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Abstract

In a prior work, we applied Bayesian logistic regres-
sion to investigate possible quantifiable correlations
between occupant’s perceived thermal comfort, ther-
mal indoor conditions, and non-thermal metrics of
indoor environmental quality (IEQ). This study up-
dates the findings of the prior work by adding IEQ
data collected from a recent field study carried out at
the University of British Columbia. Bayesian logistic
regression of the expanded dataset reinforces obser-
vations made in our first paper that thermal comfort
is correlated to measured values of indoor CO2 con-
centrations. Cross-validation and posterior checks re-
vealed that it is possible to increase the prediction ac-
curacy of thermal satisfaction in open-plan offices by
including measurements of CO2 concentration. This
paper formulates a new predictive model of thermal
comfort which can be used by building modellers to
predict thermal comfort in office settings based on
thermal conditions and ventilation rates.

Key Innovations

• This paper presents a novel predictive model
for thermal comfort that uses Bayesian inference
to quantitatively predict perceived thermal sat-
isfaction given psychrometric IEQ metrics and
measured values of CO2 concentrations.

• This work is one of few studies to evaluate the
multi-domain relationships of thermal comfort
quantitatively and in a manner that supports fu-
ture thermal comfort prediction.

• This is the first known work to apply Bayesian
inference on a large multi-domain field dataset
to quantify, with uncertainty bounds, the inde-
pendent effect of indoor CO2 concentrations on
perceived thermal comfort and to suggest that
including measurement of CO2 can improve the
prediction accuracy of thermal satisfaction.

• The new model can be used by building per-
formance simulation experts to predict thermal
comfort in office spaces based on thermal con-
ditions and ventilation rates, which may result
in energy savings while not sacrificing indoor air
quality and well-being, an important challenge
to building modellers, particularly now in a post-
COVID-19 world.

Practical Implications

This research suggests that an open-plan office with
high amounts of fresh air can provide the same level of
thermal comfort at higher/lower temperatures than
an office with ‘typical’ ventilation rates. Additional
monitoring of CO2 concentrations can further im-
prove thermal comfort compliance estimates and may
result in energy savings.

Introduction

Occupants’ thermal dissatisfaction and its implica-
tions on cognitive performance, health, well-being,
productivity, and workplace satisfaction have been
the focus of many recent research studies (Ferreira
et al., 2012; Vischer, 2011; Jamrozik et al., 2018;
Crosby et al., 2019; Jensen et al., 2009; Int-Hout, July
2013; Jokl and Kabele, 2006; Al Horr et al., 2017;
Kamaruzzaman et al., 2011). Thermal comfort, de-
fined as “the condition of the mind in which satis-
faction is expressed with the thermal environment”
(ASHRAE, 2013), is a state of mind, rather than
a state of condition, where its judgment is a cogni-
tive process influenced by the occupant’s well-being
and overall satisfaction (Djongyang et al., 2010; Lin
and Deng, 2008). Previous studies have shown that
compromising occupants’ thermal comfort to reduce
energy consumption in buildings costs more than pro-
viding comfortable indoor thermal conditions in the
workplace (Int-Hout, July 2013; Jensen et al., 2009).

Previous studies have shown that occupant’s ther-
mal comfort can be influenced by individual differ-
ences in mood, culture, and well-being (Djongyang
et al., 2010; Huang et al., 2012; Jamrozik et al., 2018;
Jokl and Kabele, 2006; Pellerin and Candas, 2004;
Schweiker et al., 2018). It has been argued that, if
it is accepted that occupant’s judgment of thermal
comfort is a cognitive process, then perceived thermal
comfort may be affected by the psychological effect of
many physical conditions that occupants encounter
in the built environment (Djongyang et al., 2010).
Jamrozik et al. (2018); Wagner et al. (2007) showed
that the occupant’s perception of thermal comfort
and other indoor environmental conditions is holistic,
which implies that the dissatisfaction with one type of
environmental conditions affects the occupant’s per-
ception of the whole environment and leads to dis-
satisfaction with the thermal environment and other
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unrelated metrics of IEQ.

