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Abstract 

Applying building information modeling (BIM) and virtual reality (VR) in construction education is an effecti v e w a y to achie ve better 
study moti v ation, learna bility, cr eati vity, and observ ation of the r eal w orld. How ev er, whether differ ent lev els of BIM prior knowledge 
affect students’ VR experimental learning, if at all, has not been examined. Ther efor e, this study employs a teaching intervention 

experiment to access the VR learning process based on the BIM prior knowledge. A total of 47 students, from the Department of 
Ar c hitectur e and Ci vil Engineering, City Uni v ersity of Hong Kong, participated in the experiment. They wer e gr ouped according to 
whether they had taken the prior BIM tutorial section, with 23 participants in the group having completed the tutorial and 24 par- 
ticipants in the group that had not. Experiment materials were created and rendered via Autodesk Revit and Iris VR; the materials 
supported three tasks related to the underground design re vie w scenarios and three other tasks about site planning re vie w scenarios. 
After the experiment, a comparison study was done to discuss their differences based on VR task performances and satisfaction. The 
r esults r ev ealed that the BIM prior knowledge mediated both the two-dimensional and thr ee-dimensional navigations when students 
performed the tasks. Mor eov er, the r elationship differ ences within the satisfactions sho wed that BIM prior kno wledge effecti v el y af- 
fected the learning outcomes. In conclusion, the comparison study implies that students’ BIM prior knowledge is efficacious in the 
students’ VR task performance and their VR satisfaction from cognitive and memory perspectives. 

Ke yw ords: construction education, building information modeling, virtual reality, prior knowledge 
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. Introduction 

irtual reality (VR) has been shown to be a pr omising envir on-
ent for assisting students’ comprehension of lecture material

n construction education and learning (Lucas & Gajjar, 2022 ;
ark & Koo, 2022 ). Although building information modeling (BIM)
as r e v olutionized the ar c hitectur e, engineering, and construc-
ion (AEC) industry, studies have shown that such a shift from the
ision of project information realization can achieve its full po-
ential by le v er a ging both BIM and VR (Alizadehsalehi et al., 2020 ;
im et al., 2021 ; Scheffer et al., 2018 ). In terms of construction ed-
cation, the importance of students’ learning outcomes cannot
e ov erstated, particularl y due to the widespr ead use of virtual
esign and construction in the field of construction education

Yoon et al., 2015 ). Such learning refers to not only a sense of
patial immersion but also the cognitive psychology and human
emory system involved in learning (Weibel & Wissmath, 2011 ).

patial immersion is the sense of being present in a virtual en-
ir onment, whic h depends on the quality and consistency of the
isual, auditory, and ha ptic stim uli pr ovided by the VR (De Paolis &
e Luca, 2022 ). The realistic and interactive virtual scene it creates
an also influence the cognitiv e psyc hology of students in spa-
ecei v ed: August 9, 2023. Revised: October 4, 2023. Accepted: October 4, 2023 
The Author(s) 2023. Published by Oxford Uni v ersity Pr ess on behalf of the Society

istributed under the terms of the Cr eati v e Commons Attribution License ( https://
istribution, and r e pr oduction in any medium, pr ovided the original work is pr ope
ial orientation, attention, and problem-solving (Hruby et al., 2020 ;
hao et al., 2020 ). Cognitive psychology refers to human men-
al pr ocesses, suc h as learning, r easoning, and decision-making
Lac hman et al., 2015 ). Immersiv e and enga ging learning envir on-

ents can also enhance students’ memory retention and transfer
Azarby & Rice , 2022 ). T he human memory system is the mecha-
ism that enables the stor a ge and r etrie v al of information in the
rain (Loftus, & Loftus, 2019 ). VR can affect students’ memory
ystems by altering the encoding and consolidation of informa-
ion, by providing multi-sensory and emotional experiences that
ncrease the salience and distinctiveness of the information. 

Adopting virtual design and construction in construction
ourses has been statistically shown to enhance study motiva-
ion, learnability, creativity, and observation of the real world; it
as also been found that additional efforts are needed to deal with
he issues related to the BIM prior knowledge (Alizadehsalehi et al.,
019 ). The existing r esearc h works r e v ealed that prior percep-
ions of knowledge shall affect students’ ability in new learn-
ng i.e., what the students already know or have experienced,
 ould be “activated” b y using them in the analysis and predic-

ion (Ambrose et al., 2010 ; Johri & Olds, 2014 ). Ho w e v er, an anal-
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ysis of how students’ BIM prior knowledge (i.e., prior perception 

from their long-term nondeclarative memory) mediates the stu- 
dents’ VR task performances and their VR satisfaction is still not 
clear but is likely substantial. That is whether students connect- 
ing their BIM prior kno wledge to VR study w ould affect their 
VR performances and satisfaction, because of pr e vious acquisi- 
tion of three-dimensional (3D) model controlling and reasoning, 
etc. When VR is integrated into courses, if the students lack the 
BIM prior knowledge (e.g., a 3D experience), they may not ef- 
fectiv el y explor e the VR learning task without the help of their 
perceptual priming. Ne v ertheless , it ma y cause the students to 
encounter mentall y extr aneous cognitiv e load and hav e nega- 
tive impacts on working memory (Hsu et al., 2017 ), ther eby r e- 
ducing the available cognitive resources for processing the rel- 
e v ant information and integrating it with BIM prior knowledge 
when working with new software or platforms. Working mem- 
ory is very limited in its capacity and duration, so any unneces- 
sary load can impair learning and performance, which would af- 
fect their VR satisfaction and task performance (i.e., confidence 
in completing the tasks without err ors). Ther efor e, understand- 
ing the relationships among BIM prior knowledge, VR task per- 
formance, and satisfaction is important for enabling instructors 
to produce better course design, especially as existing knowledge 
has not depicted and r e v ealed suc h r elationships. Further explo- 
ration is warranted to better understand students’ VR learning 
outcomes. 

Given the volume of BIM and VR applications in construc- 
tion education, r esearc h should explor e their effects on the rele- 
vant students because such applications are expected to improve 
course design knowledge about the relationships among students’ 
BIM prior knowledge, VR task performances, and VR satisfaction.
Ther efor e, the students who participated in this study were un- 
der gr aduates majoring in construction engineering and manage- 
ment. T he experiments in volv ed instruments that measur ed stu- 
dents’ performances associated with the tutorial task to obtain 

a broader understanding of students’ behavior; survey question- 
nair es wer e conducted to associate the findings with their VR sat- 
isfaction. 

2. Theoretical Points of Departure 

This study r e vie wed thr ee main ar eas r ele v ant to this r esearc h:
(i) BIM and VR in construction education and learning, (ii) prior 
knowledge’s effect on learning performance, and (iii) prior knowl- 
edge’s effect on learning satisfaction. 

2.1. BIM and VR in construction education 

BIM, the significant and pr omising c hange in the AEC digital infor- 
mation format, has been widely adopted in construction projects 
as it produces a data-rich model and shifts the AEC industry from 

a vision to a r ealization (Sc heffer et al., 2018 ; Volk et al., 2014 ).
The broad adoption of BIM in the industry has created the need 

and increased its use within higher education curricula in or- 
der to pr epar e students succeed in their future career compe- 
tition (Badrinath et al., 2016 ; Puolitaival & Forsythe, 2016 ). Em- 
bedding BIM into existing and new courses with related work- 
shops has been recognized as helping students’ comprehension of 
the complex construction product and w orkflo w process (Huang,
2018 ; Sacks & Pikas, 2013 ). Although BIM provides a digital for- 
mat with a degree of simulation and visualization (i.e., desktop- 
based 3D), its project information has not been entirely pre- 
sented on a real scale or supported users’ physical walk-through 
n a practical scale, in which a sense of presence supports the
avigation of the real-scale structure or construction site (Al- 

zadehsalehi et al., 2020 ). It also necessitates immersive tech-
iques that support users’ interactions with spatial components 
nd other details from the model, including observing them from
ultiple educational perspectives. VR offers one solution to these 

ssues (Alizadehsalehi et al., 2020 ; Huang et al., 2020 ; Radianti et al.,
020 ). 

VR, as one of the immersive technologies, is capable of offer-
ng sensations such as realistic images and sounds and simu-
ating the user’s physical presence in its software environment 
A uyeskhan et al. , 2023 ; de Groot et al., 2020 ). Since 2005, VR has
een incr easingl y emplo y ed in both the AEC industry and edu-
ation fields (Alizadehsalehi et al., 2020 ; Sun et al., 2019 ). Le v er-
ging both the BIM and VR technologies within construction 

ourses, the BIM model can be brought into the virtual space by
R, whic h pr ovides students with an inter activ e experience (e.g.,
alk-through) with a realistic scale of structure or construction 

ite in a safe and simulated environment (Li et al., 2018 ; Wong et al.,
020 ). Students involved in such a course are capable of facilitat-
ng on-site planning and design analysis as well as inter activ e pr e-
entations for better collaboration in their gr oup pr oject (Du et al.,
018 ; Fu & Liu, 2018 ; Muhammad et al., 2019 ). In ad dition, the y can
etter understand the complex design, depict its issues, and r eac h
etter scenario decisions (Lee et al., 2023 ; Romano et al., 2019 ; Sut-
liffe et al., 2019 ). 

