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Given the increasing complexity of construction tasks, and the growing number of construction operations
within conﬁned workplaces, construction workers rely heavily on working memory. In this context, working
memory is deﬁned as the short-term and temporary storage of information related to near future events to ensure
the seamless execution of construction tasks. Although a strong relationship between engineering information
format and task performance has been observed in the relevant literature, there remains an obvious theoretical
disagreement—in particular, about the cognitive mechanisms for explaining why diﬀerent information formats
aﬀect working memory development and retrieval in distinct ways. This study presents a human–subject experiment (n = 120) to examine the impact of information format on the performance of a pipe maintenance task,
and the implications of cognitive costs in both working memory development (information encoding) and retrieval (information recalling). Participants were required to review the operational instructions for a pipe
maintenance task for a short period, and then perform the task from memory. Participants were divided into four
groups depending on the format of information they received: 2D isometric drawing of the plate heat exchanger
with bulleted-text operational instructions (2D-simple group); 2D isometric drawing of the plate heat exchanger
with rich-text operational instruction (2D-complex group); an interactive 3D model of the plate heat exchanger
with bulleted-text operational instructions (3D group); or an immersive Virtual Reality (VR) environment with
bulleted-text operational instructions (VR group). The results indicated that 3D and VR groups outperformed 2Dsimple and 2D-complex groups in both operation time and maintenance accuracy. A further cognitive load
analysis (based on surveys and pupil dilation) suggested that the superior performance of these groups is driven
by more eﬃcient usage of working memory, measured by how easily the encoded information can be recalled in
the operation phase. Larger pupil dilation during encoding, indicative of successful working memory formation,
was associated with better subsequent performance. These ﬁndings provide more evidence about cognitive
mechanisms engaged by diﬀerent information formats, help to resolve the current theoretical disagreement
within the construction literature, and may inspire designs of cognition-driven information systems that can
improve working memory in construction workers.

1. Introduction
The Architecture, Engineering, and Construction (AEC) industry is
experiencing a rapid digital revolution. The United Kingdom (UK)'s
Construction 2025 report [95] suggests that adopting and advancing
digital technologies throughout all phases of AEC projects, from the
design phase to the construction and operational phases, should be the
ﬁrst strategic priority for the AEC industry in the next decade. One of
the representative phenomena is the emergence of new visualization
technologies for intuitive communication of complex engineering

⁎

information, including Building Information Modeling (BIM), Virtual
Reality (VR), Augmented Reality (AR), and Mixed Reality (MR). Many
studies in the AEC industry have already demonstrated the potentials of
VR and AR technologies for project communications [21,22,59], energy
use optimization [36,37], construction safety [76,81,110], training and
education [2,75,109], and facility management [38,82,101]. In addition, there is a growing interest in examining the impact of emerging
information communication methods, such as 3D models and VR/AR,
on construction worker task performance [3,69,77]. However, the existing literature provides conﬂicting ﬁndings. For example, some
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2. Literature review

scholars have claimed a positive impact of emerging visualization
technologies (3D models and VR) on task performance of construction
operations [3,69,77,89], while other scholars have not found beneﬁcial
eﬀects [10,27,73]. Clearly, there is a knowledge gap regarding the role
of information formats on task performance in construction operations,
and further research is needed. Moreover, the underlying cognitive
mechanisms whereby diﬀerent information formats might lead to different levels of task performance remain poorly understood.
Working memory is one cognitive mechanism that is critical for
learning, retention and execution of complex construction operations.
Another construct related to working memory is cognitive load.
Diﬀerent information presentation formats may lead to diﬀerent levels
of cognitive load that can tax working memory resources. For example,
one format may appear very dense, and require enhanced focus and
concentration during learning, while another format may allow for
easier interpretation. In this paper we examine the cognitive mechanisms underlying successful learning and execution of a pipe-maintenance task in a VR environment by comparing task performance
across groups that diﬀer based on the format of information they are
given to learn the task. We also collect proxy measures of working
memory and cognitive load such as pupil dilation, which has shown to
be related to cognitive load [40,54,62,97]. These proxy measures
should allow us to provide a better mechanistic account of the eﬀects of
information format on learning and task execution of complex plans.
The reason we selected pipe maintenance as the test case is that pipe
maintenance plays an important role in modern industrial construction
projects. Construction workers or maintenance professionals often have
to enter conﬁned spaces to perform pipe maintenance tasks such as
routine maintenance, repairs, and inspections. It is worth noting that
workers only have a limited amount of time (approximately 15 min) to
perform work in conﬁned spaces to comply with the safety codes [60]
and have limited access to engineering information while constrained
by the physical environments. Therefore, most of the pipe maintenance
and repair tasks require workers to highly rely on their working
memory to memorize the operational instructions and perform the
tasks. Meanwhile, limited space, time pressure, and unfavorable
working environments can increase the risk for severe or fatal injuries
which often occur in conﬁned spaces. According to a report from the
Bureau of Labor Statistics (BLS), fatal occupational injuries involving
conﬁned spaces increased by 15% to 166 in 2017 from 144 in 2016
[93]. Moreover, 52% of these injuries happened when workers entered
conﬁned spaces to perform the pipe maintenance task of routine
maintenance, repairs, and inspections [45]. Therefore, there is an urgent need to better understand how diﬀerent information formats can
aﬀect a construction worker's ability to learn and successfully execute a
pipe maintenance task. The results of this study will help construction
professionals design better maintenance and inspection protocols.
This study aims to investigate how diﬀerent information formats
(2D isometric drawings, 3D models, and VR models) aﬀect performance
in a pipe maintenance task. We hypothesize that the 3D and VR formats
will facilitate the best learning, and that this eﬀect will be driven by
reduced cognitive load in the learning phase (i.e., fewer mental diﬃculties when memorizing information during the engineering review),
and when recalling the same information in the operation phase [32].
We developed an interactive VR system with eye-tracking functions to
simulate a pipe maintenance task of replacing a plate heat exchanger.
Metrics of participants' task performance (including operation time and
operation accuracy) were used as the indicators of working memory
quality, while pupil dilation data and cognitive load questionnaires
were used to evaluate the cognitive load levels in review and operation
sessions. The remainder of this paper introduces the point of departure
of this study, the research method and the experiment, and the ﬁndings
and recommendations.

