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ABSTRACT
Embracing technological advancement in the property valuation 
practice is unavoidable. However, studies show that valuers largely 
still adopt traditional methods of valuation. Hence, this study inves-
tigates the barriers, drivers, and prospects of the adoption of arti-
ficial intelligence (AI) valuation methods in practice. An online 
questionnaire survey was conducted on valuers practising in 
Australia. Their opinions about the topic were collected and ana-
lysed using frequency distribution and mean score ranking to 
establish the most significant factors. According to the valuers, 
the most important advantage of AI valuation methods is that 
they will help to reduce the cost of valuations. It was also found 
that the professional bodies that regulate the property valuation 
practice are the major driver of the adoption of AI valuation meth-
ods. The valuers expressed that AI valuation methods may produce 
accurate estimates. The valuers confirmed that the main prospect of 
adopting the AI valuation methods in practice is that it could trans-
form the property valuation industry. It is evident that all the 
property valuation stakeholders should invest efforts in promoting 
the adoption of AI valuation methods in practice to bridge the gap 
between theory and practice. This will help reposition the property 
valuation profession.
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Introduction

Real estate assets remain one of the most common assets held by families and individuals 
in different countries around the world (Giacomini, Ling, & Naranjo, 2015). For instance, 
in Australia, property, particularly residential property is the largest single asset for 
almost 2/3 of Australian households (Al-Masum & Lee, 2020; Lee, Stevenson, & Lee, 
2018). In other words, the activities in the property industry and property markets not 
only have a profound implication on individual households’ wealth, but also the broader 
economy of a country (Chiang, Tao, & Wong, 2015; Lee et al., 2018). Furthermore, 
different stakeholders hold real estate for several varying purposes such as for investment, 
owner-occupation, prestige, social services etc. (Bangura & Lee, 2020, 2021). Irrespective 
of the purposes of holding a property, those stakeholders require an accurate and timely 
valuation of their assets in making property-related investment decisions (Glumac & Des 
Rosiers, 2020a; Mooya, 2011). The purposes of such property valuations include but are 
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not limited to sales and acquisition, investment, mortgage underwriting, insurance, 
taxation, among others (Fortelny & Reed, 2005). Property valuation which is an “art” 
and “science” (Schneider, 2016), involvin the processing of the subject property and 
market information in arriving at a valuation figure is now tending towards more of data 
processing (science) (Abidoye, Junge, Lam, Oyedokun, & Tipping, 2019). The valuation 
process can be divided into three i.e. data, analysis and valuation and the quality of the 
valuation report is dependent on the accuracy of every step (Tretton, 2007). Getting the 
science right is very important because producing bad valuation figures could lead to 
a loss of trust in the process by the valuation report end-users (Adegoke, Olaleye, & 
Oloyede, 2013).

Valuers adopt different valuation methods in estimating properties values. Property 
valuation methods have been categorised into traditional and advanced property valua-
tion methods (Pagourtzi, Assimakopoulos, Hatzichristos, & French, 2003). Traditional 
methods include investment, comparison, residual, cost and profit methods and they 
mostly rely on the comparison method of valuation (Yacim & Boshoff, 2014). The 
traditional methods have been established to be subjective, inaccurate, unreliable, costly 
among others (Zurada, Levitan, & Guan, 2006), and they are subjective which makes 
them unreliable in this data-driven age (Grover, 2016). In contrast, advanced valuation 
methods are mostly machine learning and mathematically based and they have been 
designed to address the limitations of the traditional methods in terms of speed, accuracy, 
cost and reliability (Abidoye, 2017). The advanced methods have gained popularity in the 
property valuation field globally in different property markets (Grover, 2016; Özkan, 
Yalpır, & Uygunol, 2007), and studies have shown that they tend to generate reliable and 
accurate valuation figures when compared to traditional methods (Abidoye & Chan, 
2017a; Rossini, 1999). Mass and artificial intelligence (AI) valuations have been argued as 
a valuable tool to assist policymakers and property investors to make informed property 
investment and finance decisions (Trippi, 1990), such as value capture. As highlighted by 
Grover (2018) and Lee and Locke (2021), accurate and efficient land valuation are key 
success factors for a value capture mechanism.

Abidoye et al. (2019) found that traditional methods are being adopted by the 
Australian valuers, but the advanced methods are seldomly popular and used in practice. 
Nonetheless, it has been proven that the adoption of advanced methods could help to 
reposition the property valuation practice in becoming more sustainable and reliable 
(Gilbertson & Preston, 2005; Scheurwater, 2017). Elliott and Warren (2005) mentioned 
that for the Australian valuers to improve their services there is a need to embrace new 
technologies in practice. However, few studies have been devoted to understanding the 
key barriers for Australian valuers to adopt advanced valuation methods. Therefore, this 
study aims to investigate the barriers, drivers, and prospects of adopting the advanced 
valuation methods in practice for the first time.