In recent years, evidence in support of the multi-
domain nature of thermal comfort and IEQ as well
as the existing correlations between occupants’ per-
ception of thermal comfort and other indices of IEQ
is growing (Schweiker et al., 2020). For instance,
recent works that studied the cross-modal effects of
acoustical and thermal conditions on occupant’s per-
ception have suggested that perceived thermal dis-
satisfaction increases with increased noise levels (Pel-
lerin and Candas, 2004; Yang and Moon, 2018; Huang
et al., 2012). Further, Gauthier et al. (2015) have
found a modest correlation between increased CO2

concentrations levels and occupant’s thermal dissat-
isfaction. The authors suggested that the relationship
is not strong as a result of the small sample size of
18 participants in their climate chamber-based exper-
iments.

Crosby and Rysanek (2021) investigated the inde-
pendent relationships between non-thermal metrics
of IEQ, such as CO2 concentrations, noise levels, and
light levels and perceived thermal comfort. Bayesian
logistic regression was applied to the COPE field
study database, a prior dataset of objective and sub-
jective IEQ measurements collected from about 800
occupants of open-plan offices in nine buildings across
Canada and the United States (Veitch et al., 2007;
Newsham et al., 2008). The COPE, or the cost-
effective open-plan study, is a field dataset collected
by the National Research Council of Canada (NRC)
between 2000 and 2002. The dataset contains instan-
taneous physical measurements of IEQ, taken using
a cart-and-chair system for each visited workstation,
as well as data from occupant’s satisfaction survey
responses (Newsham et al., 2008). The results re-
vealed that there is evidence to suggest that indoor
CO2 concentrations and indoor speech intelligibility
are correlated with perceived thermal satisfaction, at
least in the open-plan offices of the COPE dataset.
One of the important findings of that study is that,
under the same psychrometric conditions, a modest
increase in indoor CO2 concentration levels from 500
ppm to 900 ppm is found to be correlated with a
decrease in perceived thermal satisfaction by ≈ 30
± 8%. Model checks and statistical validation tech-
niques revealed that there is evidence to suggest that
including CO2 levels into thermal comfort modelling
provides improved predictive accuracy over the Null
hypothesis for thermal satisfaction. This observa-
tion is consistent across all of the performed model
comparison and validation techniques (Crosby and
Rysanek, 2021).

The current study aims to 1-update and verify these
findings by adding over 100 new samples of IEQ mea-
surements collected from a recent IEQ field study of
open-plan offices. 2- Investigate and test the signifi-
cance and statistical robustness of the correlations be-

tween perceived thermal satisfaction and non-thermal
IEQ metrics. 3- Formulate a new predictive model
of thermal comfort, derived from the Bayesian logis-
tic regression of both datasets, which can be used by
building modellers to predict thermal comfort in office
settings based on thermal conditions and ventilation
rates.

Methodologies

A Bayesian Framework for Thermal Comfort

Bayesian inference techniques have been applied ef-
fectively in many recent studies to improve predic-
tions of thermal comfort using new observational data
(Jensen et al., 2009; Langevin and Gurian, 2013).
Adopting Bayesian statistical modelling in thermal
comfort predictions has several benefits. In particu-
lar, Bayesian framework provides a mechanism that
is able to incorporate different IEQ datasets into one
single thermal comfort model. This is done by up-
dating prior knowledge on thermal comfort distribu-
tions from past research into the current estimation of
model parameters, which also provides a robust man-
ner of updating these parameters as more data be-
comes available. This use of the Bayesian framework
reflects the scientific “learning cycle,” where prior es-
timates are updated as new data becomes available
(Choy et al., 2009).

Crosby and Rysanek (2021) have recently developed
a Bayesian framework that evaluates the correlations
between non-thermal IEQ conditions, such as indoor
lighting levels and CO2, and perceived thermal com-
fort. The Bayesian framework is configured so that
it estimates the probability of an occupant feeling
thermally satisfied, p(S), as a function of not only
psychrometric/thermal IEQ parameters, but also to
several non-thermal IEQ parameters. A Bayesian lo-
gistic process was firstly undertaken on a large field
study of about 800 participants to infer the correla-
tions between perceived thermal comfort and thermal
and non-thermal metrics of IEQ. Then, model valida-
tion techniques were applied to identify the indepen-
dence, and potentially the universality of observing
a quantifiable effect of non-thermal IEQ metrics on
perceived thermal comfort.