.2. Prior knowledge’s effect on learning 

performance 

rior knowledge is the information a student already has before
hey learn new contexts, and research has revealed that prior
nowledge affects students’ ability in new learning as what stu-
ents already know or have experienced, would be “activated.”

Ambrose et al., 2010 ; Johri & Olds, 2014 ). The result is human
emory, which has been created by one exposure or by the repeti-

ion of information, experiences, and/or actions (Gazzaniga et al.,
018 ). According to the time course factor, memory can be char-
cterized as sensory memory, short-term and working mem- 
ry, long-term declar ativ e memory, and long-term nondeclar ativ e
emory (Gazzaniga et al., 2018 ). Sensory memory refers to a very

rief recall of a sensory experience, such as what a human just
aw or heard, which lasts for about three seconds (Emmerson,
017 ). Short-term memory allows a human to recall information
o which they were just exposed (Gazzaniga et al., 2018 ). Working
emory , de v eloped to extend the short-term memory, describes

he kinds of mental pr ocesses involv ed when information is re-
ained over a period of seconds to minutes (Hasson et al., 2015 ).
ong-term declarative memory (i.e., explicit memory) stores facts,
nowledge, and e v ents that can be consciousl y r ecalled and de-
lar ed (Per er a, 2021 ). Long-term nondeclarative memory , also known
s implicit memory that cannot be declared, is disclosed when
r e vious experiences facilitate performance on a task without re-
uiring the intentional recollection of the experiences (Kump et al.,
015 ). 

Pr ocedur al memory, one type of long-term nondeclar ativ e
emory, refers to motor controls (i.e., skills and habits) and allows

or the integration of sensory information and the coordination of
ovement (Du et al., 2022 ). It enables activities that, once learned,

an be performed automatically and without conscious thought 
Janacsek & Nemeth, 2022 ). Pr ocedur al memory can affect an in-
ividual’s response set by shaping their way of responding to cer-
ain stimuli based on previous experience (Chen et al., 2022 ). The
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 esponse set r efers to the r ange of behaviors or actions that an
ndividual can exhibit in response to a particular stimulus or sit-
ation (Risko, 2010 ). It is the collection of possible responses that a
erson can make based on their pr e vious experiences, learned be-
a viors , and cognitive processes. An example is the tendency for
 student to respond to a scenario question rather than directly
nsw ering. Prior kno wledge formalized in an individual’s proce-
ural memory may either help or impede the new learning, such
s by analogizing from BIM (desktop-based 3D controlling) to VR
ithout recognizing the limitations of the analogy (Ambrose et al.,
010 ). 

.3. Prior knowledge’s effect on learning 

satisfaction 

 er ceptual priming is one form of long-term nondeclar ativ e mem-
ry that refers to a change in responding to a stimulus (Bouyeure
 Noulhiane, 2020 ). P er ceptual priming is mediated b y the per cep-

ual priming system (Gazzaniga et al. , 2018 ). W ithin the perceptual
riming system, the structure and form of objects and w or ds can
e primed by prior experience (Gazzaniga et al., 2018 ). Studies re-
eal that the effects of perceptual priming can persist for 48 weeks
hen the stimulus is visualized in picture form (Mitchell et al.,
018 ). It affects a student in perceiving information from a des-
gnated learning process, as the student may become either sat-
sfied or frustrated when engaging with certain types of learning

aterial (Dosher & Lu, 2017 ; Michael et al., 2014 ). 
In addition, working memory r epr esents a limited-capacity

tor e for r etaining information ov er the short term (maintenance)
nd for performing mental operations on the contents of this store
Becker et al., 2021 ). The contents of working memory could orig-
nate from sensory inputs such as visual sense (Oh et al., 2019 ).
tudents with lo w er w orking memory capacity may struggle to
 ee p up with the demands of the task’s environment, leading to
rustration and reduced satisfaction with the learning experience.
n addition, students with poor working memory may struggle to
 etain and pr ocess ne w information, leading to feelings of confu-
ion and discour a gement (Carr, 2022 ). 

.4. Research question 

he main r esearc h question addr essed in this pa per is whether
tudents’ different levels of BIM prior knowledge affect their VR
xperimental learning. Ther efor e, a comparison study was ap-
lied to explore the differences in the participating students’ VR
ask performances and satisfaction. These aspects are introduced
n ISO 9241–11, an international standard that provides a frame-
ork for accessing situations in which people use inter activ e sys-

ems (e.g., software or platforms). It measures the degree to which
 system can be used by target users to ac hie v e specified goals
ith standard components in a specific context of use, which can
e r eferr ed to measur e ho w w ell a student should interact with
R (ISO, 2018 ; Lewis & Sauro, 2018 ; Riihiaho, 2018 ). 

VR task performance : measures the extent to which the student
an complete the task within the maximum time of 15 minutes
nd the number of errors performed; and 

VR satisf action : measur es the positiv e associations and absence
f discontent that the student experiences after finishing the
asks. According to ISO 9241–11 (ISO, 2018 ), satisfaction is defined
s “the extent to which the user’s physical, cognitive, and emo-
ional responses that result from the use of a system (e.g., soft-
are or platforms) meet the user’s needs and expectations.” It

hould enable comparisons across a range of contexts. A five-
oint Likert scale is used to provide a quantitative estimate of
v er all satisfaction from students’ perspectives (e.g., immersion,
anipulability, and capability). 

. Methods 

ithin this comparison study, the e v aluation of VR task per-
ormance and satisfaction was measured based on human–
omputer inter action, whic h has been facilitated by the tools sup-
orting education and learning (Ventayen et al., 2018 ; Vertesi et al.,
020 ). Ther efor e, Iris VR softwar e w as emplo y ed in the experi-
ent, along with an accompanying virtual controller for students.
TC Viv e Pr o de vices wer e used to display the VR content. Stu-
ents then interacted with the VR using the tutorial tasks to enter
nd r etrie v e v alues as well as r ead differ ent scenarios . T he record-
ngs were carefully coded using the metrics specified as the error
n tasks . T he session ended with the administration of the struc-
ural satisfaction survey. The methodology of this study was de-
igned as follows (Fig. 1 ): 

.1. Experiment participants and materials 

he study participants wer e under gr aduates fr om the Depart-
ent of Arc hitectur e and Civil Engineering, City University of
ong K ong. T hey wer e enr olled in under gr aduate courses r elated

o planning and managing construction projects. After their in-
ormed consent was obtained, 47 students were scheduled for in-
ividual e v aluation sessions in the Built-informatics and Smart
ities Cluster Lab at the City University of Hong K ong. T he par-

icipating students were grouped according to whether they had
r e viousl y taken the BIM tutorial section. Group 1, who had not
ompleted the tutorial, included 24 participants while Group 2,
ho had completed the tutorial, included 23 participants. Partic-

pants were allowed to stop the experiment whene v er they felt
ncomfortable. No participants were excluded because of se v er e
otion sickness or the malfunction of the recording. T hus , the

xperiment maintained all 47 valid samples. 
The experiment materials used in this study were the under-

round design of a residential building and the planning of a con-
truction site, which were created and rendered via Autodesk Re-
it and Iris VR. The six r epr esentativ e tasks conducted in this re-
ear ch w ere designed based on those pr ojects; thr ee tasks r elated
o under gr ound design r e vie w scenarios, and the other thr ee r e-
ated to site planning r e vie w scenarios . T hese tasks were based
n real case scenarios to simulate how students would interact
ith the virtual built environment, including pipe pile structural
roblems and spatial arrangements of the under gr ound space as
ell as arrangement problems of the construction site. Participat-

ng students needed to finish the e v aluation within the VR envi-
onment and provide their answers to the test facilitator; thus,
heir actual performance could be recorded as the tasks’ success
ate. 

.2. Experiment design 

he experiment design of this study aimed to access the VR learn-
ng process based on BIM prior knowledge . T hrough the introduc-
ion and application of the proposed VR evaluation process to de-
r ease individual v ariability in task performance due to knowl-
dge about VR, data were collected from participants’ interaction
ith the VR to w ar d ac hie ving task success. 
Measures of VR task performance were defined based on ISO

241–11 as follows (ISO, 2018 ). Task completion was determined by
he extent of successful completion per task. Task completions are
lassified into three categories: (i) completed with ease when the stu-
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F igure 1: Resear ch methodology of the comparison study. 
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dent was able to perform the task without any help from the test 
facilitator; (ii) completed with difficulty when the student ac hie v ed 

the task with minor difficulties and/or with minor hints from the 
test facilitator; and (iii) failed to complete when the student was un- 
able to complete the task, e v en with some minor hints (e.g., they 
could not solve or committed errors preventing further progress).
The success rate of task completion was determined by the per- 
centage of tasks completed without errors. 