As stated earlier, numerous studies have demonstrated the possibility of adopting AI 
technologies in property valuation, but the use of AI is still scanty, particularly in 
Australia. Unlike previous studies such as Glumac and Des Rosiers (2020b, 2020a) and 
Tajani, Morano, and Ntalianis (2018) etc., this study examines the barriers, drivers and 
prospects of the use of AI property valuation methods in practice from property valuers’ 
perspective. This provides policymakers, property valuers, property investors and other 
property valuation stakeholders a fuller understanding of the opportunity of adopting AI 
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in property valuation in practice. The findings provide further insights to various 
property valuation stakeholders such as government, property investors, educational 
institutions, regulatory bodies, valuation firms etc. on how to reposition the property 
valuation practice and embrace technology and innovation.

The rest of this paper is divided into four parts. The next part presents a literature 
review and the research method adopted for this study. This is followed by the results and 
discussion section and the last section concludes the paper.

Literature review

The first application of AI in the property industry was in 1991 when Borst (1991) 
applied the AI technique in property valuation. However, AI is gaining popularity among 
real estate stakeholders and is being applied widely in different specialisations of the 
property industry. For instance, AI is used for property investment decision making by 
simulating future economic scenarios, assessing investment performance etc. (Chaillou, 
Fink, & Gonçalves, 2017; Hamzaoui & Perez, 2011; Rossini, 2000), by property managers 
for scheduling maintenance, analyses of rental trends etc. (Conway, 2018; Taylor, 2017), 
for property inspections (Scheurwater, 2017), among others.

Pagourtzi et al. (2003) provide detailed descriptions of the various advanced property 
valuation methods available in the literature, and Abidoye and Chan (2017a) and Peter, 
Okagbue, Obasi, and Akinola (2020) presented the review of the application of the 
artificial neural network (ANN) in property valuation in terms of the research trends, 
pattern, and the application framework. Their findings suggest that AI property valuation 
methods have been gaining more attention in the literature. More specifically, numerous 
studies have demonstrated the use of a number of AI techniques for property, land and 
Real Estate Investment Trust (REIT) valuation. These techniques include ANN (Abidoye 
& Chan, 2017a, 2017b; Brooks & Tsolacos, 2010; Fausett, 1994; García, Gámez, & Alfaro, 
2008; Kathmann, 1993; Peterson & Flanagan, 2009; Yacim & Boshoff, 2014), decision- 
based models (Antipov & Pokryshevskaya, 2012; Reyes-Bueno, García-Samaniego, & 
Sánchez-Rodríguez, 2018), expert systems and decision support systems (Amidu & Boyd, 
2018; Kilpatrick, 2011; Lam, Yu, & Lam, 2009; Naderi, Sharbatoghlie, & Vafaeimehr, 
2012), and case-based reasoning (Gonzalez & Laureano-Ortiz, 1992; Yeh & Hsu, 2018).

It should be noted that no single AI property valuation method fits all real-life 
situations (Pagourtzi, Metaxiotis, Nikolopoulos, Giannelos, & Assimakopoulos, 2007; 
Tse, 1997). More recently, Wang and Li (2019) suggested that real estate value can be 
better modelled with a combination of artificial intelligence, geo-information systems, 
and mixed methods. Further, studies such as Lam, Yu, and Lam (2008), Grover (2016), 
Abidoye and Chan (2016), Kok, Koponen, and Martínez-Barbosa (2017), among others 
have discussed the advantages and disadvantages of different advanced property valua-
tion methods. Elliott and Warren (2005), Downie and Robson (2008), Abidoye and Chan 
(2017b), Wilkinson, Halvitigala, and Antoniades (2017), Abidoye and Chan (2017a) have 
extensively discussed the drivers of the application of AI property valuation methods. 
Importantly, RICS (2016) found that the use of AI in property valuation has received 
increasing attention since the Global Financial Crisis (GFC). The advancement of this 
disruptive technology has also been seen as a significant challenge for property valuers.
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To sum up, extensive studies have demonstrated the use of AI in the property 
industry. Numerous studies even provided empirical evidence to show the superiority 
of AI in producing accurate property valuations over traditional valuations. However, 
little study, to the best of our knowledge, has been devoted to the barriers of valuers to 
adopt a mass and AI program in property valuation.