In the following sections, we present our recent field
IEQ dataset that is used to investigate the signifi-
cance and robustness of the previous findings using
the Bayesian framework.

UBC field IEQ study

A large field study has been conducted at the Uni-
versity of British Columbia to determine whether
the evidence base for the prior findings is improved
upon the addition of new data. The new IEQ study
utilises modernized instrumentation under the aus-
pices of more modern indoor building environments
and building systems compared to the COPE field
study of the early 2000s.
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The UBC dataset consists of instantaneous physical
measurement of IEQ, spatial, and manual measure-
ments coupled with responses from an IEQ question-
naire collected from 150 workstations in five buildings
between 2019 and 2020 from open-plan offices. Each
building is visited twice, in summer and wintertime.
A satisfaction survey questionnaire is developed to
collect “right-here-right-now” occupant’s satisfaction
responses. Participants are mostly University staff
and faculty members from different schools and dis-
ciplines.

Participants completed a 41-questions survey at their
workstations while the physical IEQ measurements
are collected. Questions about IEQ satisfaction
included 3 different perception categories for each
IEQ parameter: perceived levels, satisfaction with
perceived levels, and preference to perceived levels.
These questions were answered on a 7-point Lik-
ert scale. The survey covered satisfaction with the
thermal environment, long term satisfaction with the
air temperature, satisfaction with job and workplace,
background noise levels, lighting levels, daylight avail-
ability, glare, view to the outside, quality and quan-
tity of artificial lighting, air quality, olfactory com-
fort, air movement, humidity, IEQ controllability, and
other individual features of the workspace. These
questions follow the same methodology adopted in
the survey data collection of the COPE study

A high precision IEQ sensors cart, ESTEBAN (Ex-
ceptional Sensing Testbed for Environment, Bio-
philia, Air-quality, and Nippiness), is designed and
built for this study. The cart carries all the IEQ sen-
sors required for the local micro-climate measurement
conducted at each workstation. For each participant,
the occupant’s office chair is removed and replaced
with the measurement cart. ESTEBAN, as shown
in Figure 1, holds a variety of sensors and measure-
ment tools to record indoor air temperature, relative
humidity, mean radiant temperature, CO2 concen-
trations, CO concentrations, Total Volatile Organic
Compounds (TVOCs), air velocity, A-weighted noise
levels, and desktop illuminance levels.

Sampling of posterior distributions

The UBC IEQ dataset is added to the COPE dataset
and the Bayesian framework developed by Crosby
and Rysanek (2021) is used to predict correlations
between occupant’s perceived thermal satisfaction,
p(S), and thermal and non-thermal parameters of
IEQ. As this paper seeks to determine whether, based
on the updated dataset, the previous observations
of the relationships between thermal satisfaction and
non-thermal metrics of IEQ are reinforced, an ini-
tial investigation of the effect of three non-thermal
variables of IEQ on perceived thermal satisfaction is
carried out. The three non-thermal IEQ metrics in-
cluded in the initial investigation are: CO2 levels,
light intensity, and noise levels. The Bayesian statis-

Figure 1: ESTEBAN -IEQ sensor cart developed for
the UBC study

tics Python library, PyMC3, is used to infer poste-
rior distributions of logistic regression model coeffi-
cients for the investigated models. For each model,
5000 samples are drawn from the posteriors using
the Sequential Monte Carlo (SMC) method, a type
of Markov Chain Monte Carlo (MCMC) sampling
method. Weakly informative priors for each of the
models’ regression parameters β are used, as recom-
mended by Gelman et al. (2008).

