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Typical commercial lease agreements in Australia stipulate 22.5 ± 1.5  C in summer as the acceptable
thermal condition that buildings have to meet, even though the overcooling incurs excessive and unnecessary energy use, gas emissions and ﬁnancial expense. An argument that backs up this practice
asserts that ofﬁce workers' productivity and comfort will be jeopardised outside this temperature range.
This paper investigated whether the ofﬁce environments with a practical higher temperature setpoint
can still be cognitively efﬁcient and comfortable for ofﬁce workers. In a controlled climate chamber, 26
ofﬁce workers experienced the typical summer indoor temperature condition in Australia (22  C) followed by the condition with a higher temperature setpoint (25  C). In both conditions, subjects were
required to fulﬁl Cambridge Brain Science (CBS) cognitive performance tests, NASA Task Load Index
(NASA-TLX), and thermal comfort and air quality questionnaires. Meanwhile, participants' electroencephalogram (EEG) and heart rate (HR) were recorded under three different difﬁculty levels of Paced
Auditory Serial Addition Tests (PASAT). Results showed that CBS test scores were not signiﬁcantly affected
by temperature; a higher temperature of 25  C incurred a signiﬁcantly reduced cognitive load for subjects, as has been observed by NASA-TLX, but probably due to the learning effect; the comparison between EEG and HR features during different temperatures did not show any signiﬁcant difference.
Participants' thermal comfort was not signiﬁcantly jeopardized by the 3  C temperature setback either.
Results from this study favourably support a practical setback of temperature setpoints in Australian
ofﬁce buildings during summer.
© 2017 Elsevier Ltd. All rights reserved.
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1. Introduction
1.1. Temperature setpoints in commercial lease agreements in
Australia
In Australia, commercial buildings account for roughly 10% of
the nation's overall energy consumption, among which commercial
ofﬁce buildings make up approximately 25% of this total [1]. The
energy consumption includes HVAC (heating, ventilation and airconditioning), vertical transport, electrical equipment, lighting to
the tenants, etc, of which HVAC accounts for 40%e50% of commercial properties' energy use [2].
In the awake of universal provision of air-conditioning in
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E-mail address: fan.zhang1@sydney.edu.au (F. Zhang).
http://dx.doi.org/10.1016/j.buildenv.2017.06.048
0360-1323/© 2017 Elsevier Ltd. All rights reserved.