2.1. Working memory and sensory-processing
Working memory plays a critical functional role in cognitive tasks
such as learning, reasoning, and comprehension [4], and it represents a
complex cognitive process [31,46,85]. Several diﬀerent theories related
to working memory have been proposed—including working memory
theory [5], the multimedia learning theory [55], and Wickens' model of
human information processing [107]. According to these theories, there
are two main phases when a person processes information: the encoding/learning phase (i.e., digesting and storing information temporarily in the working memory) and the retrieval/execution phase
(i.e., recalling temporarily stored information in knowledge-based
tasks) [107]. In the learning phase, diﬀerent types of sensory information such as visual, auditory, or haptic is processed in parallel;
this leads to a multi-component structure of working memory [4–8].
Visual and auditory information is further segregated by what type of
processing it requires. For example, some visual information may be
processed by a ‘phonological loop’ that processes text, while other visual information may be processed based on its color, shape, or motivational signiﬁcance. Despite the variety of information formats, much
of learning involves two main types of information: phonological information (i.e., auditory-verbal information or text information) and
visuospatial information (i.e., visually presented information or spatial
related information). Thus, how information is visualized and presented
to the construction worker aﬀects the method and quality of learning
and subsequent task completion.
Amid the fast development of information technologies, diverse
ways of engineering visualization technologies have been introduced to
the architecture, engineering, and construction (AEC) industry, such as
Building Information Modeling (BIM), photogrammetry, Virtual Reality
(VR) [21,22], and Augmented Reality (AR). However, how these
emerging visualization technologies aﬀect the learning and execution of
construction tasks is still not fully understood, and as a result, the literature tends to present conﬂicting ﬁndings. Some researchers have
found that more immersive visualization (using 3D models and VR/AR)
can improve individual working memory [24], procedural memory
[70], spatial conﬁguration memory [68], and spatial cognition [98].
For instance, Dünser et al. [24] found that VR/AR technologies were
eﬀective in improving students' spatial memory. Meanwhile, the addition of visual display features (such as stereoscopic visuals and headtracked viewing) have been shown to improve test subjects' ability to
identify gaps in visual geometries signiﬁcantly [3,69]. Sampaio et al.
[77] compared students' learning outcomes for design and construction
projects with diﬀerent visual content. They found that 3D modeling and
VR models delivered better outcomes than traditional 2D methods.
Tavanti and Lind [89] conducted two experiments to investigate spatial
memory empirically based on 2D and 3D displays. They found that 3D
displays could improve performance in designed spatial memory tasks.
In contrast, cumulative evidence indicates that in certain situations 3D
or VR visual representations are no better than the traditional 2D
method, due to the cognitive burden of processing additional information such as texture, colors, and orientations [10,27,73]. For instance, Bliss et al. [15] compared three visual methods for a navigation
task in an unfamiliar building using 2D blueprint, VR, and no-training
(control group). They found there was no signiﬁcant diﬀerence between
the VR and blueprint groups regarding speed and accuracy of the navigation performance. Richards and Taylor [72] conducted a humansubject experiment (n = 129) to compare biology students' learning
gained from class content by using a 2D method and 3D virtual models.
They found that the 2D visualization led to a better learning outcome
than using 3D virtual models. They explained that 3D virtual models
might provide more detail and more distractors to users, causing cognitive overload during the learning phase. Cockburn [19] reproduced
the experiment designed by Tavanti and Lind with a stricter control to
2
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saw the information in diﬀerent information formats and a test phase
where participants completed the task in a VR environment. In addition, we controlled the types of information based on the working
memory theories reviewed above. This included phonological information (text information in review phase) and visuospatial information (2D isometric drawing or 3D model in review phase). By
carefully designing the experiment and tasks, we minimized the inﬂuences of other cognitive processes. An interactive VR system with eyetracking functions was used in our human-subject experiments to create
an immersive virtual environment that realistically simulated a pipe
maintenance task in a conﬁned space. The method consists of two main
steps: data collection and data analysis.

explore the eﬀectiveness of spatial memory by using 2D and 3D displays. They also found that 3D visualizations did not improve spatial
memory development in monocular static displays.
Although the ﬁndings presented above are somewhat mixed, models
of information processing such as Wickens' multiple resource model of
human information processing [105,107] suggest that information
formats that can be processed by multiple diﬀerent sensory modalities,
like 3D or VR, may enhance learning. This model posits that information is processed in parallel by multiple sensory modalities. For example, phonological information can be processed simultaneously
along with visuospatial information, while there is a limited store of
information that can be simultaneously processed within the same
sensory modality. Extensive support for multiple resource theory comes
from dual-task studies where people must perform two tasks simultaneously [41,106]. People are better at performing two tasks that require
diﬀerent sensory modalities, like an auditory and a visual task, than
they are at concurrently performing two tasks that require the same
sensory modality, like two visual tasks. This theory is relevant to the
present work because our 2D information formats may not be processed
by fewer sensory modalities than the 3D and VR formats. The latter
formats may engage a broader variety of sensory modalities. This could
lead to learning of information about the task execution plan in parallel
through multiple sensory modalities, which should lead to enhanced
learning overall. Although, it's possible that aspects of the 3D and VR
environments may create a distraction when trying to process the textbased information, multiple resource theory suggests that this information will not be distracting because it is not processed by the same
sensory modality.

3.2. Data collection
For data collection, we used an interactive VR system with motion
tracking and eye-tracking functions to collect participants' behavioral
data. A virtual working scenario of replacing a plate heat exchanger in a
conﬁned space was designed as the task. In the experiment, participants
were asked to memorize a 10-step pipe maintenance sequence using
one of the four operational instructions. According to multimedia
learning theory [56] and working memory theory [5], working memory
development involves dual-channel information processing driven by
two main types of information: phonological information (i.e., auditory-verbal information or text information) and visuospatial information (i.e., visually presented information or spatial related information).
Therefore, the operational instructions shown to the participants consist
of two parts: operational text narratives and visual representation of the
plate heat exchanger. To investigate the inﬂuence of visuospatial information on working memory development and retrieval, we ﬁrst
designed three groups: a 2D isometric drawing of the plate heat exchanger with bulleted text operation instruction narratives on the
monitor (2D-simple group); an interactive 3D model of the plate heat
exchanger with bulleted text operation instruction narratives (3D
group); and a headset-enabled VR model of the plate heat exchanger
with bulleted text operation instruction narratives (VR group). The
operational text instructions were same across these three groups. To
explore the inﬂuence of phonological information on working memory
development and retrieval, we designed the information format for the
2D-complex group as a 2D isometric drawing of the plate heat exchanger with rich text operating instruction narratives compared to 2Dsimple group. Thus, there were a total of four groups: 2D-simple, 2Dcomplex, 3D, and VR. After the review session, participants were asked
to perform the task based on their memory of the plan from the review
session in the VR environment. Participants' motion, operation time,
operation accuracy, gaze data, and pupil diameters were collected
during the experiment. In addition, we used a background questionnaire to collect participants' demographic information, and we applied two ability tests (the spatial cube test and the shape memory test)
to evaluate participants' spatial cognition and memory abilities. The
cognitive load questionnaire was used at the end of the experiment to
evaluate participants' cognitive load and validate the results assessed by
the pupillary data.