Results

Posterior predictions of the probability of thermal
satisfaction, p(S), inferred from the Bayesian logistic
regression of the COPE and UBC expanded dataset
revealed that the non-thermal IEQ parameter that
showed a significant correlation with thermal satis-
faction is indoor CO2 levels. The noise levels showed
only a modest correlation with p(S), while light in-
tensity showed no correlation with p(S). This finding
reinforces the observations made in the prior study.
The relationship between occupant’s thermal satis-
faction and indoor CO2 concentrations will be then
the focus of this study.

Figure 2 displays the posterior results of the Bayesian
regression process that predicts the correlation be-
tween occupant thermal satisfaction, p(S), and mea-
sured values of indoor CO2 concentrations levels,
C, assuming a fixed set of values for all other pa-
rameters. The attributed notation of the model is
p(S | T,M,C), which predicts the probability of an
occupant feeling thermally satisfied, p(S), as a func-
tion of indoor air temperature, T, mean radiant tem-
perature, M, and CO2 concentrations levels, C. Un-
less otherwise specified, the fixed set of parameters
are: indoor air temperature, T = 23.3 °C, and mean
radiant temperature, M = 23.4 °C. These are the ob-
served mean values for each parameter, taken at the
moment of the survey, out of the COPE and the UBC
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Figure 2: Probability p(S | T,M,C) with thin blue
lines indicating sample traces, solid black lines in-
dicate posterior mean predicted value, dashed black
bands indicate the standard error of traces, grey bars
indicate the probability distribution of CO2, and black
dashed centre lines are the mean values of observa-
tions

datasets. As the regression coefficients of the model,
β, are probabilistic, there is a range of fit of the model.
In Figure 2, the mean predictive value of p(S) is de-
noted by a solid black line. The standard error of
predictions is denoted by the upper and lower dotted
black lines around the mean. These initial results sug-
gest a relationship between surveyed thermal satisfac-
tion and indoor CO2 levels, which supports previous
findings. In the following sections, model compari-
son and cross validation techniques are performed to
compare these results with the previous results drawn
from the COPE dataset and verify whether these find-
ings are statistically robust and significant.

Model checks and comparison

Visualization of odds ratios

In Bayesian inference, and particularly for Bayesian
regression models, when determining the significance
of conclusions drawn from statistical analyses, met-
rics that evaluate the predictive accuracy of a pro-
posed model are used to compare individual models
against one other in the process of determining the
models of best fit to observable data (Vehtari and
Ojanen, 2012).

One of the common methods of model validation, that
is widely used in Bayesian logistic regression, is the
visualization of the odds ratio. It aims to measure
the effect of predictor variables on binary responses
and validate the correlations between each indepen-
dent variable and the posterior outcome of the model
(Cooper et al., 2009). Here, we are interested to vali-
date the significance of the relationship between ther-
mal satisfaction, p(S), and CO2 levels inferred from
the expanded dataset.

The log odds ratio for the p(S) model’s CO2 regres-
sion parameter inferred from the UBC and COPE
datasets are produced and illustrated in Figure 3.
The odds ratio inferred from the expanded dataset is

Figure 3: Odds Ratio of posterior traces of CO2

p(S) model parameter (βCO2) drawn from the COPE
dataset (displayed in orange), and the COPE+UBC
dataset (displayed in blue) with prior distribution dis-
played in red.

compared against the CO2 odds ratio inferred from
the COPE dataset as shown in Figure 3. Variables
that are more likely to affect a logistic regression
model in a statistically significant manner are those
with odds ratios that deviate from 1. We observe that
the odds ratio of the posterior traces of the βCO2 com-
ply with this for the p(S) model, which suggests that
CO2 levels have a significant attributable indepen-
dent effect on the p(S) model’s outcome. Comparing
the new odds ratio with that of the COPE dataset,
it is clear that adding the UBC data made the cor-
relations between thermal satisfaction p(S) and CO2

more robust and statistically significant.

Quantitative model comparison and selection

Two different model validation and comparison ap-
proaches are performed to evaluate the developed
model: the Watanabe-Akaike Information Criteria
(WAIC) and Leave-one-out Cross-Validation (LOO-
CV). WAIC and LOO scores are performed to deter-
mine the best-performing model and compare their
expected predictive accuracy. When comparing the
fit and appropriateness of two different models to a
dataset, models with lower WAIC and LOO scores
are suggested to be a better fit to data.