After the VR experiment, e v ery participating student immedi- 
ately took a post-structural survey to evaluate their satisfaction 

in the lab. Satisfaction was measured using five-point Likert scale 
questions, in which students rated their level of agreement and 

scor es wer e calculated by summing the scor es on eac h of 10 as- 
pects: 

(i) S1 has a good immersive experience in an artificial en- 
vir onment thr ough human senses (e.g., gets a more di- 
rect feel of the depth and volume of the design/planning 
by viewing it in the stereoscopic display and at full scale; 
Liu et al., 2014 ; Natephra et al., 2017 ; Wang et al., 2018 ); 

(ii) S2 feels fatigued when performing tasks (Lee & Sohn,
2018 ; Paes et al., 2017 ); 

(iii) S3 feels dizzy when performing tasks (Lee & Sohn, 2018 ; 
Paes et al., 2017 ); 

(iv) S4 has a good manipulation of dir ection v erticall y and hor- 
izontall y, deceler ating and accelerating the moving speed 

when navigating the design/planning (Du et al., 2018 ; Fog- 
arty et al., 2015 , 2018 ); 

(v) S5 increases motivation in learning by manipulating and 

interacting with objects in a virtual environment (Al- 
izadehsalehi et al., 2019 ; Pedro et al., 2016 ); 

(vi) S6 presents the information a ppr opriatel y, meaning w or ds 
and symbols in the toolbar are easy to read and instruc- 
tions respond fast enough (Pedro et al., 2016 ; Santos et al.,
2014 ); 
(vii) S7 pr esents a ppr opriate VR featur es conv erted fr om
the native 3D model (Alizadehsalehi et al., 2019 ; 
Natephra et al., 2017 ; Wang et al., 2018 ); 

(viii) S8 provides good visual feedback when grasping objects 
in the virtual environment (Geiger et al., 2018 ; Wang et al.,
2018 ); 

(ix) S9 brings value to learning, understanding, and reviewing 
the design/planning while walking through the virtual en- 
vir onment mor e effectiv el y (Liu et al. , 2014 ; Fogarty et al. ,
2018 ; Wang et al., 2018 ); and 

(x) S10 brings value to practicing the tasks in a safe en-
vir onment, compar ed with traditional site visits (Al- 
izadehsalehi et al., 2019 ; Pedro et al., 2016 ). 

.3. Da ta anal ysis 

fter collecting the data about task performance and satisfaction 

rom both groups’ experiments, a descriptive analysis (e.g., per- 
entile values, standard deviation) was conducted to determine 
he task completion distribution, success rate, and satisfaction 

coring. A t -test was then used to compare the means of task
erformance betw een tw o independent groups . T he satisfaction
esults, based on the five-point Likert scale, were explored by fac-
or analysis to identify the relationships between variables with 

ossible dimension r eductions—namel y, gr ouping the satisfaction 

actors (i.e., dimensions) for further analysis. Based on the group-
ng r esults fr om the factor anal ysis, a corr elation anal ysis was
onducted to assess the relationships of factors across different 
imensions as well as the relationship differences between both 

tudent groups’ experiments. 

. Results and Discussion 

escriptive statistics such as means and t -test as well as factor
nd corr elation anal yses wer e calculated in SPSS using the task
erformance and satisfaction results. 
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Figure 2: Task distribution and success rate of Group 1. 

Figure 3: Task distribution and success rate of Group 2. 
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.1. Comparison of task performances 

he completion results are presented in Figs 2 and 3 . The suc-
ess r ates mirr oring task completions of the two gr oups show the
ifferences in Task 1 (0.207 difference), Task 2 (0.002 difference),
ask 3 (0.125 difference), Task 4 (0.125 difference), Task 5 (0.083
ifference), and Task 6 (0.578 difference). To better understand
he differences in task completion le v el, scor es wer e assigned to
he completion le v els in order to pr ocess the independent sam-
les t -test based on the Chinese gr ade equiv alencies (i.e., 60 is the
assing mark). Ther efor e, “complete with ease” was assigned 100,
complete with difficulty” was assigned 60, and “failed to com-
lete” was assigned 0. 

The independent samples t -test (Tables 1 and 2 ) r e v eals that
asks 1 and 4 are significantly different between the two groups.
able 1 shows that the t -test results indicate the significance (2-
ailed) of the independent sample t -test at 0.047 ( P ≤ 0.05) for Task
, and 0.007 ( P ≤ 0.05) for Task 4. The two gr oups differ ed in task
ompletion le v el considering BIM prior knowledge . T his result cor-
esponded to the task distribution results (Figs 2 and 3 ). In Task 1,
he number of “complete with difficulty” dropped from six to one.
n addition, the number of “failed to complete” increased from 18
o 22. 
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Ta ble 2: P erformance means betw een tw o groups. 

Task no. Group N Mean 
Std. 

de via tion 
Std. error 

mean 

Task 1 Group 1 24 15 26 .54 5.417 
Group 2 23 2 .61 12 .511 2.609 

Task 2 Group 1 24 84 .17 25 .693 5.245 
Group 2 23 81 .74 26 .225 5.468 

Task 3 Group 1 24 82 .5 34 .547 7.052 
Group 2 23 86 .09 19 .479 4.062 

Task 4 Group 1 24 79 .17 34 .631 7.069 
Group 2 23 100 0 0 

Task 5 Group 1 24 88 .33 29 .439 6.009 
Group 2 23 94 .78 13 .774 2.872 

Task 6 Group 1 24 25 .83 42 .315 8.638 
Group 2 23 85 .22 34 .755 7.247 

 

 

Table 3: KMO and Bartlett’s test. 

KMO measure of sampling adequacy 0.592 

Bartlett’s test of sphericity Appr ox. Chi-squar e 201.203 
df 45 

Sig. 0 

Note. Determinant = 0.08. 
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4.2. Comparison of satisfaction 

The distribution of satisfaction ratings for Groups 1 and 2 is shown 

in Figs 4 and 5 . To analyze the student satisfaction outcomes,
scor es wer e assigned to S2 and S3: “str ongl y a gr ee” was assigned 

1, “a gr ee” was assigned 2, “neutral” was assigned 3, “disa gr ee” was 
assigned 4, and “str ongl y disa gr ee” was assigned 5. In addition,
scor es wer e assigned to S1 and S4–10: “str ongl y a gr ee” was as- 
signed 5, “a gr ee” was assigned 4, “neutr al” was assigned 3, “dis- 
a gr ee” was assigned 2, and “str ongl y disa gr ee” was assigned 1. 

To investigate the satisfaction factor modeled with dimension 

structur e, a factor anal ysis was used to explore the correlated cri- 
Figure 4: Satisfaction rating of Group 1. 

Figure 5: Satisfaction rating of Group 2. 
eria and the unobserved dimensions among all 47 students. Be-
ore the actual factor analysis process, it was necessary to verify
he suitability of the factor analysis to the data collected (Table 3 ).

Identify determinant of the correlation matrix : This determinant is
n indicator of the degree of correlations between variables. As
ield ( 2013 ) pointed out, a small determinant assumes the exis-
ence of variables with very high correlations with one another,
ndicating that the data may be suitable for factor analysis. In this
tudy, the determinant obtained a low value of 0.08 ( ≥ 0.00 001),
ndicating the existence of high correlations between the vari- 
bles, making it possible to a ppl y this technique. 

Kaiser–Meyer–Olkin (KMO) sample-fit measure : This test compares 
he magnitudes of correlation coefficients observed in the corre- 
ation matrix with the magnitudes of correlation coefficients ob- 
erved in the anti-image correlation matrix. This value was 0.592,
o it is a meritorious value (Field, 2013 ) that advises the appli-
ation of factor analysis as the value of the KMO test should be
reater than 0.5. 

Bartlett’s test of sphericity : This test is used to verify the hypoth-
sis that the correlation matrix is an identity matrix—a matrix 
310853 by The H
ong Kong Polytechnic U

niversity user on 21 O
ctober 2024
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Table 4: Total variance explained. 

Component 
Initial Eigen v alues 

Total % of Variance Cum ulati v e % 

1 3 .949 39 .49 39 .49 
2 1 .749 17 .491 56 .982 
3 1 .224 12 .24 69 .222 
4 0 .808 8 .081 77 .303 
5 0 .691 6 .906 84 .208 
6 0 .459 4 .593 88 .802 
7 0 .44 4 .401 93 .202 
8 0 .358 3 .584 96 .786 
9 0 .205 2 .052 98 .838 
10 0 .116 1 .162 100 
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Table 5: Rotated component matrix. 

