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a b s t r a c t
Smartphone applications or electronic devices in the form of occupant voting systems (OVS) have demonstrated to be feasible for acquiring feedback from occupants to support the building operation manager to
identify indoor environmental quality (IEQ) problems and inappropriate control settings of heating, ventilation and air-conditioning (HVAC). The present paper aims to contribute to the growing research on
OVS as a tool to support building operation management. The paper presents a study about a tangible
OVS, denoted TiAQ, that occupants could use to vote on their here-and-now experiences regarding the
thermal environment and indoor air quality. The main objectives were to identify whether there was
an alignment between the votes collected with TiAQ and the monitored IEQ variables as well as to
demonstrate the use of occupant votes to identify problematic IEQ conditions and appropriate strategies
for HVAC control. The study demonstrated that thermal votes collected with TiAQ could be related to the
variations in the indoor temperature and ventilation airflow. Additionally, collected votes could identify i.
a. poorly set indoor temperature setpoint and appropriate control strategies that could reduce energy use
by 46% and increase thermal comfort and cold complaints by 6% if current airflow and indoor temperature setpoint were lowered.
Ó 2021 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY license (http://
creativecommons.org/licenses/by/4.0/).

1. Introduction
Ongoing feedback from occupants about the indoor environment is helpful to assess buildings’ operational performance
[1,2]. Occupant feedback can be sporadic or solicited. Specifically,
occupants can directly address the building operation manager
about matters related to the indoor environment, submit a complaint using computerised maintenance management systems
(CMMS) or answer indoor environmental quality (IEQ) questionnaires [3–5]. Sporadic and unsolicited feedback from occupants,
specifically occupant complaints, is considered by previous
research studies (e.g., [4,6]) as less favourable in achieving a proactive approach to building operation management as it is focused on
handling the complaint rather than optimising occupants’ satisfaction. IEQ questionnaires provide a structured approach in obtaining
both positive and negative feedback on IEQ conditions [7,8] as
occupants are requested to provide their feedback [4]. But since
the frequent use of questionnaires can lead to low participation
and response rates [9–11], obtaining ongoing feedback with these
⇑ Corresponding author at: Department of Civil Engineering, Technical University
of Denmark, Kongens Lyngby, Denmark.
E-mail address: dskh@byg.dtu.dk (D. Sheikh Khan).

tools are not viable. Instead, CMMS used in modern buildings for
managing building-related work orders provides an opportunity
to obtain insights into occupants’ feedback. For example, Dutta
et al. [12] demonstrated through four case studies the application
of text mining, decision tree and data visualisation techniques to
analyse CMMS data to obtain insights into the spatial and temporal
characteristics of different complaint categories. They identified,
e.g., that most complaints were concentrated round a few floors
of a building and that thermal complaints peaked round noon.
However, as CMMS data is typically characterised as unstructured
and ‘‘free-text” [1,13,14], conducting data analysis on CMMS data
is complicated [13]. Occupant voting systems (OVS) [15,16] provide an alternative to CMMS and IEQ questionnaires as they are
designed as simple tools to collect structured, long-term occupant
feedback on specific IEQ aspects.
Most research studies (e.g., [17–19]) have applied OVS to provide energy-efficient heating, ventilation and air-conditioning
(HVAC) control that considers occupants’ comfort preferences
[15,16]. For example, Jazizadeh et al. [20] used a smartphone app
for collecting thermal preference votes used in generating
personalised comfort models. The models determined the preferred temperature setpoint that was used as input in the HVAC
control. They tested the OVS-based control at six single office

https://doi.org/10.1016/j.enbuild.2021.111363
0378-7788/Ó 2021 The Authors. Published by Elsevier B.V.
This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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Nomenclature
CO2
RH
PM2.5
Ti
TVOC

Indoor CO2-concentrations [ppm]
Indoor relative humidity [%]
Particle matter of size 2.5 [mg/m3]
Indoor temperature [°C]
Total volatile organic compounds [ppb]

