most significant economic factor. Moreover, the potential financial risks are 

observed as the second most important barrier. The third significant variable is market-related and is 
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in line with an earlier study performed by the authors, where they observed a high correlation 

between cost and market for the reused structural elements. 

According to this study, it is not practical to use any of the economic factors alone to determine if an 

element is reusable or not. This study reveals that the relationships between variables are not 

straightforward due to the poor performance of simple models such as logistic regression. This study 

concludes that the complex interdependencies of factors affecting reuse cause a high level of 

uncertainty about the feasibility of reusing load bearing building structural components from an 

economic aspect, which hampers the widespread adoption of reuse. Notwithstanding, this paper 

unveils that by using the probability theory foundations and combining it with advanced supervised 

ML methods, it is possible to develop tools that could reliably estimate the economic reusability of 

these elements based on affecting variables. 

On the other hand, this study has its limitations. The most important restriction is the low reuse rates 

that limit access to more experts with such experience. Likewise, this study is focused on the economic 

reusability of the superstructure of a building. Hence, it is not practical to use its results for the 

substructures. Moreover, this paper restricts itself to evaluating the reusability of load-bearing 

building components recovered through deconstruction. Hence, the results could not be extended to 

recovery through demolition.  

One potential future research would be using the results of this study to estimate the economic 

reusability of recovered load-bearing building components in relevant buildings’ case studies and 

evaluate the impacts of this research on promoting reuse in the building sector. Moreover, as 

discussed earlier, this research is limited to the superstructure of buildings. Therefore, it is advised to 

perform such investigation in other sub-divisions of the building and construction industry, such as 

foundations, roads, bridges, and infrastructures. 
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Appendix A  Example of the questionnaire survey 
Section A: Respondent’s details: 

Please answer the following questions by choosing the applicable boxes or filling in the blank spaces. 

1. Where is the geographic location of your organization (Country name)? 

………………………………………………………………. 

2. What is the type of organization you work in? 

☐Client   ☐Consultancy (architectural, structural, etc.)   ☐

Contractor     ☐Deconstruction/Demolition ☐Supplier/Stockist  ☐

University/Academic institution      ☐other (please specify): 

……………………………………………………………………………………………………………………………………………… 

3. How many years of experience do you have in the construction sector? 

☐1-5  ☐6-10  ☐11-15 ☐16-20 ☐21-25 ☐26-30 ☐

31-35     ☐36-40 ☐over 40 ☐other (please specify): 

…………………………………………………………………………………………… 

4. What is your position/job title (Architect, CEO, etc.)? 

……………………………………………………………………………………………. 

5. Do you or your company have any experience with the reuse of the building structural 

elements? ☐Yes☐No 

Section B: Details about the reused structural element 

Based on your experience, please select only one structural element that you reused in the past and 

complete the rest of the questionnaire based on that. 

1. Which structural element that you reused before are you basing your answers?  

☐Beam  ☐Brace  ☐Column   ☐Slab  ☐Truss                                                               

☐other (please specify): 

……………………………………………………………………………………………………………………………………………… 

2. What is the material of construction (MoC) of the structural element that you reused? 

☐Concrete  ☐Steel  ☐Timber ☐Cast Iron ☐Wrought Iron  ☐

Composite                        ☐other (please specify): 

……………………………………………………………………………………………………………………………………………… 

3. What is the approximate age of the building from which the element is recovered? 

☐0 to 40 ☐41 to 60 ☐61 to 80 ☐81 to 100 ☐100 years and older  

                    ☐other (please specify): 

……………………………………………………………………………………………………………………………………………… 

4. What is the recovery technique used to recover the particular element? 

☐Demolition  ☐Component-specific recovery  ☐ Deconstruction  

                    ☐other (please specify): 

……………………………………………………………………………………………………………………………………………… 
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5. What is the number of existing connections fixed to the element when purchased/acquired 

(plates or angles fixed to a beam, etc.)? 

☐1 to 2 ☐3 to 4 ☐5 to 7 ☐8 to 10 ☐11 and above   

                    ☐other (please specify): 

……………………………………………………………………………………………………………………………………………… 

6. What are the types of the end connections (joints) of the element when purchased/acquired? 

☐ Reversible (bolts, screws, etc.) ☐ Permanent (welding, cast in-situ concrete, etc.) 

 ☐ Mixed  ☐other (please specify): 

……………………………………………………………………………………………………………………………………………… 

 

Section C: Factors affecting the reusability of the structural element 

You may ignore any question if not applicable or the details are/were not available. 

Please rate the followings on the scale of 1 to 5 where: 

5 = Very low  4 = Low  3 = Moderate  2 = High 1 = Very High 

 What was the negative impact of the following factors on the 
reusability of the structural element? 

Scale 

1 2 3 4 5 

C24 Potential financial risks      

Section D: Other factors affecting the reusability of the structural element 

You may ignore any question if not applicable or the details are/were not available. 

Please rate the followings on the scale of 1 to 5 where: 

1 = Very negatively 2 = Negatively  3 = No real effect 4 = Positively  5 = 
Very Positively 

 How did the following factors affect the reusability of the structural element? Scale 

1 2 3 4 5 

D1 The purchasing price      

D2 Cost of insurance      

D3 Cost of testing      

D4 Cost of refurbishment (sandblasting, treatment, etc.)      