Items 
Component 

1 2 3 

S9 0 .906 
S10 0 .79 
S6 0 .777 
S7 0 .684 
S5 0.831 
S4 0.774 
S1 0.638 
S2 0.918 
S3 0.917 
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niv
hose primary diagonal is made up of ones (correlation of the
tem to itself), while the rest are zeros (null variables). The signif-
cance value obtained was 0.000, demonstrating significance ( ≤
.05), which indicates that the data matrix is suitable for factor
nalysis (Field, 2013 ). 

After validating the suitability of the factor analysis, the com-
onent model is generated to get several major components equal
o the number of initial variables . T he main components are gen-
rated and k e pt according to the Kaiser–Guttman criteria (Table 4 ;
allant, 2020 ). According to the Cattell scree test (Pallant, 2020 ),
he c har acteristic v alues of all factors ar e dr awn, and all factors
bove the critical point should be k e pt (i.e., the saddle of the dia-
ram in Fig. 6 ). 

Main components rotation (i.e., orthogonal rotation) is used to
ener ate dimensions unr elated to or independent of each other
P allant, 2020 ). The v arimax r otation method is a pplied to mini-

ize the number of variables with high absolute values of factor
 eights (Pallant, 2020 ). F rom the matrix of the structure gener-
ted in this study (Table 5 ), it can be concluded that nine variables
 ere inv olved in this research: the first dimension is composed of

our criteria, the second dimension is composed of three criteria,
nd the third dimension is composed of two criteria. Based on the
tructure of the variables that define the factors, Dimension 1 can
e titled as effectiveness, Dimension 2 as manipulation, and Di-
ension 3 as comfort. 
The independent samples t -test (Tables 6 and 7 ) r e v eals that

ll satisfaction results are not significantly different between the
wo groups . T heir means show the difference in S10 (0.460 dif-
igure 6: Scree test result. 
er ence), S6 (0.384 differ ence), S9 (0.339 difference), S4 (0.290 dif-
er ence), S1 (0.228 differ ence), S3 (0.185 difference), S2 (0.147 dif-
erence), S7 (0.087 difference), S5 (0.018 difference), and S8 (0.002
ifference). T hus , more two criteria in Dimension 1 (effectiveness,
5%) and Dimension 2 (manipulation, 66.67%) were not consis-
ent in satisfaction le v el. As for the different dimensions, the re-
ationship differences between both student groups’ experiments
ndicate the need for further correlation analysis to examine the

easur es involv ed. For Dimension 1 (effectiv eness) – Dimension 2
manipulation), the results in Table 8 show that S6 is significantly
orrelated with S5 in Group 1, which is not available in Group 2.
n addition, there is no correlation between S10 and S4 in Group
, which is different in Group 2. The results of Table 8 also show
hat S7 is not significantly correlated with S1 and S4 in Group 1,
hich is not the case in Group 2. Meanwhile, the other correla-

ion anal ysis—namel y, Dimensions 1–3 (Table 9 ) and Dimensions
–3 (Table 10 )—were not significant between measures for both
tudent groups’ experiments. 

. Discussion 

oncerning the comparison results of the task performance, both
ask 1 and Task 4 are problem-finding ones; BIM prior knowledge
as a negative transfer on Task 1 but a positive transfer on Task
. The positive transfer may be attributed to pr ocedur al memory
ffered by BIM prior knowledge. In this domain-specific task, stu-
ents with BIM prior knowledge can better observe certain symp-
oms based on formalized habits and more easily find the crux
 ersity user on 21 O

ctober 2024
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Table 7: Satisfaction means between two groups. 

Satisfaction 
no. Group N Mean 

Std. 
de via tion 

Std. error 
mean 

S1 Group 1 24 4.25 0 .737 0 .15 
Group 2 23 4.48 0 .665 0 .139 

S2 Group 1 24 3.38 1 .209 0 .247 
Group 2 23 3.52 1 .201 0 .25 

S3 Group 1 24 3.25 1 .152 0 .235 
Group 2 23 3.43 1 .376 0 .287 

S4 Group 1 24 3.67 1 .049 0 .214 
Group 2 23 3.96 0 .825 0 .172 

S5 Group 1 24 4.42 0 .654 0 .133 
Group 2 23 4.43 0 .59 0 .123 

S6 Group 1 24 4.17 0 .702 0 .143 
Group 2 23 3.78 0 .998 0 .208 

S7 Group 1 24 4 0 .722 0 .147 
Group 2 23 4.09 0 .733 0 .153 

S8 Group 1 24 4.04 0 .806 0 .165 
Group 2 23 4.04 0 .767 0 .16 

S9 Group 1 24 4.21 0 .721 0 .147 
Group 2 23 3.87 0 .815 0 .17 

S10 Group 1 24 4.42 0 .584 0 .119 
Group 2 23 3.96 0 .878 0 .183 
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Table 9: Dimension 1 (effectiveness) – Dimension 3 (comfort). 

Group 1 Group 2 

S2 S3 S2 S3 

S6 Pearson correlation 0.179 0.108 0.023 0.105 
Sig. (2-tailed) 0.402 0.617 0.917 0.633 

N 24 24 23 23 
S7 Pearson correlation 0.1 0.209 0.049 0.276 

Sig. (2-tailed) 0.643 0.327 0.823 0.202 
N 24 24 23 23 

S9 Pearson correlation 0.056 −0.065 −0.16 0.053 
Sig. (2-tailed) 0.795 0.761 0.467 0.811 

N 24 24 23 23 
S10 Pearson correlation −0.108 −0.032 0.022 0.205 

Sig. (2-tailed) 0.616 0.881 0.919 0.349 
N 24 24 23 23 

Table 10: Dimension 2 (manipulation) – Dimension 3 (comfort). 

Group 1 Group 2 

S2 S3 S2 S3 

S1 Pearson correlation 0.183 0.077 0.129 0.209 
Sig. (2-tailed) 0.392 0.721 0.559 0.338 

N 24 24 23 23 
S4 Pearson correlation −0.137 −0.216 0.299 0.338 

Sig. (2-tailed) 0.523 0.311 0.165 0.115 
N 24 24 23 23 

S5 Pearson correlation −0.041 0.029 0.179 0.205 
Sig. (2-tailed) 0.848 0.893 0.415 0.349 

N 24 24 23 23 
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f the problem. When completing Task 4 related to the site plan-
ing scenario, students only needed to navigate within the same
oor le v el (2D plane). Ho w e v er, when working on Task 1 of the un-
er gr ound structur e, students needed to walk thr ough differ ent
oor le v els (3D space). The model manipulation within the VR en-
ironment is not consistent with that within BIM. Ther efor e, the
egativ e tr ansfer may be the r esponse set impacted by BIM prior
nowledge, suggesting that the response set is influenced by the
tudent’s past BIM experiences. Ov er all, the r esponse set is a fun-
amental concept in cognitive learning theory, as it helps explain
ow individuals acquire and use new information to guide their
ehavior in different situations. Students with BIM prior knowl-
dge have limitations in responding to their virtual presence in
he VR (i.e., the environment in which they find themselves), due
o their tendency to control the 3D model in BIM. This finding indi-
ates that students were having difficulties walking and locating
he designed cr ac ked pile of the under gr ound structur e in the VR.

In terms of the comparison results for satisfaction, the corre-
ation between S6 and S5 r e v eals that, for students without BIM
able 8: Dimension 1 (effectiveness) – Dimension 2 (manipulation). 

Group 1 

S1 S4 

6 Pearson correlation .504 b 0.315 
Sig. (2-tailed) 0.012 0.134 

N 24 24 
7 Pearson correlation 0.327 0.229 

Sig. (2-tailed) 0.119 0.281 
N 24 24 

9 Pearson correlation .470 b 0.153 
Sig. (2-tailed) 0.02 0.475 

N 24 24 
10 Pearson correlation .455 b −0.118 

Sig. (2-tailed) 0.026 0.582 
N 24 24 

otes . 
 Correlation is significant at the 0.01 level (2-tailed). 
 Correlation is significant at the 0.05 level (2-tailed). 

n

rior knowledge, their learning incentives are positively related
o their rating of the VR interface . T his finding is attributed to
he perceptual priming system, as different perceptual priming,
lays a role in the relationship between interface perception and
otivation. In other w or ds, per ceptual priming may affect stu-

ents’ attention and memory for interface stim uli. Suc h priming
an hav e positiv e effects, suc h as facilitating learning and com-
rehension, but it can also have negative effects, such as creating
iases and stereotypes. Ho w ever, the results also suggested that
Group 2 

S5 S1 S4 S5 

.505 b .643 a 0.375 0.322 
0.012 0.001 0.078 0.134 

24 23 23 23 
0.092 .656 a .533 a 0.329 
0.669 0.001 0.009 0.125 

24 23 23 23 
0.085 .539 a 0.262 0.313 
0.695 0.008 0.228 0.147 

24 23 23 23 
−0.133 .582 a .625 a 0.302 
0.536 0.004 0.001 0.162 

24 23 23 23 
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direct VR did not privilege objective satisfaction evaluation, which 

is necessary to utilize the course design. 
As for the correlation between S10 and S4, the finding may sug- 

gest that students who pr e viousl y acquir ed taken the BIM experi- 
ence and then navigated the VR—e v en when experiencing greater 
immersiv e navigation—ar e not mor e pr one to VR as a safer learn- 
ing manner. BIM prior knowledge provides them with better judg- 
ment related to safety issues and manipulation. This r esearc h 

ma y also pro vide insights into such a comparison and suggests 
that, if some students have yet to develop the 3D cognitive ar- 
c hitectur e for abstraction from BIM prior knowledge, their sense 
of walk-through suffers as greater mental effort is being spent,
ther eby r esulting in lo w er scores (in this study, lo w er than Group 

2). Furthermore, students without BIM prior knowledge may have 
overloaded working memory when facing a new external stimu- 
lus (e.g., 3D information of VR scenario), which thus impairs their 
learning (Blayney et al., 2015 ). Such a situation can cause further 
stress that leads to negative effects on students both physically 
and emotionally. 