Tout
Tx
E

Outdoor temperature [°C]
The supply or return temperature from, e.g., ventilation
or water-based system [°C]
Energy use [kWh]

pressing five wireless buttons denoted as follows: ‘‘Too Cold”,
‘‘Too Warm”, ‘‘Draught”, ‘‘Stuffy” and ‘‘Fine” (Fig. 1). The buttons
transmitted data via the Zigbee protocol to an internet-connected
gateway, which stored the data in a cloud storage platform. TiAQ
panels were placed, e.g., at entrances to an office space (Fig. 1)
and areas where occupants likely passed (e.g., kitchenette). Information flyers containing information about the application of TiAQ
were distributed in the office space. A web dashboard showing the
weekly voting distribution and indoor measurements of daily temperature, relative humidity and CO2-concentration for each floor
could be accessed by scanning a QR code provided next to TiAQ
and on the information flyers.

spaces in a university building for over three months and demonstrated a 39% reduction in the daily average ventilation airflow and
a 37% increase in occupant satisfaction compared to a fixed temperature setpoint control strategy. However, only a few studies
have applied OVS to other building operation-related application
fields besides HVAC control, such as to support building operation
managers with fault detection and diagnostics [21,22] and postoccupancy evaluation [23] or occupants in sharing and negotiating
thermal preferences [24] and identifying suitable workstations in a
building that matches their comfort preferences [25]. For example,
Pritoni et al. [26] developed a web- and app-based OVS that students and staff at a university campus used for reporting on their
thermal comfort and sensation levels. Over 10,000 occupant votes
were collected over two years and used ongoing to help the campus’s facility management team sort and prioritise work orders
from >100 buildings. Moreover, the application of the OVS data
led to the identification of several issues related to the current
operational strategy, such as low airflow and inappropriate temperature setpoints. These issues led to further investigations and
actions resulting in, e.g., changes in setpoint temperature ranges,
retrofitting of faulty valves and implementation of CO2 sensors
for optimising HVAC operation.
The present paper aimed to contribute to the existing scientific
literature on OVS used in building operation management and
facility management (FM). A previous literature review [15] conducted by the authors of this paper revealed that few studies
(e.g., [23,27]) had investigated the application of tangible OVS
interfaces in actual buildings, and a few long-term studies have
been conducted in the context of FM-based OVS devices (e.g.,
[26,28]). Moreover, as occupants could freely use OVS devices at
any given time to vote [15], they risked being used only sporadically and primarily by dissatisfied occupants, as some previous
studies suggested [27,29,30], potentially limiting their application
to provide reliable insights into occupants’ comfort and discomfort.
Consequently, the present paper aimed to evaluate whether the
collected votes from an OVS combined with measured indoor environmental variables resulted in meaningful patterns that provided
insights into occupants’ comfort preferences and complaints. This
was done by studying a tangible OVS device denoted TiAQ for collecting Thermal and indoor Air Quality feedback. The main objectives of the present study were: 1) To investigate the validity of
the collected votes, i.e., whether there was an alignment between
the collected votes from TiAQ and the monitored IEQ variables.
2) To demonstrate the use of occupant feedback in building operational performance monitoring to identify problematic operational settings and the impact that various operational strategies
had on occupant comfort and energy use.