commercial buildings in Australia, there has been a trend to codify
in lease agreements the acceptable thermal conditions that the
buildings have to meet. A typical Australian commercial lease
stipulates indoor air temperatures of 20  Ce24  C (21.5 ± 1.5  C in
winter and 22.5 ± 1.5  C in summer) [3]. This means that building
managers or landlords who set the indoor temperature higher than
24  C during summer run the risk of breaching leases and incurring
penalties. However from the research point of view, there is no
empirical evidence that this temperature range should be maintained. In effect, it is inconsistent with the already-established
comfort benchmarks such as ASHRAE 55e2013 [4], which recommends a summer time thermal comfort zone of 23e26  C. The
signiﬁcant over-cooling in commercial buildings not only incurs
potential comfort-related complaints from building occupants, but
also impacts building energy use, gas emissions and ﬁnancial expenses, since HVAC energy consumption is proportional to the
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differential between internal and external temperatures [5]. Previous research demonstrate that if the temperature setpoint is
raised by 1  C, the daily air-conditioning energy use can be reduced
by 6% [6], all else being equal.
The “22 setpoint” scenario during summer has been prevailing
in Australia probably since 2000s. Although the exact reason is
unknown, the concern about potential productivity loss outside
this stipulated temperature range has backed up this practice. This
concern derives from previous researches showing that there is an
optimal temperature around 20  Ce22  C [7e10] or thermal
sensation (between 1 and 0.21 reported by different studies)
[7,11,12] that will lead to a maximum productivity of occupants.
Previous studies also stress that the value of labor in an ofﬁce
building is orders of magnitude higher than the HVAC operational
energy costs [e.g., 13e16], thus it is cost-effective to maintain this
stringent thermal comfort range. However, there are also an
increasing number of more rigorous studies reporting unchanged
productivity level during moderately higher indoor temperatures
[17e19]. The controversial nature motivated this experimental
investigation into how a practical higher temperature setpoint in
ofﬁce buildings during summer affects workers' productivity as
well as thermal comfort.
1.2. The effect of physical environment on occupants' cognitive load
Indoor Environmental Quality (IEQ) researchers have investigated the effect of physical environment on occupants' cognitive
performance. Previous research [18] has looked at university students' cognitive performance during demand response events and
found that the effects of thermal environment on cognitive performance followed an extended-U relationship [20] (Fig. 1),
meaning that occupants can maintain a near-optimum level of
performance across a broad range of thermal conditions. There is
no compensatory action needed within the comfort zone whereas
more attentional resources are required in order to maintain the
same level of performance outside the comfort zone. This additional mental effort will generate extra cognitive load for occupants. In Ref. [18], the authors also found that temperature (or heat)
affects cognitive performance differently for tasks with different
difﬁculty levels. Simple tasks requiring less attentional and mental
effort are less vulnerable to heat than more attention-demanding
and complex tasks [20]. It remains unclear how the effect of
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physical environment on cognitive performance will be mediated
by different levels of task difﬁculty.
Cognitive load theory (CLT) [21e23] is a theoretical framework
based on knowledge of human cognitive architecture, which consists of a long-term memory and a working memory. Unlike longterm memory, working memory is severely limited in both capacity and duration. Cognitive load refers to the total amount of mental
activity imposed on working memory at an instance in time [24].
The major factor that contributes to cognitive load is the number of
elements that need attention. In the recent paper of Choi & Mer€nboer [25], the authors amended the theoretical framework of
rie
CLT by adding the physical environment as a distinct causal factor
€nboer [25],
affecting cognitive load. As mentioned by Choi & Merrie
researchers in CLT paid very little attention to the effects of the
physical environment on cognitive load and learning; researchers
in the IEQ area, however, mostly focus on the impact of warmer
temperatures on cognitive performance rather than cognitive load.
Building occupants may maintain the optimal level of performance
but suffered from increased cognitive load. Adopting the concept of
the learning efﬁciency of CLT [26,27], the speciﬁc physical environment can be regarded as cognitively efﬁcient if a higher performance is attained with a lower investment of mental effort.
A number of methods have been used to measure cognitive load.
In the early stages of CLT, indirect methods such as error rates, time
on task were used in conjunction with performance test scores. The
use of subjective measurement of mental effort had been a significant development of CLT. In trying to measure different aspects of
cognitive load, researchers often adopt the multidimensional scale,
NASA Task Load Index (NASA-TLX) [28]. Yet the NASA-TLX scale has
mainly been used in the areas of interface designs and evaluations
or aeronautical studies. CLT researchers often modiﬁed the instrument by selecting only some of the subscales as well as changing
the wording of the items. The subjective scale of mental effort or
difﬁculty has had the most use in the literature, nevertheless,
subjective rating scales do not provide real-time, concurrent data,
thus cannot be used to determine changes in cognitive load during
learning or working. Consequently, real-time continuous
measuring methods for determining cognitive load have started to
emerge in recent years. The methods encompass the use of external
(perceivable) cues, such as facial expressions and eye tracking, and
internal (physiological) cues, such as the use of heart rate (HR) and
electroencephalogram (EEG), which captures electrical activity in
human brain.

1.3. Aims and scope of this paper
This paper aims to investigate if ofﬁce environments with a
practical higher temperature setpoint can still be cognitively efﬁcient and comfortable. It also explores whether tasks with different
difﬁculty levels will be impacted differently by the warmer temperatures. Three different methodsdcognitive performance test
scores, NASA-TLX, EEG and HR measurement are adopted for
evaluating cognitive load. This study aims to answer the following
speciﬁc research questions:

Fig. 1. The extended-U model between temperature and performance (adapted from
Ref. [20]).

 Will ofﬁce workers' cognitive performance be affected by
practical higher temperature setpoints during summer?
 Do the three approaches reveal similar results of participants'
cognitive load?
 How does the impact of higher temperature setpoints on
cognitive load be modulated by different levels of task
difﬁculty?
 Do higher temperature setpoints signiﬁcantly jeopardize ofﬁce
workers' thermal comfort?
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Fig. 2. The ﬂoor plan of the IEQ lab along with the experimental setup in Chamber 2.

2. Methodology
2.1. Climate chamber and subjects
The experiment was carried out in the University of Sydney's
IEQ Lab (Fig. 2) climate chamber that has a ﬂoor area of approximately 25 m2 (4.2 m  5.63 m, 2.6 m in height with an accessible
raised ﬂoor of 250 mm) [29]. The active chilled beam system was
adopted to adjust the air temperature within the occupied zone.
Participants sat at separate workstations, each consisting of a desk,
a chair, and a personal computer.
A total of 26 ofﬁce workers (12 males and 14 females) participated as volunteered subjects in this study. Of all participants, 73%
aged between 31 and 50 years and 29% ages 30 years or under.
Subjects had diverse employment circumstances: professional
(35%), technical (31%), managerial (15%) and administrative (19%).
Participants wore their normal ofﬁce ensembles during the experiments. The intrinsic clothing insulation was estimated to be
0.5e0.6 clo according to the clo data in Ref. [4] with an additional
insulation of the chairs (0.1 clo). Participants were also free to
adjust their clothes during the experiments.
2.2. Research design and experiment procedure
Fig. 3 illustrates the experimental timeline. All participants, in
groups of 2e4 people, attended a 3 h experiment composing of 2
acclimatization periods, 2 sessions and a break. Subjects started the