Research methodology

In this study, a quantitative research approach was adopted. This is because a large study 
population was surveyed (Easterbrook, Singer, Storey, & Damian, 2008). A structured 
online questionnaire survey was conducted with Australian valuers as the target respon-
dents (Abidoye et al., 2019). The questionnaire was designed using the Qualtrics survey 
platform hosted by the University of New South Wales (UNSW). Given this study aims to 
examine the perceptions of property valuers in terms of the barriers, drivers and pro-
spects of AI adoption in property valuation, a survey emerges as an effective and efficient 
tool to assess humans’ perceptions and attitudes as discussed by Newell, Lee, and Kupke 
(2015), Lee, Reed, and Robinson (2008) and Rogelberg and Stanton (2007). Further, 
previous studies have adopted the online questionnaire survey and it has produced robust 
data and results for property research. See, for instance, Mooya (2015), Abidoye, Chan, 
and Oppong (2018), Bulut, Wilkinson, Khan, Jin, and Lee (2020), Low, Ullah, 
Shirowzhan, Sepasgozar, and Lee (2020), Khan, Wang, and Lee (2021), among others.

In this study, valuers practising in the Australian property valuation space were the 
study population and research participants. Hence, the questionnaire was only admi-
nistered to the valuers registered with the Australian professional body that regulations 
the practice, i.e. the Australian Property Institute (API) (Abidoye et al., 2019). Before 
the questionnaire administration, a pilot study was conducted with four property 
valuers that possess between five to 20 years of professional experience. The construc-
tive comments received from the pilot study were used to revise the final copy of the 
questionnaire before administration. API sent the questionnaire link to about 8,000 
registered members via the regular e-newsletter. Because API uses the e-newsletter to 
communicate with its members, it is assumed that all the members will be reached. 
However, members that are not computer savvy might not have responded to this 
survey. The survey period lasted for six weeks, and a reminder was sent in the third 
week. This was aimed at increasing the response rate for the survey. When the data 
collection period ended, a total of 73 responses were submitted and after the data 
cleaning process, only 64 responses were found to be valid and to be analysed in this 
study (Abidoye et al., 2019). The sample size is somewhat relatively small, but the 
sample size of this study can be representative of the total population under study and 
generate robust results that would be useful to all stakeholders. The reasons are 1) the 
characteristics of the respondents of this study are very similar to the characteristics of 
API membership. For instance, Australian Property Institute (2020) reported that the 
ratio of female to male members is 23% and 77%, respectively, and our study found this 
ratio to be 23.4% to 76.6%, respectively, 2) the difference between large and small 
sample size in terms of statistics is 32 (Levin & Rubin, 1998), 3) a sample size of 30 and 
above is regarded as a large sample size for this type of quantitative analysis (Ott & 
Longnecker, 2015; Verma, 2013), 4) low response rate is not uncommon in the built 
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environment research (Akintoye & Fitzgerald, 2000), and some previous studies have 
also received low responses. For instance, Finlay and Tyler (1991) (25 responses), 
Effiong (2015) (38 responses), Abidoye et al. (2018) (21 responses), Adabre et al. 
(2020) (51 responses), among others. Particularly in Australia, Warren-Myers and 
Cradduck (2021) administered their questionnaire link to Australian valuers via 
API’s e-newsletter (similar to this study) and got 21 valid responses.

The questionnaire invitation letter includes the aim of the survey and the description 
of both traditional and advanced property valuation methods. This was done to ensure 
that the respondents clearly understand the options provided to them. The rest of the 
questionnaire was divided into two parts. In the first part questions about the respon-
dents’ characteristics in terms of their age, gender, years of professional experience, 
practice location, highest educational qualification and area of specialisation were 
asked (Abidoye et al., 2019). The second section consists of questions that are the focus 
of this research. The valuers’ opinion about the advantages of adopting AI valuation 
methods in practice, the driver of adopting AI in practice, the barriers of adopting AI in 
property valuation, and the prospects of adopting AI valuation methods in practice. The 
variables presented to the valuers were extracted from the literature (Abidoye & Chan, 
2016, 2017b; Elliott & Warren, 2005; Glumac & Des Rosiers, 2020a; Grover, 2016; Kok 
et al., 2017; Wilkinson et al., 2017), and the authors’ experience. Under those four 
questions, the valuers were requested to indicate their level of agreement with the 
different variables of each question. Their level of agreement was provided on a five- 
point Likert scale of “strongly disagree” (1) to “strongly agree” (5).