2.2. Devices and data acquisition platform
Measured IEQ variables (Noise, indoor temperature [Ti], indoor
CO2-concentration, relative humidity [RH], total volatile organic
compounds [TVOC] and particle matter [PM2.5]) were acquired
from two different sources: Wireless and internet-connected
(Internet of Things [IoT]) devices placed in the office space as part
of the study and existing devices connected to the building management system (BMS). The measured data from IoT devices were
stored in a cloud platform. Table 1 lists the device name, sensor
type and accuracy based on the manufacturer’s datasheet.
The BMS data included indoor temperature and CO2 measurements from wall-mounted thermostats, as well as mechanical ventilation airflow or water flow measurements and supply/return
temperature measurements from zonal HVAC systems. For one of
the case studies, the electricity use (Eel) for the mechanical ventilation system was available through the BMS. Thermal energy use
(Ethermal) was calculated based on the airflow measurement and
the supply and return temperature. Outdoor temperature (Tout)
was acquired via the BMS or Weather Underground [31]. The thermal effect of sunshine in the case building was represented by the
number of minutes of sunshine per 10 min, available through the
weather stations belonging to the Danish Metrological Institute
[32]. This data was only available for one of the case studies and
was collected from the only two weather stations nearest the
building. The weather stations were located north and south and
<50 km away relative to the case building.
2.3. Description of case studies
The aforementioned research objectives were investigated with
two case studies. An overview of the two case studies is presented
in Table 2, including the measured IEQ variables collected and
included in the data analysis. The case studies were designed as
observational studies. Case study I was intended as the main study,
and case study II was intended to supplement the data analysis of
the main study.

2. Methods
2.1. OVS for thermal and indoor air quality feedback, TiAQ

2.3.1. Case study I
The study was carried out on four floors in the west-facing section of an office building in Denmark. Fig. 2 shows the deployed

Occupants could use TiAQ to provide their here-and-now feedback related to the indoor environment in their office space by
2
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Fig. 1. The interface of TiAQ (left) and an example of the mounting location of TiAQ in one of the studied office spaces (right).

Table 1
Sensor name, type and accuracy. Accuracy is based on the manufacturer’s datasheet.
Deviceb

IoT A
IoT B
IoT C
a
b
c

Sensor typea and accuracy
Ti

RH

CO2

TVOC [ppb]

PM2.5 [lg/m3]

Noisec [dB]

±0.3°C
±0.3°C
±1.0°C

±3%
±3%
±5%

±50ppm
–
–

–
–
Precision: ±10%

–
–
Precision: ±20%

No info.a
–
–

Sensor type: Ti and RH, capacitive. CO2, non-dispersive infrared. TVOC, metal oxide semiconductor. PM2.5, optical detector.
IoT A and B are from the same manufacturer.
IoT A had a sound meter with a range of 35 dB–120 dB.

Table 2
Overview of study design and measured IEQ variables.
Case study I

Case study II

Duration
Location

216 days 19th Jul ’19 – 21st Feb ‘20
Denmark 4 office space floors in a Danish office building

Floor area and orientation

Heating

4th floor: 360 m2 5th floor: 380 m2 6th floor: 360 m2 8th
floor: 190 m2 Northwest/Southeast/West
05:00 – 19:00
4th floor: 35 5th floor: 35 6th floor: 37 8th floor: 9
Consultancy
Mixing ventilation, Ceiling mounted diffusers Heat
recovery
Ventilation, local reheater per floor

81 days 28th Sep – 19th Dec ‘19
Pittsburgh, USAIntelligent Workplace (IW) at Carnegie
Mellon University (CMU) [33]
650 m2 Northeast/Northwest/Southwest/Southeast

Cooling

Ventilation, central cooling

Control options

Wall-mounted control panel to adjust temperature
setpoint Operable windows Internal blinds Button for
activating ventilation outside of operational hours
2nd – 4th Sep: Cooling (17 °C) 16th – 18th Oct: Ventilation
off 18th – 22nd Nov: Heating (26 °C) 14th – 17th Jan:
Ventilation off
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes, heating and cooling
Yes, per air-handling unit

Occupancy hoursa
Expected occupant count and profession
Ventilation

Intervention study

Included IEQ variables

Ti [°C]
RH [%]
CO2 [ppm]
TVOC [ppb]
PM2.5 [lg/m3]
Noise [dB]
Flow [l/s]
Tx [°C]
Tout [°C]
Sunshine [minutes]