experiment with a 30 min acclimatization period during which
they were instructed about the whole process of the experiment
and received training on the cognitive performance tests. Session 1
lasted for 1 h and served as a control condition. Through the
acclimatization period and Session 1, the air temperature setpoint
in the chamber was 22  C, representing the common temperature
setpoint in commercial buildings in Australia [3,6]. Subjects were
then allowed to have a 10 min break when the adjustment of
temperature was implemented and subjects were free to leave the
experiment chamber. When subjects came back, they went through
another 20 min acclimatization period ﬁxing at 25  C followed by
1 h of experiment period (Session 2) also at 25  C.
During each 1 h experiment session, subjects were ﬁrst
assigned the thermal comfort questionnaires, followed by Cambridge Brain Science (CBS) tests. NASA-TLX was also assigned to
subjects to assess their subjective mental workload during the
test. After a 10 min break, participants were asked to complete
three different levels of Paced Auditory Serial Addition Tests
(PASAT), followed by NASA-TLX after each PASAT. The description
about CBS test, NASA-TLX and PASAT can be found in the following
sections. At the end of the 1 h experiment session, subjects
completed the thermal comfort questionnaire again. At the end of
acclimatization period for each experiment session, the researchers helped subjects wear the EEG headset. Participants'
brain activities were monitored through both the control condition and the temperature setback condition.
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Fig. 3. Experiment timeline in minutes.

2.3. Measurement of cognitive load
2.3.1. Cognitive performance test
In this study, CBS tests1 were adopted to measure participants'
cognitive performance in four different cognitive skills: memory,
concentration, reasoning and planning. For each skill, one short
online test was selected, and the scores were recorded and
analysed:
Memory testddigit span. Participants view a sequence of digits that
appear on the screen one after another, and then are required to
enter the digits on the keyboard. Difﬁculty is dynamically varied
with the number of digits increasing or decreasing depending on
participants' performance. The test ends after 3 errors [30,31].
Concentration testdfeature match. Two grids are displayed on the
screen, each containing a set of abstract shapes. Participants must
indicate whether or not the grid's contents are identical, solving as
many problems as possible within 90 s. The number of shapes in
the grid in the subsequent trial increases or decrease based on
participants' performance [32].
Reasoning testdverbal reasoning. Problems of the form “The square
is not encapsulated by the circle” are displayed on the screen and
the participant must indicate whether the statement correctly describes a pair of objects displayed in the centre of the screen,
solving as many problems as possible within 90 s. Total score increases or decreases by 1 after each trial depending on whether
responses are correct [30,32].
Planning testdspatial planning. Numbered beads are positioned on
a tree shaped frame. The participant repositions the beads so that
they are conﬁgured in ascending numerical order running from left
to right and top to bottom of the tree. Participant must solve as
many problems in as few moves as possible within 3 min. Problems
become progressively harder with the total number of moves
required and the planning complexity increasing in steps [30].
There was another cognitive performance test that has been
adopted in the studydPaced Auditory Serial Addition Test (PASAT).
However, PASAT was only employed to measure participants' subjective mental workload and EEG & HR under different task difﬁculty levels, thus the scores for the PASAT were not recorded.
PASAT is one of the tests most frequently used by

1
CBS tests can be accessed from
cambridgebrainsciences.com.
2
https://www.emotiv.com/insight/.

the

public

website

neuropsychologists to assess attentional processing [33]. In this
study, the modiﬁed computerized version of the PASAT test (PASATC) was used based on Lejuez et al. [34]. PASAT was implemented by
a visual presentation of a series of single digit numbers on a computer. Digits were randomly sampled from one to nine for each trial.
Participants were required to add each new number to the number
presented immediately prior to it, and indicate the sum of the two
most recent digits in response boxes. In this study, participants
were required to take three levels of PASAT in which the task difﬁculty levels varied by changing the speed of digit presentation.
Digits in PASAT 1, 2 and 3 were presented every 3s, 2s, and 1.5s
respectively.
2.3.2. NASA-TLX
NASA-TLX is a subjective workload assessment technique that
relies on a multidimensional construct to derive an overall workload score based on a weighted average of ratings on six subscales:
mental demand, physical demand, temporal demand, performance,
effort, and frustration level. The use of these six subscales to
compute an overall workload score has been found to reduce
variability among subjects, relative to a unidimensional workload
rating, while providing diagnostic information about workload
sources [35]. In this study, the researchers adapted the NASA-TLX in
the way that only 3 most relevant NASA-TLX subscales were
adopted: mental demand, effort and frustration level, shown in
Fig. 4; also, for the convenience of calculation and reporting, a 7point scale was adopted. The adapted overall NASA-TLX was then
computed by taking the average scores of these three subscales.
2.3.3. EEG and HR
EEG-based technology is capable of monitoring participants'
brain activity patterns in real time and determining cognitive load
magnitude by analysing the temporal, spectral, and spatial patterns
of brain activity.
In this study, the Emotiv Insight Mobile EEG headsets2 were used,
which consists of ﬁve-channel sensors positioned on the subjects'
scalpdAF3, AF4, T7, T8, Pz according to the international Jasper
10e20 method [36], and two reference sensors located on left
mastoid process [37]. The ﬁve-channel brain waves were measured
with minimum voltage resolution of 0.51 mV from the least significant bit and frequency response of 0e43 Hz. The data sampling
frequency was ﬁxed at 128 samples per second from each channel.
For capturing heart rate (HR), the Empatica E4 wristbands,3
which consist of a photo-plethysmography sensor (PPG), were