The statistical package for the social sciences (SPSS) version 23.0 software was used for 
the analysis of the collected data to conduct a frequency analysis, mean score (MS) 
ranking and Cronbach’s alpha test. The internal consistency of the responses received 
was evaluated using Cronbach’s alpha test. Cronbach’s alpha values range between 0 and 
1 and the lowest satisfactory threshold is 0.70 (Hair, Black, Babin, Anderson, & Tatham, 
2010) and the highest satisfactory threshold is 0.90 (Tavakol & Dennick, 2011). 
Descriptive statistics in the form of frequency distribution was adopted to analyse the 
information about the characteristics of the respondents (section one of the question-
naire). Besides, it was adopted to analyse the opinions of the valuers presented for the 
questions in section two of the questionnaire. MS ranking was adopted to establish the 
significance of the variables under the questions in section two of the questionnaire. The 
adoption of the MS ranking analysis technique has been employed in the property 
literature (see, for instance, Abidoye & Chan, 2017b; Yu, Javed, Lam, Shen, & Sun, 
2018). Since a five-point Likert scale was used in this study, the MS values will range 
between 1.000 and 5.000. Hence, a variable that gets the highest MS value under each 
category will be deemed to be more significant when compared with others. The 
calculation of the MS value for each variable was done using the formula expressed in 
Equation 1 (Abidoye, 2017). 

MS ¼
5n5 þ 4n4 þ 3n3 þ 2n2 þ 1n1

N
(1) 

Where n is the score provided by the respondent on a five-point scale and N is the 
number of respondents that ranked the variable.
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Results and discussion

In this study, a Cronbach alpha value of 0.78 was generated from the collected data 
(Abidoye et al., 2019). This value is satisfactory because it is above the threshold of 0.70 as 
suggested by Hair et al. (2010). Generating a satisfactory alpha value depicts that there is 
an acceptable internal consistency in the responses received and used in this study. 
Therefore, robust inferences and conclusions can be made from this study.

Table 1 contains information about the characteristics of the valuers. In terms of the 
gender of the valuers, about 77% of the valuers are male while the rest 23% indicated that 
they are female. Coincidentally, this statistic reflects the same gender distribution 
reported by the Australian Property Institute (2020), i.e. the members of API consist of 
23% female and 77% male. This depicts that property valuation practice is dominated by 
male professionals. The age distribution shows that a majority (32.5%) are above 55 years 
old and the second most represented are those below 30 years (15.6%). This aligns with 
the findings of Wilkinson et al. (2017) that the API consists of an ageing membership. 

Table 1. Valuer’s characteristics.
Characteristics Frequency Percentage (%)

Gender
Male 49 76.6
Female 15 23.4

Total 64 100.0
Age

26–30 years 10 15.6
31–35 years 5 7.8
36–40 years 9 14.1
41–45 years 8 12.5
46–50 years 6 9.4
51–55 years 5 7.8
Above 55 years 21 32.5
Total 64 100.0

Educational qualification
High school certificate/ Certificate I–IV 4 6.2
Diploma, Advanced diploma, Associate degree 10 15.6
Bachelor’s degree and honours 27 42.2
Graduate certificate and Graduate diploma 13 20.3
Master’s degree 10 15.6
Doctoral degree 0 0.0
Total 64 100

Years of experience
0–5 years 12 18.8
6–10 years 4 6.3
11–15 years 7 10.9
16–20 years 12 18.8
Above 20 years 29 45.3
Total 64 100.0

Specialisation in practice
Property valuation 57 89.1
Real estate agency 1 1.6
Consultancy/advisory service 2 3.1
Asset management 1 1.6
Property development 1 1.6
Others 2 3.1
Total 64 100.0

Source: Abidoye et al. (2019).
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This implies that about 30% of the valuers could retire very soon, which is the situation in 
some other countries such as the UK, the US and South Africa, among others (Coyle, 
2015; Downie & Robson, 2008).

For the highest educational qualification, the information shows that about 78% have 
acquired at least a bachelor’s degree, which includes a graduate diploma, a graduate 
certificate and a master’s degree (see Table 1). This depicts that the valuers are well 
educated and sought to acquire more knowledge through further higher education. 
Almost half (45.3%) of the valuers possess industry experience of above 20 years. This 
aligns with the age distribution of the valuers because expectedly ageing membership will 
translate to a majority having a good knowledge of the profession which suggest that the 
collected data in this study is provided by valuers that have a good knowledge of the 
property valuation practice. When considering the specialisation of the valuers, 89.1% of 
them specialise in property valuation. The specialisation of many of the valuers in 
property valuation is noteworthy for this study. Further, the experience of others that 
specialise in other areas is helpful in property valuation (Mooya, 2015).