2.2. Indicators of information processing
To provide a better mechanistic explanation for why certain information formats lead to better learning we collected data on pupil
dilation during the training and test phases of the experiment.
Pupillometry has a long history in studies of memory and attention
[32,44,46,61]. Some have suggested that pupil dilation reﬂects a
‘summed index’ of neural activity during cognitively demanding tasks
[32,40,63]. Pupil dilation has been shown to increase under greater
cognitive load. As a task becomes progressively more diﬃcult pupil
dilation increases. In our experiment enhanced pupil dilation during
encoding may be correlated with better performance during the test
phase. Based on Wicken's multiple resource information processing
model, it's possible that the VR and 3D conditions will lead to greater
pupil dilation, indicative of greater cognitive load, because information
will be spread more diﬀusely across diﬀerent modalities than in the 2D
conditions, allowing more information in total to be processed. This
would be consistent with studies that have found that larger pupil dilations during training are associated with better subsequent recall of
information [35,46]. In addition to pupil dilation we also included a
cognitive load questionnaire after the experiment.
3. Research methodology
3.1. Overview

3.3. Data analysis
This study focused on the cognitive processes related to information
processing and learning and execution of a complex task, as illustrated
in Fig. 1. To rule out the impacts of other cognitive processes, we designed a controlled experiment where participants mainly relied on
their working memory to perform a sequential operation. In other
words, the experiment design did not require higher level cognitive
processes, such as reasoning; rather, memorizing information about the
operational sequence in the review phase and using this stored information in the operation phase were the main things participants
needed to do to successfully complete out experimental task. Our experiment consisted of two phases: a training phase where participants

After the experimental data was collected, we analyzed task performance and cognitive costs in the working memory development and
retrieval phases. Participants' operation time (s) and pipe maintenance
accuracy (%) were used as indicators of task performance. Pipe maintenance accuracy was deﬁned as the accuracy in performing correct
steps, and directly represents how well the participants memorized and
performed the pipe maintenance task. Pipe maintenance accuracy was
recorded in a range from 0% to 100%. The operation time was deﬁned
as the time participants used to complete the task in the virtual environment. This indicator represents how eﬃciently the participants
3
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Fig. 1. Research methodology.

ﬁnished the task. Furthermore, we used the cognitive load questionnaire and pupil diameter data to evaluate cognitive load levels in
the review and operation sessions.
Existing literature in the AEC industry does not provide a readily
available approach for pupillary data analysis when light response effects and personal diﬀerences are present. We developed a novel pupil
diameter analysis approach to evaluate participants' cognitive status
based on their pupil diameter data collected by eye trackers, as illustrated in Fig. 2. This approach allowed us to capture participants'
cognitive load status related to working memory development and retrieval in real time. Moreover, we also used a well-validated cognitive
load questionnaire to validate the cognitive results calculated by the
pupillary analysis approach.
To analyze the pupillary data, we ﬁrst performed pupillary blink
response correction to the raw pupil diameter data. The blink responses

in the data are characterized as rapid declines towards 0 at blink onset
and rapid rises from 0 back to a regular value at blink oﬀset within
400–600 ms [51]. We used linear interpolate method to ﬁlter out all eye
blinks from the raw data [44,52]. Second, according to previous pupillary studies [29,57], increasing motor task complexity can produce
increased pupil diameter. In contrast, increasing motor task precision
appears to cause a decrease in pupil diameter in the period between
response planning and response execution [29]. Therefore, we designed
the experiment in the following ways to control the inﬂuences of motor
task complexity and motor task precision in this study. In the review
phase of the experiment, all participants were instructed to sit or stand
still to review the pipe maintenance instructions across diﬀerent
groups. In this phase, no motor tasks were involved. In the operational
phase, we designed the same level of task complexity across diﬀerent
groups (10-step motor task). We also developed an innovative approach

Fig. 2. Workﬂow of pupil diameter analysis.
4
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is the total value of pupil dilation above the personal baseline over
time. Aggregated pupil dilation represents total cognitive demand
during a task [32,44,46,61].

to ensure consistent motor precision requirements, called the invisible
collider-box method. This method assigns an invisible collider-box to
each of valves in the virtual environment. The valve rotation can only
be triggered when a participant's “virtual hands” reach the same radius
of the collider box. In this way, participants were “forced” to apply the
same level of precision in their tasks. As a result, both motor task
complexity and precision level were controlled. Finally, in the pupillary
data pre-processing phase, we utilized the Hampel ﬁlter [65] to remove
artifacts and smooth the data [30]. This method has been widely used
in diﬀerent pupillary studies to reject artifacts [67,74]. Third, we also
ruled out the pupil light reﬂex [42] in the pupil size data. According to
the study by [44], the pupillary light reﬂex is much larger in magnitude
than cognition-induced pupil changes. Thus, we followed standard
practice [44,57,99] to maintain constant environmental luminance
during the experiment. As a result, luminance changes from the displays
(monitor and lens in the headset) were the only lighting factors that
aﬀected participants' pupillary light response [44]. Because the experiments were all performed at the same location, the environment
lighting was consistent across diﬀerent groups (identical lighting). As a
result, the luminance change from the displays (monitor used in 2D and
3D groups and headset lens used in the VR group) was the only factor
that aﬀected participants' pupillary light response. We do want to note
that the luminance from the display was diﬀerent than that from the
headset lens. Therefore, we developed an algorithm in the system to
calculate the luminance received by both eyeballs based on the RGB
values of all the pixels on the display (monitor and lens). Literature
[100] shows that no matter what the sources are, the luminance received by human eyes can be computed based on relative strength of
the three primary colors – red, green and red. We calculated the realtime luminance following:

3.4. Cognitive load validation
To validate the cognitive load measured by pupil dilation, we used a
cognitive load measurement questionnaire to evaluate participants'
cognitive load levels after they had ﬁnished the task. This method is
widely used in existing pupil diameter and cognitive load studies
[71,80]. Instead of using a traditional cognitive load measurement such
as the NASA Task Load Index (TLX), we employed a more advanced
cognitive load measurement proposed by Leppink [47,48] that can directly measure the three types of cognitive load previously identiﬁed
(intrinsic cognitive load, extraneous cognitive load, and germane cognitive load). According to Sweller's Cognitive Load Theory [87], intrinsic cognitive load is aﬀected by the complexity of tasks, extraneous
cognitive load is aﬀected by how information is presented, and germane
cognitive load is aﬀected by the previous knowledge of the tasks. The
results of Leppink's cognitive load measurement serves as a validation
of the pupil analysis results.
4. Human-subject experiment
4.1. VR system with eye tracking feature
Owing to the diﬃculty of simulating complex pipe maintenance
tasks in conﬁned spaces in the real world, an interactive VR system was
developed based on our previously well-validated VR systems
[22,23,81,82]. To obtain precise and high-resolution pupil data, two
eye trackers were used in this study (the Tobii Pro X3-120 and the Tobii
Pro VR) as shown in Fig. 3. Both eye trackers were manufactured by
Tobii and both use advanced Pupil Centre Corneal Reﬂection (PCCR)
remote eye-tracking technique to capture eyeball movement and pupil
size [90]. The Near-infrared illuminators in the eye tracker are used to
create the reﬂection patterns on the cornea and pupil of the eye. The
cameras in the eye tracker are used to capture high-resolution images.
Finally, the advanced image-processing algorithms and a physiological
3D model of the eye are implemented to estimate the position of the eye
in the space and pupil size [90]. Since both eye trackers use the same
eye-tracking technique and the same Software Development Kit (SDK)
provided by Tobii, participants' eye movement and pupil size was
consistently captured across diﬀerent groups. For the 2D and 3D
groups, the Tobii Pro X3-120 was mounted to the monitor to record
participants' gaze positions and pupil diameters at a frequency of
120 Hz when they stared at the monitor screen. The Tobii Pro X3-120
has an accuracy of 0.4° on the monitor with an operating distance of
50–90 cm [92]. At the end of each experiment trial, the system automatically generated a TSV ﬁle with all raw data. For the VR group, the
Tobii Pro VR eye tracker was integrated into the HTC VIVE Head
Mounted Display (HMD). The Tobii Pro VR integration eye tracker has
an accuracy of 0.5° and the gaze data output frequency is 120 Hz [91].
To achieve the eye-tracking and visualization functions in the virtual
environment, several C# scripts were developed based on the Tobii Pro
SDK [91] and the application programming interface (API) in Unity. In