Regarding the correlation between S7 and S1, there is one 
theory to describe how a human’s mental ima ge pr ocesses 3D 

information: visuospatial constructive cognition. Visuospatial 
constructive cognition is defined as one’s ability to view the 
components of an object and construct a r eplica fr om these 
parts (Mervis et al., 1999 ). As individual differences in visuospa- 
tial constructive ability and pattern construction impr ov e with 

BIM prior knowledge, it may enhance students’ sense of reality,
ther eby r esulting in a better immersiv e experience. In this study,
students with BIM prior knowledge had a better impression of the 
equiv alent quality envir onment (scoring was higher than Group 

1). Cognitive load and prefrontal cortex demand are of interest 
to this end as the cognitive structure may be underdeveloped 

in students with no BIM prior knowledge . T his relationship is 
further complicated by cognitiv e r esearc h and its relationship to 
sensory memory available to the learner (Swaak & de Jong, 2001 ).
In the VR-based task completion process, students who have BIM 

prior knowledge may have better working memory capacity for 
retaining the 3D information over a short term and supporting 
mental operations on the contents of this store (Becker et al.,
2021 ). T hey ma y experience better VR, which influences an 

individual’s satisfaction. 
Considering the objectives of this study, an acceptability e v al- 

uation was used to assess the extent to which experienced ex- 
perts a gr ee with the study and its r esults . T he authors explained 

the pr oposed r esearc h to domain experts and asked them to rate 
its acceptability from their professional perspective on a 5-point 
Likert scale (1 = str ongl y disa gr ee to 5 = str ongl y a gr ee). All of
the participating experts, with av er a ge 16.4 working experience,
a gr eed that both the study and its results were acceptable, with 

an av er a ge scor e of 4.6 (thr ee participants scor ed it 5; two partic- 
ipants scored it 4). The experts made the following comments: 

(i) The study is well-designed and uses a rigorous methodol- 
ogy to address the research questions. 

(ii) The study has a sufficient and r epr esentativ e sample that 
increases the generalization of the findings. 

(iii) The study uses valid and reliable data collection methods 
and measures that ensure its accuracy and consistency. 

(iv) The study applies appropriate data analyses and tests that 
match the research question. 

(v) T he study dra ws reasonable and supported conclusions 
from the analysis and acknowledges the limitations and 

implications of the r esearc h. 
. Conclusions 

resent construction education has le v er a ged BIM and VR in
c hie ving better learning outcomes. Ho w e v er, existing r esearc h
as not explored whether students’ different levels of BIM prior
nowledge affect their VR experimental learning, considering an 

mmersive experience from the cognitive psychology and human 

emory system perspectives . T he results of such research would
erve as an important reference for future course design. This
tudy contributed to addressing this research gap. 

The k e y findings of this stud y, which comparing students with
nd without BIM prior knowledge, can be summarized as fol-
ows . T he comparison of task performances sho w ed that BIM
rior knowledge has a negative transfer on Task 1 (3D naviga-
ion), but a positive transfer on Task 4 (2D navigation), suggest-
ng that pr ocedur al memory offer ed b y BIM prior kno wledge can
mpr ov e students’ 2D observation with formalized motor con-
r ols. Suc h pr ocedur al memory better integr ates the sensory in-
ormation and coordinates the plane mo vements . T he response
et impacted by BIM prior knowledge limited students’ response 
o their presence in the VR, due to their tendency to control the
D model in BIM instead of virtual walking. This finding also im-
lies that prior knowledge does not provide all new learning based
n an equally solid foundation. When learning in a new envi-
onment, students can draw on prior knowledge that might not
e a ppr opriate for the context and, consequentl y, impede ne w
earning. 

The comparison of satisfaction sho w ed that students with-
ut BIM prior knowledge positiv el y r elated their learning incen-
ives to their rating of the VR interface. Differences in perceptual
riming can affect students’ attention to and memory of inter-
ace stimuli. In addition, students who have BIM experience be-
ore navigating the VR—even when experiencing greater immer- 
iv e navigation—ar e not mor e pr one to VR as a safer learning
anner. This finding can also provide insights into the compar- 

son as it suggests that, if some students have yet to de v elop the
D cognitiv e arc hitectur e for abstraction from BIM prior knowl-
dge, their sense of walk-through suffers as greater mental ef-
ort is being spent. Working memory overload can negativ el y
ffect students’ well-being. For students with BIM prior knowl- 
dge, the quality of features offers them better immersive expe- 
ience because of their enhanced sense of reality and working 
emory. 
Curriculum de v elopment efforts should consider the connec- 

ion between new knowledge and the prior knowledge. Instruction 

hould start with what the learner already knows. When newly
earning within VR, students may draw on their BIM prior knowl-
dge that can help or hinder their learning. To avoid distorting
heir inter pr etation of ne w material or impeding learning, in ad-
ition to deliber atel y activ ating students’ BIM prior knowledge to
tr engthen a ppr opriate associations, instructors shall (i) clearly
xplain the conditions and contexts of the applicability, (ii) point
ut differences as well as similarities when employing VR, and
iii) provide multiple examples and contexts concerning VR’s ef- 
ectiveness to support students’ understanding. 

The authors are cautiously confident in our findings because 
he measurement scales used in this study are reliable and valid
or use in this study. Furthermore, the inferences based on this
ata analysis are limited by the fact that the study involved a
 elativ el y small sample and could not include outsourced stu-
ents due to univ ersity-r estricted assessments during the Coro-
avirus disease 2019 (Covid-19) pandemic. Thus, the findings may 
ot adequatel y r epr esent a gener al student population fr om the



2046 | BIM prior knowledge for VR in construction education 

c  

s  

a  

t  

c  

t

A
T  

p  

2  

t  

d  

c  

Z  

t  

(  

T  

c

C
N

R

A  

 

 

 

A  

 

A  

 

 

A  

 

 

A  

 

 

B  

 

 

B  

 

 

 

B  

 

 

B  

 

 

C  

 

 

 

C  

 

 

 

d  

 

D  

 

 

D  

 

D  

 

D  

 

 

E  

 

F
F  

 

 

F  

 

 

 

F  

 

 

G  

G  

 

 

 

 

H  

 

 

H  

 

 

D
ow

nloaded from
 https://academ

ic.oup.com
/jcde/article/10/5/2036/7310853 by The H

ong Kong Polytechnic U
niversity user on 21 O

ctober 2024
onstruction discipline. Given such a limitation, future research
hould involve a larger participant sample to ensure better gener-
lizability and strengthen the interpretation of results. In addition
o individual participation, future research could also examine the
ollabor ativ e inter actions and enga gements for gr oup participa-
ion. 

c kno wledgments 

he r esearc h described in this paper is conducted with the sup-
ort of the Guangdong Natural Science Foundation (Grant #
022A1515110888), Guangdong Postgraduate Education Founda-
ion (Grant # 2023SFKC_106), Guangzhou Natural Science Foun-
ation (Grant # 2023A04J1560), South China University of Agri-
ultur e (Education De v elopment Gr ants # K22192, K22055, and
LGC21046), City University of Hong Kong (Grant # 7005656), and
he Korea Agency for Infrastructure Technology Advancement
KAIA) grant funded by the Ministry of Land, Infrastructure and
r ansport (Gr ant RS-2021-KA163269) in 2023. The authors a ppr e-
iate the support. 

onflict of interest statement 
one declared. 

eferences 

lizadehsalehi , S., Hadavi, A., & Huang, J. C. (2019). Virtual reality for
design and construction education environment. In Proceedings of
the AEI 2019: Integrated Building Solutions—The National Agenda (pp.
193–203). American Society of Civil Engineers. https://ascelibrar
y.org/ doi/ abs/ 10.1061/ 9780784482261.023 .

lizadehsalehi , S. , Hadavi, A. , & Huang, J. C. (2020). From BIM to ex-
tended reality in AEC industry. Automation in Construction , 116 ,
103254. https:// doi.org/ 10.1016/ j.autcon.2020.103254 .