http://www.
3

https://www.empatica.com/e4-wristband.
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Fig. 4. The adapted NASA-TLX used in this study.

used to monitor participants' blood volume pulse (BVP). BVP can be
used to derive cardiovascular features including heart rate (HR) and
heart rate variability (HRV) [38]. Both HR and HRV have shown
promising results for cognitive load and mental stress detection, as
previous literature [39e42] demonstrates that physical and mental
workload has a clear impact on HR and HRV, and mental workload
may increase HR and decrease HRV at the same time [43]. HR signal
was measured as the number of heart beat within a ﬁxed period of
time, and E4 wristband provided reliable HR data even when
subjects were moving (not sedentary). However, HRV was recorded
but not adopted for analysis in this study due to E4 wristband's
infrequent sampling rate and many missing data occurrences.
Due to a limited number of Emotiv Insight and Empatica E4
wristbands available, EEG and HR data were recorded from 19
subjects. The contact quality of Emotiv headsets was checked
before the experiment to ensure the quality of signals. During the
data collection, markers were manually inserted into the marker
trace to indicate the onset and the end of each CBS test and PASAT,
as well as the 2 min “rest with closed eyes” period. For data analysis, quality EEG and HR data from a subset of 12 (out of 19) subjects
with the least amount of noise (i.e. minimum number of incorrect

values) and the most reliable signal quality (i.e. minimum number
of missing values) were selected and analysed.
2.4. Thermal comfort and air quality questionnaires
Fig. 5 illustrates the thermal comfort and air quality questionnaires adopted in this study. Thermal sensation, thermal acceptability, perceived air quality and air movement preference were
asked at both the beginning and the end of each 1 h experiment
session. The 7-point scales (values ranging from 3 to 3) were
adopted for thermal sensation, perceived air quality and air
movement preference questionnaires, and the binary scale (0, 1)
was adopted for thermal acceptability questionnaire.
2.5. Data analysis
2.5.1. Statistical analysis
The measured data were ﬁrst tested for normality using
Shapiro-Wilk test. Normally distributed data were subject to
paired-samples t-test when comparing means during two conditions. Non-normally distributed data were analysed using related-

Fig. 5. Thermal comfort and air quality questionnaires.
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samples Wilcoxon Signed Rank test. Related-samples McNemar
test was adopted to test the difference in the binary thermal
acceptability scale between two conditions. The signiﬁcance level
was set to be p < 0.05.
In order to analyse participants' NASA-TLX for different task
difﬁculty levels under different experimental conditions, the
factorial repeated-measures ANOVA was employed. Mauchly's test
was ﬁrst carried out to test whether the assumption of sphericity
had been violated for both the main effects and the interaction
effects. If so, degrees of freedoms were corrected using
Greenhouse-Geisser estimates of sphericity. Whenever a post-hoc
analysis was needed for multiple comparisons, a Bonferroni
adjustment was carried out.