The location of practice of the valuers is categorised into the six states in Australia. It 
was found that 42.2% practice in New South Wales, 23.4% in Queensland, 17.2% in 
Victoria, 6.3% in South Australia, 3.1% in Western Australia and Australian Capital 
Territory, respectively, and 4.7% prefer not to disclose this. The distribution of the 
valuer’s location of practice shows that most of the valuers practice in big cities which 
is similar to the report of the Australian Property Institute (2020).

Advantages of AI valuation methods

Valuers’ perception of the advantages of AI valuation methods could have an impact on 
their willingness to adopt the methods. Therefore, a list of potential advantages of AI 
valuation methods according to previous studies was presented to the valuers to indicate 
whether they agree or not. The MS are surprisingly low (Table 2). From the findings 
presented in Table 2, it can be seen that the valuers only agreed to one of the advantages 
which is it would “help reduce the cost of property valuation practice”, with an MS value 
of 3.2344. This corroborates the positions of Grover (2016) and Kok et al. (2017) that 
automated valuation practice is cost-effective. Specifically, the AI mass valuation system 
assists valuers to achieve a lower cost/valuation, especially, for mass property valuation 
for taxation purposes. In such a valuation exercise, fewer human valuers will be required, 
and some processes will be automated. Although the setting up of an AI valuation system 
could require some capital, this can be recouped over time. Most valuers do not think AI 
valuation methods are better than human valuers, especially when it comes to accuracy. 
This result could probably be due to the low awareness level and low adoption rate of AI 

Table 2. Valuers’ opinion on the advantages of AI valuation methods.
Advantage Mean score Ranking

Help reduce the cost of property valuation practice 3.2344 1st

Work more efficiently than traditional property valuation methods 2.9063 2nd

Free human valuers from the onerous work of property valuation 2.8281 3rd

Reduce the subjective interference involved in a valuation 2.7813 4th

Provide more accurate estimates than traditional property valuation methods 2.3438 5th

Overall better than traditional valuation methods 2.2188 6th
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valuation methods among the valuers (Abidoye et al., 2019). Additionally, it could be 
attributed to the fact that valuers are used to the adoption of the traditional methods in 
practice and feel that the AI methods will add no value to practice (Mooya, 2011).

Drivers of the adoption of AI valuation methods

A series of potential drivers of the adoption of AI valuation methods were presented to 
the valuers and they provided their opinion on them, and the MS ranking values of those 
drivers are listed in Table 3. It can be seen from Table 3 that valuers think that 
professional bodies are the most effective driver for the wide adoption of new technol-
ogies, which is in line with the results of Abidoye and Chan (2017b) that found that 
professional bodies are the most important stakeholders to drive the valuers’ adoption of 
AI property valuation methods in practice. According to Abidoye and Chan (2016), 
valuers are quite willing to attend training on AI valuation methods, providing profes-
sional bodies with a good platform to promote AI valuation methods. The cooperation 
between AI software firms and property firms is the second most important driver. This 
could be because of the need to design bespoke software that will fit the professionals’ 
need to build the bridge between theory and practice (Shmueli, 2010).

It is interesting to see that “AI methods to be introduced in schools’ curriculum” is the 
least agreed driver based on the valuers’ opinion. On the contrary, it has been argued in 
the literature that education is important in promoting the know-how of the AI valuation 
methods among valuers (Wilkinson et al., 2017), and researchers believe that education 
providers should equip their graduates with new technologies before entering the 
industry (Elliott & Warren, 2005). The reason for this difference might be that practi-
tioners believe that the know-how of the AI valuation methods could be acquired 
through training, workshops and on the job rather than in the classroom.

Barriers to the adoption of AI valuation methods

A series of potential barriers to the adoption of AI valuation methods were listed based 
on the findings of previous studies. The MS ranking of the factors is presented in Table 4. 
The ranking in Table 4 reveals that valuers doubting the accuracy of AI valuation 
methods is the highest barrier to the adoption of them in practice with an MS value of 
3.8594. The cost of the software and operative difficulty are also deemed as barriers, 
which are ranked as the second and third barriers, with MS values of 3.1563 and 3.0625, 

Table 3. Valuers’ opinion on the drivers of the adoption of AI valuation methods.