Luminance = sqrt (0.299 R2 + 0.587 G2 + 0.114 B2)
Then we applied a pupil diameter light response formula developed
by [13,17] to quantify the pupil diameter changes caused by the luminance changes from the displays. Using the above approach, we ﬁltered out light eﬀects and obtained the pupillary changes purely driven
by cognitive load diﬀerences that resulted from our experimental manipulation. Then we selected the mean value of the ﬁrst 90 samples (1 s)
as the baseline of pupil size to perform the subtractive baseline correction [53]. The purpose of using subtractive baseline correction is to
adjust the general pupil light response model and capture the personal
baseline. Finally, we applied a symbolic approximation (SAX) approach
[43,49,102] to correct pupil light response latency, as each individual is
diﬀerent in terms of how fast their pupil size changes according to light
changes [9,12,108]. After the baseline correction, the variations of pure
pupil diameter can directly represent the participants' real-time cognitive load status. Because well-documented evidence indicates that pupil
dilation often relates to an increase in cognitive load [18,32,34,61,62],
we focused on assessing pupil dilation frequency and magnitude.
Two features were selected to capture pupillary changes, including
average pupil dilation percentage (%) and aggregated pupil dilation
(mm) as listed in Table 1. The average pupil dilation percentage is the
mean percentage value of pupil dilation over the baseline over time.
According to [32,64], the pupil dilation percentage compared to the
baseline can represent mental demand levels. Aggregated pupil dilation
Table 1
Pupil dilation features.
Feature

Unit

Average pupil dilation percentage

%

Equation

(

n

DP = mean ∑i = 1

di
bi

)

di is the pupil dilation of a frame. bi is the pupil diameter baseline of a frame. n is the number of frames that pupil dilated. DP is the
average pupil dilation percentage
Aggregated pupil dilation

mm

n

D = ∑i = 1 di
di is the pupil dilation of a frame. n is the number of frames that pupil dilated. D is the aggregated pupil dilation
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Fig. 3. Eye trackers used in this study: (a) Tobii Pro X3-120 eye tracker; (b) Tobii Pro VR Integration eye tracker.

4.3. Experiment procedure

the virtual environment, data relating to participant gaze movement,
head movement and rotation, body movement, hand movement, and
pupil diameter were collected by the system with a frequency of 90 Hz.
After each VR experimental trial, the developed VR system automatically generated a CSV ﬁle with all the raw data. The VR HMD used
in the study was the HTC VIVE [39], with a ﬁeld of view (FOV) of 110°
and a resolution of 1400 × 1600 pixels per eye for the dual displays
[39]. The VR system used in the experiment was developed with the
Unity 3D-5.6.3f1 version and the pipe model was developed based on
the plate heat exchanger model developed in SketchUp. The VR system
ran on a workstation with an Intel Xeon CPU at 2.60 GHz with 64 GB of
RAM. The workstation graphic card was the NVIDIA GTX 1080. Fig. 4
shows that participants from diﬀerent groups utilized the eye-tracking
system to review the pipe model and memorize the pipe maintenance
sequence and performed the task in the immersive virtual environment.

Before the experiment sessions, we collected background information from participants that might have inﬂuenced performance, such as
demographic traits, spatial cognition, and gaming experience (related
to VR familiarity). We randomly assigned participants to the four
groups based on the background information. The pre-experiment
analysis did not ﬁnd any signiﬁcant diﬀerence among the groups. In
addition, all experiments were done at the same location (Francis Hall
Rm 101 BIM CAVE at Texas A&M University), with the same devices.
The environmental eﬀects can be ruled out as well. We also made sure
that the experimental stimuli were clear to participants, without any
possible vague interpretations. Speciﬁcally, the independent variable
used in the experiment was objective information stimuli, which were
2D isometric drawing, 3D models, and the VR model in a pipe maintenance task. The experiment conditions the participants were exposed
to were objective. The participants could clearly tell the diﬀerence
between diﬀerent types of information formats. Participants were instructed to memorize the correct sequence and spatial conﬁguration of
a 10-step pipe maintenance task within a 5 m period, and then to
perform the task in the VR environment. Participants were told that
their performance would be compared with others and the amount of
experimental compensation would be decided by the task performance.
The purpose was to motivate participants to memorize the pipe maintenance sequence and perform the task as accurately as possible.
The experiment consisted of seven sessions: (1) pre-questionnaire,
(2) spatial and memory tests, (3) training, (4) review session, (5) retention session, (6) operation session, and (7) post-questionnaire and
interviews. The pre-questionnaire session (5–10 m duration) was designed to collect participants' demographic information including age,
gender, major, degree level, previous game and VR experience, and
knowledge level of the HVAC system. The spatial and memory tests
(10–20 m duration) were used to evaluate participants' spatial cognition and spatial memory abilities and to set the baseline for their task
performance. We used the cube comparison and shape memory tests
developed by the Educational Testing Service (ETS) in our study
[20,86]. The training session (5 m duration) was designed for participants to familiarize themselves with the eye-tracking system and interactions in the virtual environment. All participants were asked to
familiarize themselves with the VR devices and the virtual environment
in the training session. Experiment investigators were also able to ensure participants' eyeball movements were accurately captured by the
eye tracker after several calibration trials. Participants were also given
instructions about how to use the two controllers to interact with the
virtual valves. The review session (5 m duration) was used for participants to review and memorize the pipe maintenance sequence. The

4.2. Experiment task and virtual environment
Participants were asked to memorize sequences for turning or
closing the valves before they replaced the plate heat exchanger. The
pre-start-up sequences to cut oﬀ the hot water and cold water consist of
10 steps, which were developed based on the operation instruction
manual of Alfa Laval plate heat exchangers, as listed in Table 2 [1]. To
examine the impact of information formats, four types of operation
instructions were designed for each group (2D-simple, 2D-complex, 3D,
and VR). Operation instructions for the 2D-simple group were designed
as a 2D isometric drawing of the plate heat exchanger with bulleted text
operating instruction narratives on the monitor as shown in Fig. 5(a).
Similarly, the 2D-complex operating instructions were designed as a 2D
isometric drawing of the plate heat exchanger with rich text operating
instruction narratives displayed on the monitor as shown in Fig. 5(b).
The 3D operating instructions were designed as an interactive 3D model
of the plate heat exchanger with bulleted text operating instruction
narratives as shown in Fig. 5(c). The participants in the 3D group could
use the keyboard and mouse to view the operating instruction texts and
the 3D model. The VR operating instructions were designed as an HMD
headset to review the operating instructions as well as a virtual plate
heat exchanger model in an immersive virtual environment. Participants in the VR group could also interact with the plate heat exchanger
model while reviewing the operating instructions. To simulate the
conﬁned space, participants could see the limited space boundary and
they were told not to go beyond the boundary when they performed the
task.
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Fig. 4. Participants in review and operation sessions. (a) 2D-simple group; (b) 2D-complex group; (c) 3D group; (d) VR group.