D5 Cost of design with the reused element      

D6 Storage cost      

D7 Transportation cost      

D8 Cost of labour      

D9 Cost of fabrication      

D10 Cash flow (need to purchase the element early, etc.)      

D25 Sourcing/procurement process      

Section E: The overall reusability of the structural element 

Definitions: 
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Economic reusability: 

 The cost savings in the project as the result of using the reused structural element when 

compared to a similar project using a new structural element with the same performance. 

Please refer to the definitions section (above) for further clarity. Please rate the followings on the 
scale of 1 to 5 where: 

1 = Very low  2 = Low  3 = Moderate  4 = High 5 = Very High 

 Please rate the relative level of reusability of the structural element 
by providing the actual or approximate answers. 

Scale 

1 2 3 4 5 

E2 The economic reusability      
 

Please feel free to write any additional comments in the space provided below. 

………………………………………………………………………………………………………………………………………………………

………………………………………………………………………………………………………………………………………………………

………………………………………………………………………………………………………………………………………………………

……………………………………………………………………………… 

If you are willing to know the results of this study, please provide your contact details in the space 

provided below. Kindly note that this is totally optional. 

………………………………………………………………………………………………………………………………………………………

………………………………………………………………………………………………………………………………………………………

…………………………………………………… 

If you have an experience with another reused structural element, please feel free to fill this 

survey again based on that other structural element. 

Thank you for taking the time to complete this questionnaire. 
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Appendix B  Preliminary statistical analysis of the survey (the 

economic aspect) 
Appendix Table B.1 Preliminary statistical analysis of the survey (the economic aspect) 

Section / 
Question 

Variables Cronbach’s alpha 
if item deleted 

 Section C  

C Factors affecting the reusability of the structural element  

 Cronbach’s alpha cannot be calculated because only one variable 
exists 

 

C24 Potential financial risks N/A 

 Section D  

D Other factors affecting the reusability of the structural element  

 Overall Cronbach’s alpha for Section D = 
0.916 

 

D1 The purchasing price 0.927 

D2 Cost of insurance 0.907 

D3 Cost of testing 0.910 

D4 Cost of refurbishment (sandblasting, treatment, etc.) 0.905 

D5 Cost of design with the reused element 0.903 

D6 Storage cost 0.903 

D7 Transportation cost 0.906 

D8 Cost of labour 0.910 

D9 Cost of fabrication 0.904 

D10 Cash flow (need to purchase the element early, etc.) 0.908 

D25 Sourcing/procurement process 0.903 
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Appendix C  The required survey for assessing the economic 

reusability of a structural element using the learner in Table 3 
Table C.1 The required survey for assessing the economic reusability of a structural element using the learner in Table 3 

Seq. Code Question / Options Selected 
answer 

Remarks 

1 C24 

Negative impact of the potential financial risks. 

 

 
 
 

1 2 3 4 5 

Very high High Moderate Low Very low 

For questions 2 to 9, please assess how do the following factors might affect the economic 
reusability of the structural element? 

2 D1 

The purchasing price / the analysis cost of existing structure 
for reuse 

 

 
 
 1 2 3 4 5 

Very 
negatively 

Negatively 
No real 
effect 

Positively 
Very 

positively 

 
3 
 

D2 

Cost of insurance 

 

 
Optional 
question 

 

1 2 3 4 5 

Very 
negatively 

Negatively 
No real 
effect 

Positively 
Very 

positively 

4 D3 

Cost of testing 

 

 
 
 

1 2 3 4 5 

Very 
negatively 

Negatively 
No real 
effect 

Positively 
Very 

positively 

5 D4 

Cost of refurbishment (sandblasting, treatment, etc.) 

 

 
 
 

1 2 3 4 5 

Very 
negatively 

Negatively 
No real 
effect 

Positively 
Very 

positively 

6 D5 

Cost of design with the reused element 

 

 
 
 

1 2 3 4 5 

Very 
negatively 

Negatively 
No real 
effect 

Positively 
Very 

positively 

7 D6 

Storage cost 

 

 
 
 

1 2 3 4 5 

Very 
negatively 

Negatively 
No real 
effect 

Positively 
Very 

positively 

 
8 
 

D7 

Transportation cost   
Optional 
question 
 

1 2 3 4 5 

Very 
negatively 

Negatively 
No real 
effect 

Positively 
Very 

positively 

9 D8 

Cost of labour 

  
1 2 3 4 5 

Very 
negatively 

Negatively 
No real 
effect 

Positively 
Very 

positively 

 
10 

 
D9 

Cost of fabrication 

 
 

Optional 
question 

1 2 3 4 5 

Very 
negatively 

Negatively 
No real 
effect 

Positively 
Very 

positively 

11 D10 Cash flow (need to purchase the element early, etc.)   
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Seq. Code Question / Options Selected 
answer 

Remarks 

1 2 3 4 5  
 Very 

negatively 
Negatively 

No real 
effect 

Positively 
Very 

positively 

12 D25 

Sourcing/procurement process 

 

 
 
 

1 2 3 4 5 

Very 
negatively 

Negatively 
No real 
effect 

Positively 
Very 

positively 
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Appendix D  The sensitivity analysis of all variables (other than top-

four) 

 

Figure D.1 The impact different values the features on the reusability probabilities of the elements (sensitivity analysis) for 
D9, D1, D5, and D2 
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Figure D.2 The impact different values the features on the reusability probabilities of the elements (sensitivity analysis) for 
D3, D6, D4, and D7 
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