Drivers
Mean 
score Ranking

Professional bodies (API, RICS, etc.) to organise conferences, seminar, workshop or courses on AI 
valuation topics

3.7031 1st

Closer cooperation between AI valuation software firms and property firms/organisations 3.6719 2nd

Easier access to market data 3.5781 3rd

The valuer’s personal decision to try new technology 3.5625 4th

The software to be more user-friendly 3.5000 5th

AI methods to be introduced in schools’ curriculum 3.3438 6th
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respectively. This is different from the position of some scholars that argues that the 
adoption of AI is cost-effective and easy to operate by non-computer experts (Borst, 
1991; Grover, 2016; Wong, So, & Hung, 2002). The last three barriers in terms of the 
adoption of AI valuation methods by the valuers are related to time-wasting and trust in 
the technology. This suggests that the valuers are relatively open to new technologies like 
AI valuation methods and the barriers to their adoption are surmountable. Once the 
accuracy, affordability and operative easiness of AI valuation software are improved and 
acceptable to valuers, valuers would be more likely to adopt these valuation methods in 
practice. And when the experience of the valuers are combined with new data-driven 
technologies, that would drive towards achieving more accurate valuation estimates 
(Schneider, 2016).

Prospect of the adoption of AI valuation methods

Some statements about the prospects of AI valuation methods adoption were listed in 
the questionnaire which are presented in Table 5. The valuers were requested to 
indicate their level of agreement with the statements. The first highly ranked state-
ment is that valuers tend to believe that “AI will transform the property valuation 
profession in Australia” with an MS value of 3.3906. This result indicates that 
although valuers do not know or adopt AI valuation methods in practice, they are 
aware of the developing momentum of AI and its influence on society. It is believed 
that new technologies, including AI, are going to be embraced in the property 
valuation industry (Blass, 2016). Further, many companies such as APM Price 
Finder, CoreLogic are already adopting AVMs to generate property valuation reports 
(Wilkinson, Antoniades, & Halvitigala, 2018). Valuers might have realised the influ-
ence of new technologies and the survey result indicates that most of the valuers are 
prepared for the paradigm shift.

Table 4. Barriers to the adoption of AI valuation methods.
Barriers Mean score Ranking

They may not provide accurate estimates 3.8594 1st

The software is expensive 3.1563 2nd

The models are difficult to operate (not user-friendly) 3.0625 3rd

Their adoption will not save time 2.9219 4th

I do not trust new technologies 2.6406 5th

It wastes time to learn new technology 2.4531 6th

Table 5. Prospect of the adoption of AI valuation methods.

Statements

Level of agreement (%) Mean 
scoreSA A N D SD

AI will transform the property valuation profession 23.4 29.7 29.7 14.1 3.1 3.3906
I will use AI valuation methods once I have learned it 4.7 26.6 48.4 10.9 9.4 3.0625
AI will replace human valuers 18.8 28.1 10.9 23.4 18.8 3.0313
AI should be widely adopted in Australia 4.7 28.1 28.1 29.7 9.4 2.9219
The wide adoption of AI valuation methods will benefit the Australian 

property industry and the economy
9.4 12.5 23.4 29.7 25.0 2.6094

SA – Strongly agree A – Agree N – Neutral D – Disagree SD – Strongly disagree.
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Secondly, more valuers (31.3%) are willing to adopt AI valuation methods based 
on the statement “I will use AI valuation methods once I have learned it” (see Table 
5). While almost half (48.4%) of the valuers responded neutrally, more valuers agree 
(31.3%) than disagree (20.3%) with this statement. This corroborates the results of 
Abidoye and Chan (2017b) which reveals that 82% of the surveyed valuers indicated 
their willingness to adopt AI valuation methods in practice. The high percentage of 
neutral opinion in this study could be probably due to the low awareness of AI 
valuation methods. People tend to be conservative when talking about something 
they do not know. It is even more obvious when it comes to valuation. A profession 
where a practitioner tries to achieve higher accuracy using the methods they are best 
at, and avoid risks brought by uncertainty such as not-so-widely adopted new 
technologies. Thus, training that focuses on equipping the valuers with the knowl-
edge of the AI valuation methods are important for the adoption of the AI methods 
in practice. Overall, the results indicate a positive tendency towards the adoption of 
AI valuation methods. More willingness to adopt the AI methods could be expected 
if the highly ranked drivers earlier discussed work effectively and the main barriers 
earlier established are eliminated.