A Null hypothesis is selected for this process to es-
tablish our comparison, which is selected to be the
model that most closely fits the observed data but
only includes thermal IEQ parameters. This first step
reveals that the best representation of p(S) as a func-
tion of only thermal parameters, as inferred from the
COPE and UBC datasets, is the model that includes
indoor air temperature, T, and mean radiant temper-
ature, M, as independent variables i.e. p(S | T,M).

The WAIC and LOO scores for the developed
Bayesian model are calculated and the difference be-
tween the WAIC and LOO scores of the Null hypoth-
esis and that of the CO2 Bayesian model, ∆ WAIC
and ∆ LOO respectively, are summarized in table 1.
The sign of the difference in WAIC scores compared
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Table 1: Values of ∆ WAIC and ∆ LOO for p(S |
T,M,C) Bayesian model inferred from COPE and
COPE+UBC results

p(S | T,M,C) COPE COPE+UBC
∆ WAIC 1.82 3.83
∆ LOO 1.82 3.83

to the Null hypothesis indicates the significance of
the model: if the difference is positive, it means the
model shows improvement in prediction accuracy of
p(S) over the Null the hypothesis, and the absolute
value of the difference reflect the degree of which the
model provides an improvement in prediction accu-
racy over the Null hypothesis.

The difference in WAIC scores compared to the
Null hypothesis for each model is evaluated for the
COPE+UBC dataset and compared to the COPE re-
sults, as shown in Table 1. The results indicate that
p(S | T,M,C) model provides improved predictive
accuracy over the Null hypothesis for thermal satis-
faction. This observation is consistent with the odds
ratio analysis visualized in Figure 3. The results also
reveal that adding the UBC dataset makes the pre-
vious findings more significant and robust. This sug-
gests that by including measurement of CO2 concen-
tration levels, it is possible to improve the prediction
accuracy of thermal satisfaction in open-plan offices,
as inferred from both the COPE and UBC datasets.

Drawing posterior predictions from the model

Figure 4 represents a visualization of posterior predic-
tions of thermal satisfaction against both operative
temperature and indoor CO2 levels. The standard
deviation of posterior predictions is denoted by the
translucent band around the median. Operative tem-
perature is assumed to be the average indoor air tem-
perature and mean radiant temperature. As observed
from Figure 4, the independent negative correlation
between CO2 levels and perceived thermal comfort is
notable and observable. This finding is robust and
supported by model selection criteria. Specifically,
between an indoor air CO2 concentration of 500 ppm
and 900 ppm, and at an operative temperature of 23
°C, the mean likelihood of an occupant feeling ther-
mally satisfied decreases from 0.58 to 0.46. These are
not trivial ranges for the indoor CO2 levels and pre-
dicted effects on thermal satisfaction; for instance,
900 ppm is still well within historically prescribed
CO2 limits for good indoor air quality in buildings
(Ng et al., 2011).

The subjective element of comfort consists of phys-
iological, psychological and behavioural factors. As
discussed in the paper, the argument is that occu-
pant’s perception of thermal comfort is holistic and
may be affected by the psychological effect of many
physical conditions that occupants encounter in the
built environment. Our work only finds some evi-
dence to support a statement that measurements of

Figure 4: Posterior probabilities of the effect of dif-
ferent CO2 levels on the relationship between thermal
satisfaction p(S) and operative temperature

CO2 are correlated to reported thermal satisfaction
in the expanded dataset. We have no evidence base
to state that the physical concentration of CO2 in in-
door air is correlated directly with perceived thermal
satisfaction.