2.5.2. EEG and HR signal analysis
A machine learning based analysis using MATLAB software was
employed to analyse participants' physiological responses
(measured by EEG and HR signals) during PASAT with three
different difﬁculty levels under two temperature conditions. The
overall process consists of four tasks: pre-processing, feature
extraction, feature generation and classiﬁcation/ clustering.
During pre-processing, a band-pass ﬁlter (Butterworth [44]) was
applied to each of the ﬁve EEG-channels data, in order to obtain the
signal that corresponded to frequency band 0e30 Hz. After artefacts and noises were ﬁltered out, the time-frequency features were
extracted from the signals, which have been known to be more
resistant against noise and able to capture more information than
time or frequency features. In this study, discrete wavelet transform
(DWT, [45]) was applied to decompose the signal into different
frequency bands, while preserving the time information of the
signal.
During feature extraction, each EEG signal was ﬁrstly segmented
into 1-s windows with 50% overlapping. Then, DWT using ‘db4’
function was applied on each window to decompose the signal into
four frequency bands corresponding to different brainwave types
and then extract the energy from each frequency band. The statistical measure (i.e. mean of all windows) was applied to get the
average energy feature from each frequency band. In total, 20 EEG
features (four energy features for ﬁve channels) were generated for
each subject.
The same process has been carried out for HR data, except that
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two statistical features (mean and standard deviation) were
extracted. These features have been shown to have provided useful
information for the assessment of cognitive load while driving [46].
The HR signals were also segmented into 1-s windows with 50%
overlapping. Finally, 22 features (20 EEG þ 2 HR) were fused and
fed into the machine learning models.

3. Results
3.1. Temperature and humidity conditions during the experiment
Fig. 6 illustrates the average air temperature and relative humidity for all experiments throughout the 3 h experimental period.
During the experiments, the average air temperature was about
22  C during Session 1 and 25  C during Session 2. The air temperature and relative humidity were measured every 5 min. The air
temperature was measured at 0.6 m height in the occupied zone
using thermistors (±0.2  C accuracy) and served as the control
temperature to implement temperature setback. The wall-mounted
humidity sensors at 1.7 m height monitored atmospheric moisture
in the chamber. The relative humidity was not independently
controlled.

3.2. Evaluation of cognitive load
3.2.1. CBS tests
Paired-samples t-test was adopted to compare whether there
was any signiﬁcant difference in CBS cognitive performance test
scores between the control condition and temperature setback
condition, as shown in Fig. 7 and Table 1. None of the four test
scores were signiﬁcantly different between the control condition
and temperature setback condition. It is worth noticing that for all
four tests, the scores during temperature setback condition were
higher than the control condition. This could be possibly due to the
learning effect since participants always experienced the temperature setback condition after the control condition, as have been
reported in Zhang and de Dear [18] and other studies [12,47,48].
Again, the possible learning effect did not signiﬁcantly affect participants' scores in two conditions.

Fig. 6. Air temperature and relative humidity conditions during the experiment.
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Fig. 7. Comparison of CBS test results between the control condition and the temperature setback condition (error bars indicate standard deviation).

3.2.2. NASA-TLX
Figs. 8 and 9 showed the plots of subjects' mean ratings on
mental demand, effort, frustration and the overall NASA-TLX for
CBS tests, PASAT 1, 2 and 3. It was clear that PASAT 2 and PASAT 3
generally incurred higher cognitive load for participants than CBS
tests and PASAT 1 did. In regards to the comparison between conditions, as shown in Table 2, the related-samples Wilcoxon Signed
Rank test and paired-samples t-tests revealed that for CBS tests,
there was no signiﬁcant difference between participants' mental
demand, effort, and frustration during the control condition and
temperature setback condition; the overall NASA-TLX were not
signiﬁcantly different either.
Fig. 10 illustrates the overall NASA-TLX for the main effect of task
difﬁculty and experimental condition. The repeated-measures
ANOVA revealed that if ignoring different experimental

conditions that were employed, participants' overall NASA-TLX
were highly signiﬁcantly different between various task difﬁculties (p < 0.001), and likewise, if ignoring the tasks with different
difﬁculty levels used, subjects' mental workload were also highly
signiﬁcantly different between the temperature setback condition
and the control condition (p < 0.001). Fig. 10 also demonstrated the
result of pairwise comparisons for the main effect of task difﬁculty
corrected by a Bonferroni adjustment. Along with the increment of
task difﬁculty, subjects' mental workload increases highly signiﬁcantly: p < 0.001 for all three pairwise comparisons as marked in
Fig. 10 (left). Interestingly enough, subjects' mental workload during the temperature setback condition were highly signiﬁcantly
lower than that during the control condition (p < 0.001) (Fig. 10,
right).
There was also a signiﬁcant interaction effect between task

Table 1
Paired-samples t-test of cognitive performance scores during the control condition and the temperature setback condition.
Cognitive Performance Test

Mean difference between two conditions

Sig. (2-tailed)

Digit Span
Feature Match
Grammatical Reasoning
Spatial Planning

0.269
8.692
0.423
4.038

0.218
0.278
0.594
0.114

BCa 95% Conﬁdence Interval
Lower

Upper

0.669
23.558
1.769
9.269

0.130
7.145
0.923
0.081

F. Zhang et al. / Building and Environment 123 (2017) 176e188
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Fig. 8. Plots of Mental demand, Effort, Frustration and the NASA-TLX index for CBS tests and PASAT 1 (error bars indicate 95% conﬁdence interval).