Thirdly, more valuers believe that AI will replace human valuers in the property 
valuation industry. As shown in Table 5, 46.9% of the valuers agree and strongly agree 
that AI has the potential to replace human valuers, suggesting that valuers are appre-
hensive of the threats from AI to their jobs. AI is developing fast and gaining popularity 
(Abidoye, 2017), however, it is not designed to replace the human valuers rather 
complement their efforts (Lenk, Worzala, & Silva, 1997). Researchers like Motta and 
Endsley (2003) believe that AI will take over boring tasks, while humans focus on higher- 
level tasks. As property valuation exercise needs a large amount of information and 
intelligence, and there may not be enough robust data in some property markets to train 
the AI system, property valuers will not be entirely replaced by AI. As Motta and Endsley 
(2003) predicted, property valuers would be information arbiters, focusing more on 
market analysis in the future, leaving the boring information-gathering tasks to AI. On 
the other hand, valuation is an “art and science” (Bradford, 2014), hence, AI can handle 
the “science” part but cannot handle the “art” part, where a valuer’s good knowledge of 
the subject property helps to enhance the property valuation exercise (Shapiro, Mackmin, 
& Sams, 2012).

Fourthly, most valuers (39.1%) disagree and strongly disagree that “AI should be more 
widely adopted in Australia”. As shown in Table 5, the position of the valuers toward this 
statement is distributed evenly to some extent. However, the slightly higher percentage of 
disagreement (39.1%) than agreement (32.8%) indicates that valuers’ confidence in the 
wide adoption of AI valuation methods is not strong. This lack of enthusiasm is, to some 
extent surprising, compared to AI valuation methods’ popularity among researchers and 
used in practice in some property markets (Abidoye & Chan, 2017a). Wilkinson et al. 
(2018) stated that valuers should see AI valuation methods as a strategic partner instead 
of a threat and should leverage them. However, according to the response to this 
question, a large percentage of valuers do not see a bright future for these new technol-
ogies. If AI valuation is to be adopted nationwide, a lot more campaigns and promotions 
are necessary, and this could be carried out by professional bodies, educational institu-
tions, valuation firms, etc. accordingly.
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Lastly, most valuers, i.e. 54.7% of the valuers disagree and strongly disagree that “the wide 
adoption of AI valuation methods will benefit the Australian property industry and the 
economy”. It is interesting to discover that although most people believe that AI is going to 
strike both the property valuation profession and the general economy, not many valuers 
believe that the impact would be beneficial. According to the response to this statement, only 
21.9% of the valuers think AI will benefit the property industry and the economy (Table 5). 
This result is quite different from the position of some researchers such as Azmi, Nawawi, Ab 
Latif, and Ling (2013) and Abidoye and Chan (2017b) that reported that the adoption of AI 
property valuation methods would transform the Malaysian and Nigerian property valuation 
practice, respectively, and impliedly the national economy. Also, researchers have argued 
that AI valuation methods could help valuers to save time, cost and reduce inaccuracy 
(Abidoye & Chan, 2017a; Chaphalkar & Sayali, 2013; Morano, Tajani, & Torre, 2015; Taffese, 
2006), which is beneficial to the property industry (Abidoye, 2017).

Overall, the valuers’ attitude towards AI valuation methods is complicated and even 
a little self-contradictory. On one hand, valuers have shown a positive tendency to adopt 
these advanced methods and they agree that AI has the potential to replace human 
valuers and will transform the property valuation profession in Australia. On the other 
hand, they do not think AI valuation methods will be adopted nationwide or benefit the 
property industry and the economy. These self-contradictions reveal the valuers’ mixed 
feelings with those techniques in the valuation industry. It can be suggested that with the 
improvement of the awareness level and adoption frequency of AI techniques, valuers’ 
attitudes will become more consistent.

The relationship between the valuers’ age and their opinion of the prospects of AI 
property valuation methods in practice was examined. The results of the cross-tabulation 
are presented in Table 6. It was found that the majority of the valuers in the age bracket of 
51 years and above agreed and strongly agreed that the adoption of AI property valuation 
methods in practice will transform the valuation industry. It is interesting to know that 
senior valuers believe in the transformative power of information technology (IT) in the 
property valuation practice. This may be because they believe that this will serve as 
a support tool to the young valuers considering that there might be a shortage of valuers 
in the future because of the ageing population (Downie & Robson, 2008). The low 
agreement by the young valuers to this statement could be because of their already 
established awareness and attraction for trending IT (Abidoye, 2017), which has been 
applied in different disciplines (Glumac & Des Rosiers, 2020a). Also, presented in Table 6 
are the responses of the valuers regarding the willingness to adopt AI property valuation 
methods in practice once learnt. It shows that valuers above 55 years are willing and eager 
to adopt AI valuation methods in practice. The plausible reason for this could be because 
they are approaching retirement and the window of opportunity of experiencing the 
practice transformation is getting closed. This is contrary to the findings of Boshoff and 
De Kock (2013) that reported that older valuers in South Africa are not inclined towards 
embracing the advanced property valuation methods in practice because of their famil-
iarity with traditional valuation methods and that the wide adoption of AI valuation 
methods could lead to valuers’ loss of jobs. However, AI valuation methods cannot 
replace valuers, they can serve as a support tool because the market knowledge of the 
valuer is necessary to estimate an accurate valuation figure (Abidoye, 2017; Gilbertson & 
Preston, 2005).