point Likert scale (where 1 = no experience, and 10 = a lot of experience). Participants' average knowledge about the HVAC system was
2.3, indicating that participants have very limited previous knowledge.
The average abilities in understanding text instructions, 2D drawings,
and 3D models were all greater than 7.5, suggesting that most participants had no issues in comprehending the task. An ANOVA test
(normality assumption was supported by the Shapiro-Wilk test) found
that there was no signiﬁcant diﬀerence (p = .2159) in the cube test
score across four groups, showing similar spatial ability levels among
the participants in each group. Based on the results of the SUS and postexperiment questionnaires, most participants felt that virtual pipe
maintenance scenario was realistic and immersive (Mean = 5.38 and
SD = 1.1, on the scale from 1 to 7) and most participants felt mild and
bearable sickness while performing the pipe maintenance task in the
virtual environment (Mean = 5.38 and SD = 2.66, on the scale from 1
to 10). None of the participants requested to abort the experiment.
Table 3 summarizes demographic information for the participants.

review time was limited to 5 m because some participants might feel
sickness (nausea, headache, dizziness, and light-headed) if using the
virtual environment for 10 m or longer (based on our previous studies
[22,83,84]. In the retention session (5 m duration) participants were
given another shape memory test. The purpose was to intervene in the
working memory storage of the participants and to trigger relatively
high cognitive load in the following task. After the retention session,
participants were asked to perform the pipe maintenance task in the VR
environment (with no time limit).
After completing the operation session, participants were given a
Slater-Usoh-Steed (SUS) questionnaire [96] to evaluate their presence
in the virtual environment. The SUS questionnaire has been proven
eﬀective in presence evaluation with regard to human-computer interaction (HCI) [11,50,66]. At the end of all experimental stages, participants were asked to ﬁll out a post-questionnaire to provide comments and feedback. The post-questionnaire was developed based on
cognitive load measurement proposed by Leppink's cognitive research
[47,48]. Compared to the traditional cognitive load measurement approach (NASA TLX survey), this measurement can evaluate three
sources of cognitive load [87]. All of the sessions were conducted in
room 101 (BIM CAVE) of Francis Hall at Texas A&M University. The
experimental procedure took approximately 60–90 m for each participant. To thank participants, a $10 gift card was gifted to each person
after they ﬁnished the experiment.

5.2. Task performance
First, we evaluated whether task performance was suﬃciently different across the four groups. Two task performance indicators were
used including pipe maintenance accuracy (%) and operation time (s).
The criteria for evaluating pipe maintenance accuracy were as followed:

5. Data analysis and results
1. For each maintenance step, if the participant did not touch the
valve, the action was considered a failure.
2. For each maintenance step, if the participant touched the valve in
the wrong sequence, the action was considered a failure.
3. For each maintenance step, if the participant touched the valve in
the right sequence, the action was considered a success.

5.1. Overview
In total, 120 participants (68 males, 52 females) took part in the
study, including 53 undergraduate students and 67 graduate students.
We performed a power analysis for the one-way ANOVA with group as a
factor and operation accuracy as the dependent variable using GPower.
Using a large eﬀects size estimate (η2 = 0.14), an a priori power analysis with 30 participants in each of our four groups yielded 0.96 power
to detect a signiﬁcant ANOVA for group at α = 0.05; using a moderate
eﬀect size (η2 = 0.10) yielded 0.86 power to detect an eﬀect. A retrospective power analysis using the k sample means method, the observed power is calculated to be 0.99998 with 120 total sample. All
participants were recruited via the university emailing list. Participants'
ages ranged from 18 to 45 years, with a median age of 23. Participants
were from a variety of disciplines, including civil engineering, construction management, and other engineering majors. Their previous
game and VR experience was surveyed, as it could aﬀect participants'
VR task performance [26]. The participants reported their previous
game and VR experiences on a 10-point Likert scale (where 1 = no
experience, and 10 = a lot of experience). The average game experience was 5.81 and the average VR experience was 3.18. The results
indicate that most participants claimed little VR experience and thus
their performance could be compared fairly. Participants were also
asked to report their previous knowledge of the HVAC system, their
ability to understand text instructions, their ability to read 2D drawings, and their ability to understand 3D models, all measured on a 10-

We performed a one-way ANOVA with pipe maintenance accuracy
as the DV and group as the factor. In order to move away from Null
Hypothesis Signiﬁcance Testing (NHST) we focused our analysis on
eﬀect size and conﬁdence interval estimates. The eﬀect size for the
omnibus ANOVA was substantial (η2 = 0.339, ω2 = 0.320) [28]. To
obtain a 95% CI for this eﬀect size we used R's car and sjstats packages
to bootstrap a distribution of eﬀect size estimates by sampling with
replacement. Because η2 is biased, and cannot be negative, we used ω2
to infer whether the 95% CI for eﬀect size did not include zero. This
yielded a 95% CI for ω2 of [0.200, 0.483] which was well above zero,
indicating a strong eﬀect of group on pipe maintenance accuracy [28].
We next compared the group means and 95% CIs for each group. To
create 95% CIs we multiplied the standard error of the mean by 2.045,
the critical t-value at α = 0.05 and df = 29, given samples sizes of 30
per group. We inferred the groups to be signiﬁcantly diﬀerent from one
another if one group's mean did not fall within the other group's 95%
CI. The 2D-complex group (M = 0.433, SD = 0.355, 95% CI: 0.301,
0.566) had the lowest mean accuracy. The mean for the 2D-simple
group (M = 0.633, SD = 0.345, 95% CI: 0.505, 0.762) was not within
the 95% CI for the 2D-complex group, indicating that participants in the

Table 2
10-Steps for the pre-start-up maintenance sequence.
Hot water side
Step
Step
Step
Step
Step

1:
2:
3:
4:
5:

Close
Close
Close
Open
Close

hot
hot
hot
hot
hot

Cold water side
side pump isolation valve (v1)
drain valves (v2 and then v5)
isolation valves (v3 and then v4)
vent valve (v6)
feed valve (v7)

Step
Step
Step
Step
Step

8

6: Close cold side pump isolation valve (v9)
7: Close cold drain valves (v8 and then v14)
8: Close cold isolation valves (v10 and then v11)
9: Open cold vent valve (v12)
10: Close cold feed valve (v13)
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Fig. 5. Four types of operating instructions: (a) 2D-simple; (b) 2D-complex; (c) 3D and VR.
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Table 3
Summary of participants' demographic information.
Demographic factors

Response range

Mean or percentage

Median

Gender
Age
Degree level
Game experience
VR experience
The knowledge of HVAC system
The ability of understanding text instructions
The ability of understanding 2D drawing
The ability of understanding 3D model

Male/female
18–45
Undergraduate/graduate
1–10
1–10
1–10
1–10
1–10
1–10

56.67% male
24.29
55.83% graduate student
5.81
3.18
2.3
8.37
8.13
7.53

–
23
–
6
2
1
9
8.5
8

Table 4
Details of participants' task performance.
2D group

2D-complex

3D group

VR group

Indicators

Operation
accuracy (%)

Operation time
(s)

Operation
accuracy (%)

Operation time
(s)

Operation
accuracy (%)

Operation time
(s)

Operation
accuracy (%)

Operation time
(s)