Thermal energy use [kWh]
Electrical energy use [kWh]
a

08:00 – 21:00
 8 staff and PhD-students Graduate students also used
the space for classes/ group work
Displacement ventilation, Floor integrated diffusers Heat
recovery
Water-flow mullions along the perimeter Radiant ceiling
panels, Fan-coils
Water-flow mullions along the perimeter Radiant ceiling
panels, Fan-coils Chilled beams
Operable windows

No

Yes
Yes
Yes
No
No
Yes
Nob
Nob
Yes
No
No
No

Occupancy hours were based on the typical earliest and latest votes received during the study.
There were at least five days of missing values for water flow, supply and return water temperature for mullions in case II; thus they were not included in the data
analysis.
b
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Fig. 2. Location of TiAQ, desks and deployed sensors in the four office spaces in the western part of the studied office building in case study I. W = West, SE = Southeast,
NW = Northwest.

Fig. 3. Location of TiAQ, work areas and deployed sensors in the Intelligent Workplace at Carnegie Mellon University. SE = Southeast, SW = Southwest, NW = Northwest,
NE = Northeast.

operational hours of the ventilation system due to uncomfortable
indoor conditions. Generally, few contacted the building operation
manager, but the few who occasionally did had inquiries related to
the thermal environment.
During the study period, interventions (Table 2) were conducted to create variability in the indoor conditions to study how
occupants voted during ‘‘unusual” indoor conditions. Interventions
were coordinated with the building operation managers without
informing occupants about them. Intervention days were set to
occur every month at random days during weekdays. The
interventions lasted three days, except for the heating intervention

sensors and location of TiAQ. Occupants were informed about the
study through e-mails sent to all occupants in the studied office
spaces. Participation in the study was voluntary.
General information about occupants of the studied office
spaces was collected through questionnaires submitted before
the study. The findings from the questionnaire showed that the
studied office spaces were occupied mostly by 30- to 60-year-old
men. Furthermore, occupants had the opportunity to adapt their
clothing level, which they sometimes did due to too cold or too
warm thermal environment. But they rarely opened windows,
adjusted internal blinds, used the control panels or increased the
4
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aimed to identify whether there was a statistically significant difference among the medians of the distributions. The comparison
revealed that the differences among the sensors for the measured
IEQ variables (Table 3: e.g., Ti and CO2) were not significant, i.e.,
the p-value was >5% (adjusted with Bonferroni correction) or the
confidence intervals of each difference were within the accuracy
of the investigated sensors (Table 1). Therefore, the different sensor
measurements were aggregated by calculating the median of the
sensor measurements for each timestep and floor. Finally, only
measurements within occupancy hours (Table 2) were included
in the data analysis. The timestep of the final processed dataset
for each IEQ variable was 5 min.

in October (Table 2), which lasted five days because access to the
BMS was disconnected due to a power outage. After each intervention, all adjusted variables were reset to the previous settings.
2.3.2. Case study II
Case study II was conducted at the Intelligent Workplace (IW)
[33] at Carnegie Mellon University (CMU) in Pittsburgh, USA. Three
TiAQ panels were distributed in the space, as shown in Fig. 3.
During the study, about eight persons (PhD-students and professors/research staff) typically used the office spaces at IW
(Table 2). Graduate students also used IW due to classes, meetings
or group activities conducted at the conference areas. Furthermore,
as IW was an annexe to a larger building, occupants from other
parts used the kitchen area of IW. Therefore, it was not possible
to inform all occupants about TiAQ and the study. The only source
of information about the study was from the distributed information flyers and TiAQ panels. The information flyers were placed on
desks in each office space, common area and conference areas. No
interventions were conducted as part of this study.

2.4.2. Energy use
In case study I, the air-handling unit (AHU) was equipped with a
cooling coil and a reheater was provided for each office space
(Table 2). The cooling and heating energy use (Ecool and Eheat)
was calculated with Eq. (1) using the ventilation airflow and the
air temperature before and after the cooling coil in the AHU and
reheaters.