Proposing a New Predictive Model of
Thermal Comfort

After updating and verifying the prior study’s find-
ings using the recently developed field dataset, indoor
CO2 levels appear to be significantly correlated with
occupant’s thermal satisfaction. Model checks and
validation techniques revealed and reinforced the pre-
vious findings, that including measurements of CO2

levels is proved to increase the prediction accuracy of
thermal satisfaction modelling in open-plan offices. In
this section, we propose and formulate a new predic-
tive model, derived from the Bayesian logistic regres-
sion of the COPE and UBC datasets, which takes into
account thermal environmental conditions, as well as
indoor CO2 concentrations levels. The proposed ther-
mal satisfaction model evaluates the probability of
occupant’s thermal satisfaction, p(S | T,M,C) as fol-
lows:

p(S | T,M,C) =
1

1 + e−ζ

ζ = [(βT . T ) + (βM . M) + (βT 2 . T 2) + (βM2 . M2)

+ (βC . C) + βo] (1)

Where T = air temperature (°C), M = mean radi-
ant temperature (°C), C = indoor CO2 levels (ppm),
βC , βT , βT 2, βM , βM2 are the model regression pa-
rameters for C, T, T 2, M, M2 respectively, and βo
is the constant model coefficient. Based on the ini-
tial trial and error undertaken prior to this paper, the
following model coefficients are modelled as having a
first-order linear relationship with p(S): C. The fol-
lowing parameters are modelled as having a quadratic
relationship with p(S): T, M. The choice of these re-
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Figure 5: Posterior traces of model parameters (β)
for the p(S | T,M,C) model. For each model param-
eter: its maximum a posteriori estimation (MAPE) is
displayed along with the corresponding 95 % credible
interval.

lationships was made on a trial-and-error basis and
evaluation of model selection criteria.

The posterior probability distributions of the logis-
tic regression model’s parameters (β) drawn from the
MCMC sampling are illustrated in Figure 5. The
maximum a posteriori estimation (MAPE) and the
95% credible interval (highest posterior density, HPD,
interval) of each model parameter are displayed. As
the model parameter’s maximum a posteriori estima-
tion (MAPE) deviates from 0 (displayed in Figure 5
as a vertical orange line), the significance of the ef-
fect of the parameter on the thermal satisfaction in-
creases. It is shown in Figure 5, that the CO2 model
parameter credibly deviates from 0, which is evident
from the (p(βCO2) < 0) = 98.1%. These observa-
tions suggest that the CO2 levels affect the logistic
regression model in a statistically significant manner.

The maximum a posteriori estimates (MAPE) and
the 95% Credible intervals of each model parameter
(β) are summarized in table 2. Applying the new pre-
dictive model to the UBC + COPE expanded field
dataset, the predicted occupant’s thermal satisfac-
tion, p(S), is estimated as follows:

p(S | T,M,C) = 0.53 (95%PrI: 0.47-0.6)

The mean posterior prediction of thermal satisfac-
tion, p(S), is 0.53 (53% likelihood of occupant’s ther-
mal satisfaction) with 95% prediction interval PrI =
(0.47-0.6). The predicted occupant’s thermal satis-
faction is estimated from the large database consist-
ing of the COPE and the UBC datasets collected from

Table 2: Maximum a posteriori estimates (MAPE) of
each model parameter for p(S | T,M,C) model with
95% Credible intervals (CrI)

Model Parameter(β) MAPE 95% CrI

βo -0.11 -0.72 : 0.55

βT 1.1 -0.51 : 2.6

βM 0.088 -1.4 : 1.5

βT2 -0.0004 -1.5 : 1.8

βM2 -0.67 -2.1 : 0.99

βCO2 -0.92 -1.8 : -0.037

typical operating indoor conditions of office setups,
with ranges of IEQ parameters as follows: T= (18.7
°C - 29 °C); M= (19.4 °C - 27.3 °C); C=(469.5 ppm -
1356 ppm)

The thermal comfort predictive model that we are
proposing is a probabilistic model which predicts the
occupant’s thermal satisfaction as a probabilistic dis-
tribution with model parameters’ uncertainty bounds
presented above. For future use of the model, we
recommend sampling from our model, presented in
Eq.(1), instead of using the deterministic formula for
more accurate predictions. We suggest using MCMC
or other sampling methods to sample from the model
an adequate number of times until the predicted out-
comes are well-converged. In this study, we have used
5000 draws to infer the posterior predictions of the
logistic regression model parameters. It is recom-
mended, for observational studies that involve logistic
regression in the analysis, to have a minimum sample
size of 500 to sufficiently derive the statistics that rep-
resent the parameters (Bujang et al., 2018). If using
PyMC3, the recommended default number of draws
in logistic regression is 1000 draws.