PACIFIC RIM PROPERTY RESEARCH JOURNAL 99



Ta
bl

e 
6.

 V
al

ue
rs

’ a
ge

 a
nd

 p
ro

sp
ec

ts
 o

f A
I v

al
ua

tio
n 

m
et

ho
ds

 c
ro

ss
-t

ab
ul

at
io

n.
St

at
em

en
t

Ag
e

St
ro

ng
ly

 d
is

ag
re

e
D

is
ag

re
e

N
eu

tr
al

Ag
re

e
St

ro
ng

ly
 a

gr
ee

To
ta

l

AI
 w

ill
 t

ra
ns

fo
rm

 t
he

 v
al

ua
tio

n 
in

du
st

ry
26

–3
0 

ye
ar

s
1

0
7

2
0

10
31

–3
5 

ye
ar

s
0

0
4

1
0

5
36

–4
0 

ye
ar

s
0

0
7

1
1

9
41

–4
5 

ye
ar

s
0

1
3

1
3

8
46

–5
0 

ye
ar

s
0

0
1

4
1

6
51

–5
5 

ye
ar

s
0

2
1

1
1

5
Ab

ov
e 

55
 y

ea
rs

0
3

11
3

4
21

To
ta

l
1

6
34

12
10

64
I w

ill
 u

se
 A

I v
al

ua
tio

n 
m

et
ho

ds
 o

nc
e 

I h
av

e 
le

ar
ne

d 
it

26
–3

0 
ye

ar
s

1
1

7
1

0
10

31
–3

5 
ye

ar
s

0
2

3
0

0
5

36
–4

0 
ye

ar
s

1
0

6
2

0
9

41
–4

5 
ye

ar
s

1
1

2
3

1
8

46
–5

0 
ye

ar
s

0
1

1
3

1
6

51
–5

5 
ye

ar
s

0
0

2
2

1
5

Ab
ov

e 
55

 y
ea

rs
3

2
10

6
0

21
To

ta
l

6
7

31
17

3
64

100 R. ABIDOYE ET AL.



Conclusions

There is a mixed opinion on the importance of embracing the AI property valuation 
methods in addition to the traditional methods in practice among stakeholders. While 
some stakeholders, especially valuers, argues that the adoption of AI methods will be 
a game-changer in the valuation industry, some think otherwise. Therefore, this study 
was conducted to investigate the barriers, drivers, and prospects of the adoption of AI 
property valuation practice. An online questionnaire survey was conducted on valuer 
practising in Australia. Their opinion on the questions and factors posed to them was 
analysed using descriptive statistics and MS ranking.

According to the opinion of the valuers, it was found that the adoption of the AI 
valuation process in practice would help to reduce the cost of valuation exercise which 
suggests that valuation can be conducted more efficiently. On the drivers of the adoption of 
AI methods in practice, the professional bodies were the highest-ranked factor, reflecting 
that amongst the valuation stakeholders, professional bodies are closer to the valuers; 
thereby they can organise training, continuing professional development (CPDs) etc. to 
promote the use of AI. Valuers also indicated that the AI valuation methods may not 
produce accurate estimates is the most important barrier to their adoption in practice. 
Although studies have reported that AI valuation methods outperform traditional meth-
ods, the low adoption and awareness of AI methods amongst valuers could be the reason 
for this result. The two most important prospects of the adoption of AI methods are that it 
will transform the property valuation practice, and also the valuers indicated that they 
would adopt them in practice as soon as they acquire the know-how. Most senior valuers 
support the prospects of AI valuation in practice when compared with younger valuers.

Since valuers are willing to embrace AI valuation methods in practice, therefore, the 
professional bodies which are the major drivers need to strategise on how to promote this 
among the valuers. When this is achieved, the transformation that AI had brought to 
other fields of studies around the world will be experienced in the property valuation 
space which will lead to a sustainable practice. Sixty-four valid responses were analysed 
and reported in this study. This size is within the range of what were recorded in past 
studies and the characteristics of the respondents align with that of API. Hence, the 
sample size of this study should be borne in mind when interpreting the results, so as not 
to generalise it to the Australian property valuation practice. When more data are 
available, the results of this study may be different. Also, given that the awareness and 
adoption of AI valuation methods are still in their infancy, it isnecessary to investigate the 
role and the opportunity of professional bodies in promoting the adoption of AI among 
the valuers.
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