Fig. 9. Plots of Mental demand, Effort, Frustration and the NASA-TLX index for PASAT 2 and PASAT 3 (error bars indicate 95% conﬁdence interval).

difﬁculty and experimental condition on participants' mental
workload (p < 0.05). This indicated that experimental condition had
different effects on subjects' NASA-TLX depending on how difﬁcult
the task was. To break down this interaction, contrasts were performed comparing each task difﬁculty against the previous task
difﬁculty subjects had experienced under both experimental conditions. Fig. 11 below demonstrates this interaction effect. The two
lines represent two experimental conditions; the three dots in each
line represent PASAT tests with different difﬁculty levels. The two
lines were not parallel, indicating interaction effects. Planned
contrasts revealed that the reduced mental workload found during
the temperature setback condition (compared to the control condition) is signiﬁcantly different (p < 0.05) when participants were
taking PASAT 2 compared to when they were taking PASAT 3, but
not signiﬁcantly different when comparing subjects participating in
PASAT 1 and PASAT 2. This result indicated that the two

experimental conditions tested exerted the same impact on subjects' mental workload during tasks with low and medium level
difﬁculties, but signiﬁcantly reduced impact on mental workload
during tasks with high-level difﬁculty.

3.2.3. EEG and HR signals for evaluation of cognitive load
Adopting the machine learning principles, EEG and HR data can
be deemed as reliable indicators of cognitive load if different (low,
medium, and high) levels of cognitive load can be reliably
discriminated and classiﬁed. For this purpose, a Multi-Layer Perceptron (MLP) classiﬁer was applied to the extracted features using
a 10 fold cross-validation to generate a generalised model that was
robust against over ﬁtting and random results.
The classiﬁcation results using MLP classiﬁer for three difﬁculty
levels were displayed in confusion matrix (Table 3). It can be seen
that 80% of low cognitive load segments were correctly classiﬁed
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Table 2
The related-samples Wilcoxon Signed Rank tests and Paired-samples t-test results of
mental demand, effort, frustration and the overall NASA-TLX for CBS tests during the
control condition and the temperature setback condition.
NASA

Statistical test

Sig. (2-tailed)

Mental Demand
Effort
Frustration
NASA-TLX

related-samples Wilcoxon Signed Rank test
related-samples Wilcoxon Signed Rank test
related-samples Wilcoxon Signed Rank test
Paired-samples t-test

0.218
0.278
0.594
0.114

Table 4
Confusion matrix of EEG and HR features for the control condition and the temperature setback condition.
EEG and HR

Control Condition

Temperature Setback

Control Condition
Temperature Setback

31%
69%

67%
33%

Bold denotes correctly classiﬁed segments for each difﬁculty level.

Fig. 10. Main effects of task difﬁculty and experimental condition on the NASA-TLX.

Table 5
Classiﬁcation accuracy of the three machine learning models based on EEG signals,
HR signals and the combination of EEG & HR signals.

Fig. 11. Interaction effect between task difﬁculty and experimental condition on the
overall NASA-TLX.

Table 3
Confusion matrix of EEG and HR features for three difﬁculty levels (low, medium and
high).
EEG and HR

Low

Medium

High

Low
Medium
High

80%
20%
0%

3%
97%
0%

12%
0%
88%

Bold denotes correctly classiﬁed segments for each difﬁculty level.

and 20% was classiﬁed incorrectly as medium level segments. For
medium cognitive load segments, 97% was classiﬁed correctly and
only 3% was incorrectly classiﬁed as low level segments. Similarly
for high cognitive load, 88% was classiﬁed correctly and 12% was
incorrectly classiﬁed as low level segments. The MLP classiﬁer using
EEG and HR signals could classify low, medium and high cognitive
load with an accuracy of 90%. These results have conﬁrmed that
EEG and HR signals could be used reliably to classify cognitive load
levels.

Model

EEG

HR

EEG and HR

Classiﬁcation Accuracy

75%

66%

90%

Applying the same logic, if EEG and HR signals can be reliably
discriminated by different temperature conditions, then participants' cognitive load was affected by temperature; otherwise, it
was not affected. For this purpose, a simple k-means clustering
method was adopted in the attempt of separating EEG and HR data
into two classes of temperature conditions. The clustering results
were presented as confusion matrix in Table 4, showing that EEG
and HR signals during the temperature setback condition were too
similar with those in the control condition to be reliably classiﬁed.
According to the confusion matrix, 69% of the control condition
segments were clustered incorrectly into the temperature setback
group, and 67% of the temperature setback segments were incorrectly clustered into the control condition group. These results
conﬁrmed that different temperature conditions did not have a
signiﬁcant impact on participants' cognitive load.
The above analysis adopted combined EEG and HR signals rather
than EEG or HR signals alone since the classiﬁcation accuracy by
both EEG and HR features outperformed that by EEG or HR features
alone (Table 5).
3.3. Thermal comfort
Fig. 12 illustrates the statistical distributions of thermal sensation votes (TSV). As shown in Fig. 12, TSV in the control condition
(22  C) was centred on “slightly cool” with 42.3% of the total votes.
More than half (53.9%) of the participants' thermal sensation fell
within the cooler-than-neutral zone. In the temperature setback
condition (25  C), there was an apparent shift towards the warmerthan-neutral region of the scale, where 50.0% and 15.4% of the
subjects voted slightly warm and warm, respectively. Only a small
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Fig. 12. Distribution of TSV for the control condition and the temperature setback condition.