mbrose , S. A., Bridges, M. W., DiPietro, M., Lovett, M. C., & Norman,
M. K. (2010). How learning works: Seven research-based principles for
smart teaching . John Wiley & Sons. https:// doi.org/ 10.14434/josot
l.v14i1.4219 .

 uyeskhan , U. , Steed, C. A. , Park, S. , Kim, D. H. , Jung, I. D. , & Kim,
N. (2023). Virtual r eality-based assembl y-le v el design for ad diti ve
manufacturing decision fr ame w ork inv olving human aspects of
design. Journal of Computational Design and Engineering , 10 (3), 1126–
1142. https:// doi.org/ 10.1093/ jcde/qwad041 .

zarby , S., & Rice, A. (2022). Understanding the effects of virtual re-
ality system usage on spatial perception: The Potential impacts
of immersive virtual reality on spatial design decisions. Sustain-
ability , 14 (16), 10326. https:// doi.org/ 10.3390/ su141610326 .

adrinath , A. C., Chang, Y. T., & Hsieh, S. H. (2016). A r e vie w of ter-
tiary BIM education for advanced engineering communication
with visualization. Visualization in Engineering , 4 (1), 1–17. https:
// doi.org/ 10.1186/ s40327- 016- 0038- 6 .

ecker , E. S., Vanderhasselt, M. A., Koster, E. H. W., & Vrijsen, J. N.
(2021). “Memories Warm You Up from the Inside. But They also
T ear Y ou Apart”: Editorial for the special issue on memory train-
ing for emotional disorders. Cognitive Therapy and Research , 45 (5),
841–847. https:// doi.org/ 10.1007/ s10608- 021- 10249- x .

layney , P., Kalyuga, S., & Sweller, J. (2015). Using cognitive load theory
to tailor instruction to le v els of accounting students’ expertise.
Journal of Educational Technology & Society , 18 (4), 199–210. http://ww
w.jstor.org/stable/jeductechsoci.18.4.199 .
ouyeure , A., & Noulhiane, M. (2020). Memory: Normative develop-
ment of memory systems. In Handbook of clinical neurology (Vol.
173 , pp. 201–213). Elsevier. https:// doi.org/ 10.1016/ B978- 0- 444- 6
4150- 2.00018- 6 .

arr , M. (2022). To w ar ds a ne w peda gogy for engineering education
in the 21st century. In Towards a new future in engineering education,
new scenarios that European alliances of tech universities open up (pp.
568–577). Universitat Politècnica de Catalunya. https:// doi.org/ 10
.5821/conference-9788412322262.1380 .

hen , Y. , Cao , B. , Xie, L. , Wu, J. , & Li, F. (2022). Pr oactiv e and
r eactiv e contr ol differ between task switc hing and r esponse
rule switc hing: Ev ent-r elated potential e vidence. Neuropsyc holo-
gia , 172 , 108272. https:// doi.org/ 10.1016/ j.neuropsychologia.202
2.108272 .

e Groot , J. H., Wake, N. , Matsumoto , J. , Christensen, A. M. , Liacouras,
P. C., & Urgesi, C. (2020). Adv ances in VR Tec hnolog y (Vol. 226 ). Sci-
entific Research Publishing.

e Paolis , L. T., & De Luca, V. (2022). The effects of touc hless inter ac-
tion on usability and sense of presence in a virtual environment.
Virtual Reality , 26 (4), 1551–1571. https:// doi.org/ 10.1007/ s10055-0
22- 00647- 1 .

osher , B., & Lu, Z. L. (2017). Visual perceptual learning and models.
Annual Review of Vision Science , 3 , 343–363. https:// doi.org/ 10.114
6/annurev- vision- 102016- 061249 .

u , Y., Krakauer, J. W., & Haith, A. M. (2022). The relationship between
habits and motor skills in humans. Trends in Cognitive Sciences ,
26 (5), 371–387. https:// doi.org/ 10.1016/ j.tics.2022.02.002 .

u , J., Zou, Z., Shi, Y., & Zhao, D. (2018). Zero latency: Real-time
sync hr onization of BIM data in virtual reality for collabor ativ e
decision-making. Automation in Construction , 85 , 51–64. https://do
i.org/ 10.1016/ j.autcon.2017.10.009 .

mmerson , G . J. (2017). Sensory Experience Memory in Resource
Ther a py. International J ournal of Clinical and Experimental Hypnosis ,
65 (1), 120–131. https:// doi.org/ 10.1080/ 00207144.2017.1246882 .

ield , A. (2013). Discovering statistics using IBM SPSS statistics . Sage.
ogarty , J., El-Tawil, S., & McCormick, J. (2015). Exploring structural

behavior and component detailing in virtual reality. In Proceedings
of the Structures Congress 2015 (pp. 2557–2564). https:// doi.org/ 10.1
061/9780784479117.221 .

ogarty , J., McCormick, J., & El-Tawil, S. (2018). Improving student un-
derstanding of complex spatial arrangements with virtual real-
ity. Journal of Professional Issues in Engineering Education and Prac-
tice , 144 (2), 04017013. https:// doi.org/ 10.1061/ (ASCE)EI.1943-554
1.0000349 .

u , M., & Liu, R. (2018). The a pplication of virtual r eality and aug-
mented reality in dealing with pr oject sc hedule risks. In Pro-
ceedings of the Construction Research Congress 2018 (pp. 429–438).
https://ascelibr ar y.or g/doi/abs/10.1061/9780784481264.042 .

azzaniga , M., Ivry, R. B., & Mangun, G. R. (2018). Cognitive neuroscience:
Fifth international student edition . WW Norton & Company.

eiger , A. , Bewersdorf , I. , Brandenburg, E. , & Stark, R. (2018). Visual
feedback for grasping in virtual reality environments for an inter-
face to instruct digital human models. In Advances in Usability and
User Experience: Proceedings of the AHFE 2017 International Conference
on Usability and User Experience (pp. 228–239). Springer Interna-
tional Publishing. https:// doi.org/ 10.1007/ 978- 3- 319- 60492- 3 _ 22 .

asson , U., Chen, J., & Honey, C. J. (2015). Hier arc hical pr ocess mem-
ory: Memory as an integral component of information processing.
Trends in Cognitive Sciences , 19 (6), 304–313. https:// doi.org/ 10.1016/
j.tics.2015.04.006 .

ruby , F., Sánchez, L. F. Á. , Ressl, R. , & Escobar-Briones, E. G .
(2020). An empirical study on spatial presence in immersive geo-
envir onments. PFG–J ournal of Photogrammetry, Remote Sensing and

https://ascelibrary.org/doi/abs/10.1061/9780784482261.023
https://doi.org/10.1016/j.autcon.2020.103254
https://doi.org/10.14434/josotl.v14i1.4219
https://doi.org/10.1093/jcde/qwad041
https://doi.org/10.3390/su141610326
https://doi.org/10.1186/s40327-016-0038-6
https://doi.org/10.1007/s10608-021-10249-x
http://www.jstor.org/stable/jeductechsoci.18.4.199
https://doi.org/10.1016/B978-0-444-64150-2.00018-6
https://doi.org/10.5821/conference-9788412322262.1380
https://doi.org/10.1016/j.neuropsychologia.2022.108272
https://doi.org/10.1007/s10055-022-00647-1
https://doi.org/10.1146/annurev-vision-102016-061249
https://doi.org/10.1016/j.tics.2022.02.002
https://doi.org/10.1016/j.autcon.2017.10.009
https://doi.org/10.1080/00207144.2017.1246882
https://doi.org/10.1061/9780784479117.221
https://doi.org/10.1061/(ASCE)EI.1943-5541.0000349
https://ascelibrary.org/doi/abs/10.1061/9780784481264.042
https://doi.org/10.1007/978-3-319-60492-3_22
https://doi.org/10.1016/j.tics.2015.04.006


Journal of Computational Design and Engineering, 2023, 10(5), 2036–2048 | 2047 

 

 

 

 

 

 

 

M  

 

M  

M  

 

 

M  

 

N  

O  

 

P  

 

P  

P  

P  

 

P  

P  

R  

 

 

R  

 

R  

R  

 

D
ow

nloaded from
 https://academ

ic.oup.com
/jcde/article/10/5/2036/7310853 by The H

ong Kong Polytechnic U
niversity user on 21 O

ctober 2024
Geoinformation Science , 88 , 155–163. https:// doi.org/ 10.1007/ s41064 
- 020- 00107- y .

Hsu , Y. S., Wang, C. Y., & Zhang, W. X. (2017). Supporting technology- 
enhanced inquiry through metacognitive and cognitive prompts: 
Sequential analysis of metacognitive actions in response to 
mixed prompts. Computers in Human Behavior , 72 , 701–712. https: 
// doi.org/ 10.1016/ j.chb .2016.10.004 . 