Mean
SD
Lower 95% CL
Upper 95% CL

63.3%
34.5%
50.5%
76.2%

96.684
54.627
76.287
117.083

43.3%
35.5%
30.1%
56.6%

124.787
65.905
100.178
149.396

92.3%
10%
88.6%
96.1%

68.473
27.927
58.045
78.901

93.7%
11%
89.1%
98.2%

65.835
31.14
53.516
78.154

5.3. Cognitive load in information encoding phase

2D-simple group were signiﬁcantly more accurate than participants in
the 2D complex group. The means for the 3D group (M = 0.923,
SD = 0.1, 95% CI: 0.886, 0.961) and the VR group (M = 0.937,
SD = 0.11, 95% CI: 0.891, 0.982) were not signiﬁcant diﬀerent from
each other, and they were signiﬁcantly above the upper bounds for the
95% CIs of the 2D-simple and 2D-complex groups. Thus, the VR and 3D
groups had signiﬁcantly higher accuracy than the 2D-group, and the
2D-complex group had signiﬁcantly lower accuracy than all other
groups. The details of pipe maintenance accuracy are shown in Table 4.
We next performed a similar ANOVA with operation time as the DV
and group as the factor. The eﬀect size for the omnibus ANOVA was
large (η2 = 0.188, ω2 = 0.166). A bootstrapped 95% CI for ω2 did not
include zero [0.070, 0.323], thus indicating a non-zero eﬀect. The
average operation time for the 2D-complex group (M = 124.787,
SD = 65.905, 95% CI: 100.178, 149.396) was signiﬁcantly longer than
the operation time of the 2D-simple group (M = 96.685, SD = 54.627,
95% CI: 76.287, 117.083), and the means for each group were outside
the bounds of the 95% CI of the other group. Average operation times
were fastest for the 3D (M = 65.835, SD = 31.14, 95% CI: 53.516,
78.154) and VR groups (M = 70.950, SD = 34.37, 95% CI: 59.313,
84.411). These 95% CIs for these groups largely overlap, and they do
not include the means for the 2D groups. Thus the pattern of average
operation times among the four groups largely mirrors the pattern we
observed for accuracy, with the 3D and VR groups performing faster
and more accurately than the 2D-simple group, which is still faster and
more accurate than the 2D-complex group. Further details of operation
time data are shown in Table 4 (Fig. 6).
We also computed the geometric mean for operation time for participants in each condition. The geometric mean has been shown to
more accurately estimate the population median than the arithmetic
mean; it is also less biased than the sample median which tends to
overestimate the population median [78,79]. The geometric mean is
computed by taking the natural log of each value, computing the mean
of these log-values, and then exponentiating this mean. Fig. 7 plots the
geometric mean for each group along with 95% conﬁdence intervals.
The conﬁdence intervals for the 3D and VR conditions did not include
the means for the 2D conditions, which suggests that these groups reliably diﬀer in operation time. As expected, the natural logarithms of
each participant's operation time were more normally distributed than
raw operation times.

Next, we evaluated cognitive load, as measured by pupil dilation, in
the training or information-encoding phase. Similar to our analyses
above, we performed a one-way ANOVA with group as a factor and
average dilation in the training phase as the DV. This yielded a large
eﬀect size (η2 = 0.280, ω2 = 0.260) with a bootstrapped 95% CI for ω2
that did not include zero [0.132, 0.452]. Average pupil dilations were
the lowest for the 2D-simple (M = 0.06, SD = 0.06, 95% CI: 0.037,
0.083) and 2D complex groups (M = 0.050, SD = 0.058, 95% CI:
0.029, 0.072), and these groups did not signiﬁcant diﬀer. The 3D
(M = 0.126, SD = 0.069, 95% CI: 0.101, 0.152) and VR groups
(M = 0.138, SD = 0.063, 95% CI: 0.114, 0.161) did not signiﬁcantly
diﬀer from each other, and both groups had signiﬁcantly larger average
pupil dilations than the 2D groups. These results reveal that the participants in the 3D and VR groups had larger pupil dilations, indicating
higher cognitive load levels during training. Moreover, across all conditions pupil dilation scores were positively correlated with pipe operation accuracy (r = 0.34, p < .001).
We further examined the aggregated pupil dilation in the information-encoding phase as shown in Fig. 8(b). A one-way ANOVA yielded a
very large eﬀect size (η2 = 0.533, ω2 = 0.519) with a bootstrapped
95% CI for ω2 that did not include zero [0.414, 0.639]. Aggregate pupil
dilations were the lowest for the 2D-simple (M = 926, SD = 2105, 95%
CI: 140, 1712) and 2D complex groups (M = 760, SD = 1621, 95% CI:
155, 1366), and these groups did not signiﬁcantly diﬀer. The 3D
(M = 7569, SD = 4795, 95% CI: 5778, 9359) and VR groups
(M = 10,128, SD = 5565, 95% CI: 8050, 12,205) did not signiﬁcantly
diﬀer from each other, and both groups had signiﬁcantly larger average
pupil dilations than the 2D groups; means for the 3D and VR groups
were well outside the 95% CIs for the 2D groups. Across all conditions
aggregated pupil dilation was positively correlated with pipe operation
accuracy (r = 0.39, p < .001).
5.4. Cognitive load in information retrieval phase
We also evaluated pupil dilation, as a proxy for cognitive load, in
the performance phase where participants were attempting to execute
the pipe maintenance operation. Average pupil dilation was found to be
normally distributed according to the Shapiro-Wilk test of normality,
and therefore a one-way ANOVA was used to compare the average pupil
10
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Fig. 6. Task performance of four groups: (a) pipe operation accuracy; (b) operation time. The error bars represent 95% CIs.

for group for aggregate than for average pupil dilation during test, the
eﬀect was nevertheless small and not signiﬁcantly diﬀerent from zero.

dilations across diﬀerent groups (α = 0.05). The eﬀects size from this
ANOVA was very small (η2 = 0.016, ω2 = −0.009), even less than zero
for ω2. The 95% CI for ω2 included zero [−0.022, 0.087], which suggests that there was little to no eﬀect of group on pupil dilation during
the retrieval phase. However, it should be noted that because the time
used by each participant in the task operation phase was signiﬁcantly
diﬀerent, the average pupil dilation percentage might not properly reﬂect the total cognitive costs in the task operation phase. For example,
Fig. 9 shows the pupil changes for two subjects in the operation phase.
Although subject (a) presented a lower average pupil dilation, because
she used more time for the task, the total cognitive cost was still higher
than subject (b). Thus, the aggregated pupil dilation is a more suitable
method of capturing a participant's total cognitive cost in information
recalling. As a result, we compared the aggregated pupil dilation with a
one-way ANOVA test (normality test passed). These results are illustrated in Fig. 10(b). The eﬀect size for the ANOVA was larger than for
average dilation during test, but still only small to moderate in size
(η2 = 0.059, ω2 = 0.035). The bootstrapped 95% CI for ω2 included
zero [−0.007, 0.153]. This suggests that while there was a larger eﬀect

5.5. Cognitive load validation
Finally, we validated the ﬁndings of pupil size analysis with a
cognitive load questionnaire at the end of the experiment.
For the results of intrinsic cognitive load, a one-way ANOVA yielded
a very large eﬀect size (η2 = 0.302, ω2 = 0.282) with a bootstrapped
95% CI for ω2 that did not include zero [0.171, 0.0.427] as illustrated in
Fig. 11(a). Intrinsic cognitive load was the lower for the 3D (M = 2.46,
SD = 1.36, 95% CI: 1.95, 2.97) and VR groups (M = 3.35, SD = 2.02,
95% CI: 2.6, 4.1), and these groups signiﬁcantly diﬀer. The 2D-simple
(M = 4.17, SD = 1.76, 95% CI: 3.51, 4.82) and 2D-complex groups
(M = 5.72, SD = 2.19, 95% CI: 4.91, 6.54) signiﬁcantly diﬀer from
each other, and both groups had signiﬁcantly larger Intrinsic cognitive
load than the 3D and VR groups; means for the 3D and VR groups were
well outside the 95% CIs for the 2D groups. These results indicate that
the participants in the 3D and VR groups reported the lowest intrinsic

Fig. 7. The geometric mean of operation time across diﬀerent groups. The error bars are 95% conﬁdence intervals.
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Fig. 8. Pupil dilation in information encoding: (a) average pupil dilation percentage; (b) aggregated pupil dilation. Error bars represent 95% CIs.