Model Validation

Model validation is an essential part of the model de-
velopment process. It aims to validate the model’s
robustness and accuracy, to verify that the model
is not over-fitting or under-fitting the data, and to
prove it is not an ungeneralized model (i.e. model’s
predictions can’t be generalized on other data). In
statistics and machine learning, model validation is
usually done by splitting the data into two subsets:
training data and testing data. The model is first fit
on the training data to make predictions on the test
data (Tipping, 2003).

To validate our model, we first trained the model by
fitting it to the COPE dataset to infer predictions for
the model parameters. Using the UBC dataset as the
testing data, we inferred predictions of thermal satis-
faction and then compared these predictions against
true observations drawn from the test data.

The probability distribution of the predicted thermal
satisfaction, p(S), inferred from the training data is
shown in Figure 6. The maximum likely predicted
p(S), displayed as a blue dashed vertical line, is com-
pared against the mean of the true p(S), observed
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Figure 6: Comparison of posterior predictions of
p(S | T,M,C) to true value for the test dataset (95%
prediction interval shaded in grey , true p(S) dis-
played as orange dashed line, maximum likely esti-
mate of p(S) displayed as blue dashed line

from the test data and displayed as an orange dashed
vertical line. The 95% credible interval of the pre-
dicted p(S) is shown in Figure 6 as a grey shaded area.
The model validation process, displayed in Figure 6,
reveals that the true value of p(S) lies within the 95%
credible interval of predictions of thermal satisfaction
with maximum likely predicted p(S) equals 0.578 and
mean observed p(S) equals 0.56 (percentage predic-
tion error = 3.2%). As more IEQ data is gathered
in future, the model will become more accurate and
more universal. The Bayesian approach, we adopted
here, is grounded for assessing the incremental change
in the evidence base upon the addition of future data.

Conclusion

This paper updated the findings of a prior study that
examined the correlations between non-thermal in-
door environmental conditions and perceived thermal
comfort in open-plan offices. A new IEQ field study
conducted at the University of British Columbia is
presented in this paper. A Bayesian framework that
estimates the probability of an occupant feeling ther-
mally satisfied as a function of not only psychromet-
ric IEQ parameters but also to non-thermal metrics
of IEQ was applied on the expanded dataset to infer
relationships between perceived thermal satisfaction
and non-thermal parameters of IEQ. Posterior predic-
tion results revealed stronger evidence that there ex-
ists a statistically significant independent correlation
between thermal comfort and indoor CO2 concentra-
tion. Model comparison, cross-validation, and poste-
rior checks revealed that it is possible to increase the
prediction accuracy of thermal satisfaction in open-
plan offices by including measurements of CO2 con-
centration levels. These findings validate the robust-
ness and significance of the prior results.

This paper proposed a new predictive model of ther-
mal comfort that predicts the occupant’s thermal sat-

isfaction given measured values of CO2 concentration,
indoor air temperature, and mean radiant tempera-
ture. The new model was validated by fitting it to
a training set and comparing the predictions against
true observations drawn from a test dataset. The
validation process revealed that the true observation
lies within the 95% credible interval of predictions
of thermal satisfaction with percentage prediction er-
ror equals 3.2%. This new model could be used by
building performance simulation experts to predict
occupants’ thermal comfort in office spaces based on
thermal conditions and ventilation rates.

While many recent studies have identified the multi-
domain nature of thermal comfort - that thermal
comfort may be related to other indices of IEQ, this
work is one of few studies to evaluate these relation-
ships quantitatively and in a manner that can support
future thermal comfort prediction. The buildings sec-
tor is facing several conflated challenges, particularly
now in a post-COVID-19 world. Energy use should be
minimized to support climate change objectives, but
indoor air quality and well-being cannot be sacrificed
- if anything, it should be improved as well.
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