Huang , Y. (2018). A r e vie w of a ppr oac hes and c hallenges of BIM ed- 
ucation in construction mana gement. J ournal of Civil Engineering 
and Architecture , 12 (6), 401–407. https:// doi.org/ 10.17265/1934-73 
59/2018.06.001 .

Huang , C. L. , Luo , Y. F., Yang, S. C., Lu, C. M., & Chen, A. S.
(2020). Influence of students’ learning style, sense of pres- 
ence, and cognitive load on learning outcomes in an immer- 
siv e virtual r eality learning envir onment. J ournal of Educational 
Computing Research , 58 (3), 596–615. https:// doi.org/ 10.1177/ 0735 
633119867422 .

ISO (2018). Ergonomics of human-system interaction - Part 11: 
Human-centred design for interactive systems.

Janacsek , K., & Nemeth, D. (2022). Pr ocedur al memory: The r ole 
of competitiv e neur ocognitiv e networks acr oss de v elopment. In 

The cognitive unconscious: The first half century (pp. 22–C2.P104). 
Oxford Academic. https:// doi.org/ 10.1093/ oso/ 9780197501573.00 
3.0002 .

J ohri , A., & Olds , B. M. (Eds .). (2014). Cambridge handbook of engineering 
education research . Cambridge Univ ersity Pr ess. https:// doi.org/ 10 
.1017/CBO9781139013451 .

Kim , J. I., Li, S., Chen, X., Keung, C., Suh, M., & Kim, T. W. (2021).
Ev aluation fr ame work for BIM-based VR a pplications in design 

phase. Journal of Computational Design and Engineering , 8 (3), 910–
922. https:// doi.org/ 10.1093/ jcde/qwab022 .

K ump , B. , Moskaliuk, J. , Cress, U. , & Kimmerle, J. (2015). Cognitive 
foundations of organizational learning: Re-introducing the dis- 
tinction between declar ativ e and non-declar ativ e knowledge.
Frontiers in Psyc holog y , 6 , 1489. https:// doi.org/ 10.3389/ fpsyg.2015 
.01489 .

Lac hman , R., Lac hman, J. L., & Butterfield, E. C. (2015). Cognitive 
psyc holog y and information processing: An introduction . Psychology 
Press. https:// doi.org/ 10.4324/ 9781315798844 .

Lee , J. K., Lee, S., Kim, Y. C., Kim, S., & Hong, S. W. (2023). Augmented 
virtual reality and 360 spatial visualization for supporting user- 
enga ged design. J ournal of Computational Design and Engineering ,
10 (3), 1047–1059. https:// doi.org/ 10.1093/ jcde/qwad035 .

Lee , Y. S., & Sohn, B. S. (2018). Immersiv e gestur e interfaces for nav- 
igation of 3D maps in HMD-based mobile virtual en vironments .
Mobile Information Systems , 2018 , 2585797. https:// doi.org/ 10.115 
5/2018/2585797 .

Lewis , J. R. , & Sauro , J. (2018). Item benchmarks for the system usabil- 
ity scale. Journal of Usability Studies , 13 (3), 158–167. https://dl.acm 

.org/doi/10.5555/3294033.3294037 .
Li , X., Yi, W., Chi, H. L., Wang, X., & Chan, A. P. (2018). A critical re- 

view of virtual and augmented reality (VR/AR) applications in 

construction safety. Automation in Construction , 86 , 150–162. https: 
// doi.org/ 10.1016/ j.autcon.2017.11.003 .

Liu , Y., Lather , J ., & Messner , J . (2014). Virtual reality to support the 
integrated design process: A retrofit case study. In Proceedings of 
the Computing in Civil and Building Engineering (2014) (pp. 801–808).
https:// doi.org/ 10.1061/ 9780784413616.100 .

Loftus , G. R., & Loftus, E. F. (2019). Human memory: The processing of 
information . Psyc hology Pr ess. https:// doi.org/ 10.4324/ 9781315787 
145 .

Lucas , J ., & Gajjar , D. (2022). Influence of virtual reality on student 
learning in under gr aduate construction education. International 
Journal of Construction Education and Research , 18 (4), 374–387. https:
// doi.org/ 10.1080/ 15578771.2021.1931570 .

ervis , C. B., Robinson, B. F., & Pani, J. R. (1999). Visuospatial con-
struction. American Journal of Human Genetics , 65 (5), 1222–1229.
https:// doi.org/ 10.1086/ 302633 .

ichael , E., de Gardelle, V., & Summerfield, C. (2014). Priming by
the variability of visual information. Proceedings of the National 
Academy of Sciences , 111 (21), 7873–7878. https:// doi.org/ 10.1073/ 
pnas.1308674111 .

itc hell , D. B., K ell y, C. L., & Br own, A. S. (2018). Replication and ex-
tension of long-term implicit memory: P er ceptual priming but
conceptual cessation. Consciousness and Cognition , 58 , 1–9. https:
// doi.org/ 10.1016/ j.concog.2017.12.002 .

uhammad , A. A., Yitmen, I., Alizadehsalehi, S., & Celik, T. (2019).
Adoption of virtual reality (VR) for site layout optimization of con-
struction projects. Teknik Dergi , 31 (2), 9833–9850. https://doi.org/ 
10.18400/tekderg.423448 .

atephra , W., Motamedi, A., Fukuda, T., & Yabuki, N. (2017). Integrat-
ing building information modeling and virtual reality develop- 
ment engines for building indoor lighting design. Visualization in 
Engineering , 5 (1), 1–21. https:// doi.org/ 10.1186/ s40327- 017- 0058- 
x .

h , B. I., Kim, Y. J., & Kang, M. S. (2019). Ensemble r epr esentations
r e v eal distinct neural coding of visual working memory. Nature
Communications , 10 (1), 5665. https:// doi.org/ 10.1038/ s41467- 019- 1 
3592-6 .

 aes , D., Ar antes, E., & Irizarry, J. (2017). Immersiv e envir onment for
improving the understanding of arc hitectur al 3D models: Com-
paring user spatial perception between immersive and tradi- 
tional virtual reality systems. Automation in Construction , 84 , 292–
303. https:// doi.org/ 10.1016/ j.autcon.2017.09.016 .

 allant , J. (2020). SPSS surviv al manual: A step by step guide to data anal-
ysis using IBM SPSS . McGraw-Hill Education. https:// doi.org/ 10.4 
324/9781003117452 .

ark , H. , & Koo , C. (2022). Effect of virtual reality-based construction
safety education on the learning performance of construction 

w orkers—Using CAMIL theory. K orean Journal of Construction Engi- 
neering and Management , 23 (3), 104–115. https:// doi.org/ 10.6106/ KJ 
CEM.2022.23.3.104 .

edro , A., Le, Q. T., & Park, C. S. (2016). Fr ame work for integr ating
safety into construction methods education thr ough inter activ e 
virtual r eality. J ournal of Professional Issues in Engineering Education
and Practice , 142 (2), 04015011. https:// doi.org/ 10.1061/ (ASCE)EI.19 
43-5541.0000261 .

er er a , A. (2021). Declar ativ e memory in psyc hology. Simpl y Psy-
c holog y . https://www.simpl ypsychology.or g/declar ativ e-memory. 
html .

uolitaival , T., & Forsythe, P. (2016). Practical challenges of BIM ed-
ucation. Structural Survey , 34 , 351–366. https:// doi.org/ 10.1108/ SS 
- 12- 2015- 0053 .

adianti , J., Majchrzak, T. A., Fromm, J., & Wohlgenannt, I. (2020). A
systematic r e vie w of immersiv e virtual r eality a pplications for
higher education: Design elements, lessons learned, and r esearc h 

agenda. Computers & Education , 147 , 103778. https:// doi.org/ 10.101
6/j.compedu.2019.103778 .

iihiaho , S. (2018). Usability testing. In The Wiley handbook of human
computer interaction (Vol. 1 , pp. 255–275). Wiley. https:// doi.org/ 10
.1002/9781118976005.ch14 .

isko , E. F. (2010). Response set. In The Corsini encyclopedia of psychol-
ogy (pp . 1–2). W iley. https:// doi.org/ 10.1002/ 9780470479216.corp 
sy0794 .