Fig. 9. Pupil variations in information retrieval phase (a) mixed pupil dilate and pupil constrict; (b) pupil dilation dominant.

Fig. 10. Pupil dilation in the information-recalling phase: (a) average pupil dilation percentage; (b) aggregated pupil dilation. Error bars represent 95% CIs.

the 3D (M = 1.26, SD = 1.1, 95% CI: 0.847, 1.67) and VR groups
(M = 1.46, SD = 1.03, 95% CI: 1.07, 1.84), and these groups did not
signiﬁcantly diﬀer. The 2D-simple (M = 2.81, SD = 1.72, 95% CI: 2.17,
3.45) and 2D-complex groups (M = 3.76, SD = 2.49, 95% CI: 2.83,
4.69) signiﬁcantly diﬀer from each other, and both groups had

cognitive load, and the 2D-complex group reported the highest levels.
For the results of extraneous cognitive load, a one-way ANOVA
yielded a very large eﬀect size (η2 = 0.274, ω2 = 0.254) with a
bootstrapped 95% CI for ω2 that did not include zero [0.137, 0.0.411]
as illustrated in Fig. 11(b). Extraneous cognitive load was the lower for
12
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diﬀerence in germane cognitive load between diﬀerent groups
(η2 = 0.05, ω2 = 0.025) with a bootstrapped 95% CI for ω2 that include zero [−0.01, 0.0.153], as illustrated in Fig. 11(c). Because the
germane cognitive load is related to the previous experience of the task,
the result indicates that participants in each group had similar levels of
previous knowledge about the task.
In general, the post-experiment cognitive survey supports the ﬁndings regarding pupil size analysis that the 3D and VR groups tended to
demonstrate lower cognitive load levels in the information-recalling
phase. This could have driven better performance for these two groups.
However, the two groups also demonstrated a higher cognitive load in
the information encoding phase or the development phase of working
memory. This represents a potentially complex cognitive phenomenon
that deserves further discussion.
6. Discussion
These experimental results reveal several important implications
regarding how engineering information formats aﬀect learning and
retention of pipe maintenance tasks. First, it indicates that more immersive information display and visualization during the review session
does improve ﬁnal task performance. When given the same amount of
time for engineering review, the 3D and VR groups outperformed the
2D-simple and 2D-complex groups in both operation time and accuracy.
These results echo recent ﬁndings in the construction informatics literature that conﬁrm the beneﬁts of emerging visualization technologies
such as BIM and mixed reality [3,69,77,89]. We also found evidence
that greater pupil dilation during the training phase predicted better
performance at test, and that the 3D and VR groups had larger average
pupil dilation than the 2D groups. Given the previous connection between pupil dilation and successful working memory encoding it seems
possible that the pupil dilation we observed was a physiological indicator of successful working memory encoding [32]. Meanwhile,
participants from the 3D and VR groups reported lower extraneous
cognitive load compared to 2D groups based on cognitive load survey
results. This result is supported by Wickens' multiple resource model
[103,104]; participants in the 2D groups were required to process more
of the same type of (phonological) information that may have been
taxing the same sensory process to increase the cognitive load, compared to participants in the 3D and VR groups who were able to process
information presented in additional sensory dimensions. This likely
allowed for information to be processed by more sensory channels
which reduced self-reported extraneous cognitive load.
However, it should be acknowledged that the better performance of
the 3D and VR groups may be mediated by a diﬀerent mechanism than
enhanced working memory encoding; instead, it may represent a more
complex cognitive process related to both working memory development (encoding) and working memory retrieval (recalling). For example, the psychology literature discusses the cognitive phenomenon
called “state-dependent memory” and “transfer appropriate processing
(TAP)”, whereby memory retrieval is most eﬃcient when an individual
is in the same state of consciousness as they were when the memory was
formed [25,94]. TAP also suggests that memory performance is not only
determined by the levels-of-processing required, but also by how information is initially encoded and later retrieved [14,33,58]. Because
3D and VR models can best reproduce scenes that will be seen in the
operation phase, memory retrieval may be easier for participants. The
higher cognitive load for 2D during retrieval can still be explained by
matching between learning and retrieval. Notably, the 2D groups may
show increased cognitive load because they are mentally trying to
translate information they learned to a new format for retrieval. In
other words, the better performance of the 3D and VR groups in task
performance does not necessarily mean that learning, or information
encoding, was enhanced during the review session; rather, it may also
indicate easier retrieval of working memory in the operation phase. To
evaluate the impact of 3D and VR on operation task performance, a

Fig. 11. Results of cognitive load surveys: (a) Intrinsic cognitive load; (b)
Extraneous cognitive load; (c) Germane cognitive load.

signiﬁcantly larger extraneous cognitive load than the 3D and VR
groups; means for the 3D and VR groups were well outside the 95% CIs
for the 2D groups. These results indicate that the participants in the 3D
and VR groups reported the lowest extraneous cognitive load, and the
two 2D groups reported the highest extraneous cognitive load levels.
Since the extraneous cognitive load is closely related to how information is presented, this result is consistent with the diﬀerences of cognitive load between encoding and retrieval phase based on pupil dilation data as shown in Fig. 10. Finally, we did not ﬁnd any signiﬁcant
13
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Fig. 12. Pupil dilation between review and operation phases across four groups: (a) average pupil dilation percentage; (b) aggregated pupil dilation.