Fig. 13. Thermal acceptability in the control condition (left) and the temperature setback condition (right).

percentage of the votes (7.7%) fell within the cooler-than-neutral
side of the scale. About 27% of subjects felt neutral, which was
the same in the control and the temperature setback conditions.
Two different approaches have been employed to determine the
acceptability level of the thermal environment to which subjects
were exposed at the time of survey. The ﬁrst approach was by the
thermal acceptability questionnaire, in which participants were
asked how they found the current thermal environment to be. The
responses indicated that during the control condition, approximately 88% of the subjects deemed the thermal environment
acceptable, whereas 12% considered it not acceptable. Similarly, the
temperature setback condition (25  C) was deemed acceptable and
not acceptable by 81% and 19% of subjects respectively. Fig. 13
illustrated thermal acceptability of participants in both conditions. Although there was a higher percentage of subjects voting
acceptable during the control condition (88.5%) than the temperature setback condition (80.8%), the acceptability for both conditions fell above the normative 80% threshold [4].
The second approach for evaluating thermal acceptability was
based on the percentage of people voting for the three central
categories of the thermal sensation scale (i.e., slightly cool, neutral
or slightly warm). Therefore, subjects who voted cold (3), cool
(2), warm (þ2), and hot (þ3) were considered to be thermally

dissatisﬁed [4,49]. A cross-tabulation of TSV and thermal acceptability was presented in Table 6 and Table 7. During the control
condition, 88.5% of the subjects voted for the three central categories, thus were deemed as satisﬁed with the environment.
Another 11.5% of subjects voted for (3, 2) and no subject voted
for (þ2, þ3). They were deemed as dissatisﬁed with the thermal
condition at temperature of 22  C. This is consistent with the result
of direct acceptability assessment in Fig. 13.
In the temperature setback condition (25  C), 77% of participants
voted on the three central categories, about 10% lower than that in
the control condition. This was slightly lower than the percentage
of acceptable occupants based on the direct acceptability vote (i.e.
Table 6
Cross-tabulation of thermal acceptability and TSV for the control condition.
Thermal Acceptability

Thermal Sensation Votesa

Total

(-3, 2)

(-1, 0, 1)

(þ2, þ3)

Not acceptable
Acceptable

7.7%
3.8%

3.8%
84.6%

0.0%
0.0%

11.5%
88.5%

Total

11.5%

88.5%

0.0%

100.0%

a

TSV answer codes are: cold (3), cool (2), slightly cool (1), neutral (0),
slightly warm (þ1), warm (þ2), hot (þ3).
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Table 7
Cross-tabulation of thermal acceptability and TSV for temperature setback
condition.
Thermal Acceptability

Thermal Sensation Votesa

Total

(-3, 2)

(-1, 0, 1)

(þ2, þ3)

Not acceptable
Acceptable

7.7%
0.0%

3.8%
73.1%

7.7%
7.7%

19.2%
80.8%

Total

7.7%

76.9%

15.4%

100.0%

a
TSV answer codes are: cold (3), cool (2), slightly cool (1), neutral (0),
slightly warm (þ1), warm (þ2), hot (þ3).