omano , S. , Capece, N. , Erra, U. , Scanniello , G . , & Lanza, M. (2019).
On the use of virtual reality in software visualization: The case

https://doi.org/10.1007/s41064-020-00107-y
https://doi.org/10.1016/j.chb.2016.10.004
https://doi.org/10.17265/1934-7359/2018.06.001
https://doi.org/10.1177/0735633119867422
https://doi.org/10.1093/oso/9780197501573.003.0002
https://doi.org/10.1017/CBO9781139013451
https://doi.org/10.1093/jcde/qwab022
https://doi.org/10.3389/fpsyg.2015.01489
https://doi.org/10.4324/9781315798844
https://doi.org/10.1093/jcde/qwad035
https://doi.org/10.1155/2018/2585797
https://dl.acm.org/doi/10.5555/3294033.3294037
https://doi.org/10.1016/j.autcon.2017.11.003
https://doi.org/10.1061/9780784413616.100
https://doi.org/10.4324/9781315787145
https://doi.org/10.1080/15578771.2021.1931570
https://doi.org/10.1086/302633
https://doi.org/10.1073/pnas.1308674111
https://doi.org/10.1016/j.concog.2017.12.002
https://doi.org/10.18400/tekderg.423448
https://doi.org/10.1186/s40327-017-0058-x
https://doi.org/10.1038/s41467-019-13592-6
https://doi.org/10.1016/j.autcon.2017.09.016
https://doi.org/10.4324/9781003117452
https://doi.org/10.6106/KJCEM.2022.23.3.104
https://doi.org/10.1061/(ASCE)EI.1943-5541.0000261
https://www.simplypsychology.org/declarative-memory.html
https://doi.org/10.1108/SS-12-2015-0053
https://doi.org/10.1016/j.compedu.2019.103778
https://doi.org/10.1002/9781118976005.ch14
https://doi.org/10.1002/9780470479216.corpsy0794


2048 | BIM prior knowledge for VR in construction education 

of the city metaphor. Information and Software Technology , 114 , 92–

S  

 

 

 

S  

 

 

 

S  

 

S  

 

 

 

S  

 

 

 

S  

 

 

V  

 

Basis for the adaptation of GSuite e-learning platform. Asia Pacific 

V  

 

 

V  

 

 

W  

 

 

W  

 

W  

 

 

 

Y  

 

 

Z  

 

 

 

R
©
u

r

D
ow

nloaded from
 https://academ

ic.oup.com
/jcde/article/10/5/2036/7310853 by
106. https:// doi.org/ 10.1016/ j.infsof.2019.06.007 .
acks , R., & Pikas, E. (2013). Building information modeling educa-

tion for construction engineering and management. I: Industry
r equir ements, state of the art, and gap analysis. Journal of Con-
struction Engineering and Management , 139 (11), 04013016. https://
doi.org/ 10.1061/ (ASCE)CO.1943-7862.0000759 .

antos , M. E. C., Taketomi, T., Sandor, C., Polvi, J ., Y amamoto, G., &
Kato, H. (2014. A usability scale for handheld augmented reality.
In VRST ’14: Proceedings of the 20th ACM Symposium on Virtual Real-
ity Software and Technology (pp. 167–176). https:// doi.org/ 10.1145/
2671015.2671019 .

cheffer , M. , Mattern, H. , & König, M. (2018). BIM pr oject mana ge-
ment. In Building information modeling (pp. 235–249). Springer. http
s:// doi.org/ 10.1007/ 978- 3- 319- 92862- 3 _ 13 .

un , C., Hu, W., & Xu, D. (2019). Na vigation modes , operation meth-
ods, observation scales and background options in UI design for
high learning performance in VR-based arc hitectur al a pplica-
tions. Journal of Computational Design and Engineering , 6 (2), 189–196.
https:// doi.org/ 10.1016/ j.jcde.2018.05.006 .

utcliffe , A. G . , P oullis , C., Gregoriades , A. , Katsouri, I. , Tzanavari, A. ,
& Herakleous, K. (2019). Reflecting on the design process for vir-
tual reality applications. International Journal of Human–Computer
Interaction , 35 (2), 168–179. https:// doi.org/ 10.1080/ 10447318.2018.
1443898 .

waak , J., & De Jong, T. (2001). Learner vs. system control in using
online support for simulation-based discovery learning. Learning
Environments Research , 4 , 217–241. https:// doi.org/ 10.1023/ A:1014
434804876 .

entayen , R. J. M., Estira, K. L. A., De Guzman, M. J., Cabaluna, C. M., &
Espinosa, N. N. (2018). Usability e v aluation of google classr oom:
ecei v ed: August 9, 2023. Revised: October 4, 2023. Accepted: October 4, 2023 
The Author(s) 2023. Published by Oxford Uni v ersity Pr ess on behalf of the Society for Co

nder the terms of the Cr eati v e Commons Attribution License ( https://creativecommons.

 e pr oduction in any medium, provided the original work is properly cited.
Journal of Education, Arts and Sciences , 5 (1), 47–51.

ertesi , A., Dogan, H., & Stefanidis, A. (2020). Usability e v aluation of
virtual learning envir onments: A univ ersity case study. In Online
teaching and learning in higher education (pp. 161–183). Springer. ht
tps:// doi.org/ 10.1007/ 978- 3- 030- 48190- 2 _ 9 .

olk , R., Stengel, J., & Schultmann, F. (2014). Building information
modeling (BIM) for existing buildings—Liter atur e r e vie w and fu-
ture needs. Automation in Construction , 38 , 109–127. https://doi.or
g/ 10.1016/ j.autcon.2013.10.023 .

ang , C., Li, H., & Kho, S. Y. (2018). VR-embed ded BIM immersi ve sys-
tem for QS engineering education. Computer Applications in Engi-
neering Education , 26 (3), 626–641. https:// doi.org/ 10.1002/ cae.2191
5 .

eibel , D. , & W issmath, B. (2011). Immersion in computer games: The
role of spatial presence and flow. International Journal of Computer
Games Tec hnolog y , 2011 , 6–6. https:// doi.org/ 10.1155/ 2011/282345 .

ong , J. Y. , Yip , C . C ., Yong, S . T. , Chan, A. , Kok, S. T. , Lau, T. L. , Ali,
M. T., & Gouda, E. (2020). BIM-VR fr ame work for building infor-
mation modelling in engineering education. International Journal
of Interactive Mobile Technologies , 14 (6), 15–39. https:// doi.org/ 10.3
991/ijim.v14i06.13397 .

oon , S. Y., Choi, Y. J., & Oh, H. (2015). User attributes in processing 3D
VR-enabled showroom: Gender, visual cognitive styles, and the
sense of pr esence. International J ournal of Human-Computer Studies ,
82 , 1–10. https:// doi.org/ 10.1016/ j.ijhcs.2015.04.002 .

hao , J. , Sensibaugh, T. , Bodenheimer, B. , McNamara, T. P., Nazareth,
A. , Newcombe, N. , Minear, M. , & Klippel, A. (2020). Desktop versus
immersive virtual environments: Effects on spatial learning. Spa-
tial Cognition & Computation , 20 (4), 328–363. https:// doi.org/ 10.108
0/13875868.2020.1817925 .
mputational Design and Engineering. This is an Open Access article distributed 
org/licenses/by/4.0/ ), which permits unrestricted reuse, distribution, and 

 The H
ong Kong Polytechnic U

niversity user on 21 O
ctober 2024

https://doi.org/10.1016/j.infsof.2019.06.007
https://doi.org/10.1061/(ASCE)CO.1943-7862.0000759
https://doi.org/10.1145/2671015.2671019
https:\begingroup \count@ "002F\relax \relax \uccode `~\count@ \uppercase {\gdef {\relax \protect $\relax \sim $}}\endgroup \setbox \thr@@ \hbox {}\dimen \z@ \wd \thr@@ \begingroup \count@ "002F\relax \relax \uccode `~\count@ \uppercase {\gdef {\relax \protect $\relax \sim $}}\endgroup \setbox \thr@@ \hbox {}\dimen \z@ \wd \thr@@ doi.org\begingroup \count@ "002F\relax \relax \uccode `~\count@ \uppercase {\gdef {\relax \protect $\relax \sim $}}\endgroup \setbox \thr@@ \hbox {}\dimen \z@ \wd \thr@@ 10.1007\begingroup \count@ "002F\relax \relax \uccode `~\count@ \uppercase {\gdef {\relax \protect $\relax \sim $}}\endgroup \setbox \thr@@ \hbox {}\dimen \z@ \wd \thr@@ 978-3-319-92862-3\begingroup \count@ "005F\relax \relax \uccode `~\count@ \uppercase {\gdef {\relax \protect $\relax \sim $}}\endgroup \setbox \thr@@ \hbox {}\dimen \z@ \wd \thr@@ 13
https://doi.org/10.1016/j.jcde.2018.05.006
https://doi.org/10.1080/10447318.2018.1443898
https://doi.org/10.1023/A:1014434804876
https://doi.org/10.1007/978-3-030-48190-2_9
https://doi.org/10.1016/j.autcon.2013.10.023
https://doi.org/10.1002/cae.21915
https://doi.org/10.1155/2011/282345
https://doi.org/10.3991/ijim.v14i06.13397
https://doi.org/10.1016/j.ijhcs.2015.04.002
https://doi.org/10.1080/13875868.2020.1817925
https://creativecommons.org/licenses/by/4.0/

	1. Introduction
	2. Theoretical Points of Departure
	3. Methods
	4. Results and Discussion
	5. Discussion
	6. Conclusions
	Acknowledgments
	Conflict of interest statement
	References