to the 2D group as shown in Fig. 12(b). These results suggest that 3D
and VR groups have smaller cognitive costs in memory retrieval. In
other words, in terms of cognition, it uses more cognitive load for the
3D and VR groups to digest and memorize information in the review
session, but once the information was encoded, it was much easier for
these two groups to retrieve or recall information. Based on an overall
assessment of the results, we derived a theoretical framework for explaining why diﬀerent formats of engineering information aﬀect
working memory-based tasks in distinct ways, and how learning or
training can be optimized, as illustrated in Fig. 13.
The proposed framework shows that the advantage of a certain
format of engineering information in working memory-based tasks
should be evaluated in two parts: the cognitive cost for encoding
working memory αe, and the cognitive cost for recalling working
memory αr. The overall eﬃciency of a particular information format,
with respect to the performance of working memory-based tasks, shall
represent a lower recalling-to-encoding conversion ratio: β = αr/αe,

thorough investigation into the cognitive processes of both the information encoding and recalling phases is needed.
Therefore, we further examined the cognitive costs across the four
groups in both the review session and the operation session. Prior work
has found that pupil dilation is a strong indicator of an increased cognitive load [18,34,80]. Our analysis on pupil data found that the 3D and
VR groups demonstrated higher frequency and magnitude of pupil dilations in the training session (in both average pupil dilation percentage
and aggregated pupil dilation) as shown in Fig. 12. This indicates that
the cognitive costs of both 3D and VR groups in working memory development (or information encoding) were much higher than those of
the 2D-simple and 2D-complex groups. The pupil dilation data also
suggest that the 3D and VR groups have the smaller cognitive increase
diﬀerences in average pupil dilation percentage between review and
operation phases compared to the 2D groups as shown in Fig. 12(a).
The 3D and VR groups have cognitive decrease diﬀerences in aggregated pupil dilation between review and operation phases compared
14
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Fig. 13. Theoretical framework for working memory use eﬃciency assessment.

has been found to be related to the comprehension and interpretation of
information [16,87,88]; therefore, it is reasonable that test subjects
demonstrated a higher mental load when recalling the information.
This study contributes to methods and theories pertaining to construction productivity assessment and improvement. The ﬁndings of
this study will help inspire the design of cognition-driven performance
prediction and early intervention systems for complex construction
operations that rely on working memory. Speciﬁcally, as the clear relationship between pupillary changes and working memory development and retrieval quality was found in this study, it supports a promising direction of applying eye tracking in construction tasks for realtime memory quality assessment. In addition, our analysis showed that
there was a close correlation between working memory metrics and
task performance, especially the accuracy, suggesting that eye tracking,
in addition to other existing psychological measurement methods, has
the potential to be deployed on-site for individual level performance
assessment, prediction and intervention.
Fig. 14. Recalling-to-encoding cognitive conversion ratios of four groups.

7. Conclusions
Given the increasing complexity of construction operations and the
growing work scenarios in conﬁned workplaces, it is critical to examine
the role cognitive mechanisms such as working memory (i.e., the short
term and temporary storage of information), as these types of mechanisms likely play a critical role in construction projects. Field
workers often need to recall information from memory, instead of
querying information on site, to ensure a seamless execution of construction tasks. Recently, researchers have shown a great interest in
understanding the implications of diﬀerent engineering information
formats on the encoding and retention of information in construction
tasks, driven by the rapid development of new information and visualization technologies such as VR. However, there is still an obvious
theoretical disagreement and a lack of investigation into the mechanisms that lead to diﬀerent information formats having diﬀerent eﬀects
on learning. This study proposes that diﬀerent information formats and
display methods trigger varying levels of cognitive load, particularly in
the working memory encoding phase. In the tentative model we developed, the overall eﬃciency of working memory use is deﬁned as a
recalling-to-encoding conversion ratio to represent the level of cognitive diﬃculty in recalling information, given the same level of diﬃculty
in encoding the information. Therefore, a smaller conversion ratio represents more eﬃcient use of working memory resources and is associated with improved performance in working memory-based tasks. To
prove the concept, we performed a human-subject experiment where
test subjects (n = 120) were required to review the information for a
pipe maintenance task for a short period of time, and then perform the
task based on working memory. Depending on what format of information was given, test subjects were divided into four groups: 2Dsimple, 2D-complex, 3D, and VR.
In summary, this research study contributes to the construction

that is, recalling (of working memory) shall be easier given the same
level of diﬃculty in the encoding (of working memory). Using our data
as an example, a one-way ANOVA yielded a very large eﬀect size
(η2 = 0.163, ω2 = 0.14) with a bootstrapped 95% CI for ω2 that did not
include zero [0.079, 0.0.267]. Cognitive conversion ratio were the
lowest for the 3D (M = 1.95, SD = 1.27, 95% CI: 1.48, 2.43) and VR
groups (M = 760, SD = 1621, 95% CI: 155, 1366), and these groups
did not signiﬁcantly diﬀer. The 2D-simple (M = 4.19, SD = 3.29, 95%
CI: 2.96, 5.42) and 2D-complex groups (M = 5.28, SD = 5.71, 95% CI:
3.15, 7.41) did not signiﬁcantly diﬀer from each other, and both groups
had signiﬁcantly larger cognitive conversion ratio than the 3D and VR
groups; means for the 3D and VR groups were well outside the 95% CIs
for the 2D groups. The cognitive conversion ratio was negatively correlated with accuracy across all groups (r = −0.29, p < .01) (Fig. 14).
Using this framework, we found that a more immersive information
visualization (e.g., 3D and VR) that resembles the scenes in the task
operation phase actually requires a higher mental engagement in information encoding, but retrieval requires less cognitive process. The
overall conversion ratio β is low and thus the 3D and VR formats lead to
better performance. The 2D-complex group represented the worst performance in the experiment because the recalling-to-encoding ratio was
signiﬁcantly higher than for the other groups. To be noted, although not
the main focus of this study, our results also suggest that information
complexity aﬀects working memory development. Specially, we found
that complex display of the same information (including many contents
not directly relevant to the task) impacted task performance (both time
and accuracy) in a negative way. The survey results show that providing more semantic content in the engineering information increases
intrinsic cognitive load in the operation phase. Intrinsic cognitive load
15
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science ﬁeld in the following ways: First, we developed a pupil dilation
analysis workﬂow that rules out the inﬂuence of light ﬂex generated by
the monitor or lens of the HMD to assess user's cognitive status in real
time. This approach can greatly help safety managers to detect construction workers' cognitive status during the construction operations.
Second, our results showed that the 3D and VR groups outperformed
the 2D-simple and 2D-complex groups in both task time and accuracy.
The additional cognitive load analysis based on surveys and pupil dilation analyses found that the 3D and VR groups showed lower cognitive load levels in the operation phase, but higher cognitive load levels
in the review phase. The better performance for these two groups may
therefore be a result of a complicated cognitive process related to both
information encoding and decoding. Third, we further proposed a framework for explaining how information format aﬀects working
memory-based tasks. The ﬁndings are expected to provide more evidence about the interplay between information formats and working
memory functioning that should help resolve the current theoretical
disagreement in the construction literature and inspire the design of
cognition-driven information systems that lead to the most eﬃcient
learning for construction workers.
Several research limitations still need to be addressed in the future
research agenda. First, this study was conducted in a well-controlled
laboratory environment. In real world, construction sites and construction operations are more complex and unpredictable. Thus, more
complex and dynamic scenarios should be tested in future research.
Second, in this study, we used pupil dilation to assess participants'
cognitive status. In our future research, more physiological sensors such
as Electrocardiogram (ECG), Electroencephalogram (EEG), and functional near-infrared spectroscopy (fNIRS) will be implemented to cross
validate the physiological and psychological data and more accurately
predict individual's cognitive status. Last but not the least, the construction operation task in this study was tested in a normal situation.
According to the previous literature, stress can greatly weaken individual's brain networks. Therefore, we will test the construction operation tasks under diﬀerent cognitive status. Despite these limitations,
this study provides evidence that 3D and VR information formats can
lead to better learning of construction maintenance operations due to
reduced cognitive load from the presentation of information in multiple
sensory modalities.
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