80.08%). Table 6 revealed that during the control condition, 11.5% of
the subjects felt uncomfortable due to cold discomfort while
Table 7 showed that during the temperature setback condition,
warm discomfort was the main reason for dissatisﬁed participants.
4. Discussion
4.1. The effect of higher temperature setpoints on ofﬁce workers'
cognitive load
The results of CBS performance tests was in agreement with the
NASA-TLX result that participants' cognitive performance test
scores were not signiﬁcantly different between the control condition and the temperature setback condition. Although both results
may have been confounded by the learning effect that derived from
the unbalanced experimental design (learning effect and temperature effect may have counterbalanced each other), the measurement of EEG and HR helped conﬁrm that cognitive performance
was not affected by temperature (will discuss it below). This result
also corroborated previous experimental studies under warmer
temperatures [17e19], in which building occupants' cognitive
performance is relatively stable across a range of temperatures.
The signiﬁcantly reduced cognitive load suggested by NASA-TLX
was more likely a result of the learning effect rather than the
change of physical environment. These two effects could not be
separated by NASA-TLX, but could be separated by EEG and HR
measurement. The signiﬁcant interaction effect between task difﬁculty and experimental condition could also derive from a
reduced learning effect [50,51] or an increased adverse environmental effect [52e54], or the combination of both.
The EEG and HR results, which revealed signiﬁcantly higher selfperceived cognitive load with the increasing task difﬁculty, were in
agreement with the NASA-TLX result. To mitigate the learning effect on EEG and HR measurement, separate baseline values during
the rest period just before the onset of PASAT were adopted for each
condition. In this way, the learning effect between two conditions
could be eliminated while the learning effect between different
levels of PASAT remained. But generally, the comparison of EEG and
HR signals during the control condition and temperature setback
condition (shown in Table 4) revealed a nearly pure temperature
effect since the learning effect along the sequence of PASAT 1, 2 and
3 shouldn't differ much between different temperature conditions.

It is consequently reasonable to conclude that CBS performance
tests were not likely to be signiﬁcantly affected by temperature; the
reduced self-perceived cognitive load reported in NASA-TLX
(Fig. 10, right) during the temperature setback condition should
have derived from the learning effect.
4.2. The effect of higher temperature setpoints on ofﬁce workers'
thermal comfort
Paired-samples t-test was adopted to determine whether there
was a statistically signiﬁcant difference between participants'
thermal sensation, perceived air quality and air movement preference in two different conditions. Related-samples McNemar test
was adopted to test the difference in the binary thermal acceptability scale between two conditions.
Table 8 demonstrated that participants' thermal sensation during 22  C was signiﬁcantly lower than that during 25  C (p < 0.01).
Also, subjects tended to perceive a signiﬁcantly better air quality
during 22  C than 25  C (p < 0.01) and they preferred to have more
air movement during 25  C (p < 0.01). Nonetheless, participants'
acceptability level of the thermal environment was not affected
(p ¼ 0.688), conﬁrmed by the related-samples McNemar test.
To sum up, the three methods of evaluating cognitive load
adopted in this study complemented each other in eliminating
confounding variables and drawing a more robust conclusion: ofﬁce workers' cognitive load was not affected by a moderate temperature setback from 22  C to 25  C. Thermal comfort and air
quality questionnaires also demonstrated that a practical temperature setback of 3  C was not likely to signiﬁcantly jeopardize ofﬁce
workers' thermal comfort. Results from this study have challenged
the stringent thermal comfort standard that has been typically
codiﬁed in commercial buildings of Australia: a practical higher
summer temperature setpoint of 25  C can still create a cognitively
efﬁcient work environment and will not signiﬁcantly jeopardize
ofﬁce workers' productivity or thermal comfort. The letting market
in Australia clearly needs a “green transformation” to make way for
“green leases” that will facilitate and support the commercial
property being used in a more environmentally efﬁcient way.
5. Conclusions
This experimental study investigated the effect of higher temperature setpoints during summer on workers' cognitive load and
thermal comfort in Australian ofﬁce buildings. The following conclusions can be drawn:
 Results of Cambridge Brain Science (CBS) cognitive performance
tests did not reveal any signiﬁcant difference between the
common temperature setpoint of 22  C and a higher temperature setpoint of 25  C. This result was further conﬁrmed by
NASA-TLX result that showed no signiﬁcant difference in selfperceived cognitive load.
 NASA-TLX has detected a signiﬁcant increase in cognitive load
when the task was becoming more difﬁcult; there was a

Table 8
Paired-samples t-test of thermal comfort and air quality questionnaires between the control condition and temperature setback condition.
Questionnaire items

Thermal sensation
Perceived air quality
Air movement preference

Mean difference between the control and temperature setback condition

1.07
0.72
0.80

Sig. (2-tailed)

0.001
0.002
0.003

BCa 95% Conﬁdence
Interval
Lower

Upper

1.492
0.373
1.172

0.642
1.038
0.453
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signiﬁcant reduction in cognitive load during 25  C than 22  C,
however was most probably due to the learning effect.
 EEG and HR signals can reliably distinguish three levels of
cognitive load under three task difﬁculty levels, however cannot
discriminate cognitive load between the normal and higher
temperature setpoints, indicating no temperature effect on ofﬁce workers' cognitive load.
 Although a warmer sensation was reported during the higher
temperature setpoint, ofﬁce workers' acceptability of the thermal environment has not signiﬁcantly changed.
 A practical higher summer temperature setpoint in Australian
ofﬁce buildings can still create a cognitively efﬁcient work
environment and will not signiﬁcantly jeopardize ofﬁce
workers' thermal comfort.
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