2.4. Data processing


 Dt hr
Ethermal ¼ qv  jðT b  T a Þj  cp  d 
1000

2.4.1. Measurements of indoor environmental variables
The data processing steps for the measurements can be divided
into three steps (Table 3). The first step consisted of removing
missing or ‘‘faulty” values, such as negative or zero values for measurements like CO2, and interpolating data to obtain uniform timesteps. Furthermore, each measurement was checked, and any
observed drift or offset in the measurement was adjusted. For
example, CO2 measurements obtained from the BMS in case study
II were 600 ppm during unoccupied hours (from 00:00 to 03:00)
for the entire four months dataset. Contrarily, the IoT sensors
showed 400 ppm, which matched the expected outdoor CO2concentration levels of about 400 ppm [34]. Consequently, the
BMS sensor values were corrected by subtracting their value from
a ‘‘correction value”, which was calculated as the difference
between the BMS sensor and the median of the IoT sensors. The
ventilation airflow measured in case study I was corrected as follows: When the mechanical ventilation system was turned off,
the airflow measurement was not zero as expected. Consequently,
the status of the ventilation as on or off was used to adjust the airflow measurement.
The second step of data processing consisted of aggregating the
measurement data to reduce the number of sensor measurements
acquired on the same IEQ variables in further data analysis. The
distributions of each sensor measurement from the same office
space for the entire study period were compared using Wilcoxon
signed-rank test [36] and confidence intervals. The comparison

Ethermal is the thermal energy use [kWh], qv is the volumetric airflow [m3/s]. Tb is the air temperature after a coil. For calculating
cooling energy, Ta was set as the air temperature measured after
the heat recovery and before the cooling coil. For calculating heating energy, Ta was set as the air temperature measured right after
the cooling coil in the AHU because no sensors measured the temperature right before the reheaters in each zone. The difference
between the air temperature right after the cooling coil and the
actual air temperature right before the reheaters was expected to
be negligible. This was because heat loss from the ventilation ducts
was negligible as they were insulated and within the building
envelope. Note that the temperature difference was calculated as
the absolute difference (denoted with ‘‘| |”). The thermal heat
capacity cp  1000 J/m3∙kg and density d  1.2 kg/m3 [J/m3∙kg] of
air was set as constants. Dthr is the hourly timestep used to convert
power [W] to energy [Wh]. For the dataset with a 5-minute timestep, Dthr was 5/60. The heating energy use was summed for all
floors to get the total heating consumption.
2.4.3. Collected occupant votes
Occupant votes were processed by removing ill-willed reiterated votes. Ill-willed reiterated votes were defined as multiple
votes (more than two votes) cast by a single occupant on the same
panel not >1 s apart on vote types that contradict, e.g., ‘‘Too Warm”
and ‘‘Too Cold” or ‘‘Fine” and the remaining vote types. Depending

Table 3
Overview of the data processing steps applied to the measured IEQ variables.
IEQ variables

Ti [°C]
RH [%]
CO2 [ppm]
TVOC [ppb]
PM2.5 [lg/m3]
Noise [dB]
Flow [l/s]
Tx [°C]
Tout [°C]
Sunshine
[minutes]
a

ð1Þ

I: Pre-processing

II: Aggregation

III: Subsetting

Removing ‘‘faulty” values and interpolation of
timesteps

Adjustment for possible
drift

Median of sensor values per
timestep

Subset according to occupancy hours
(Table 2)

U
U
U
U
U
U
U
U
U
–

–
–
U
–
–
–
Ua
–
–
–

U
U
U
U
U
U
–
–
–
–

U
U
U
U
U
U
U
U
U
U

Correction of airflow for case study I was conducted according to [35].
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value for all the models and IEQ variables. If the median for an
IEQ variable was greater than the overall upper quartile value, it
was selected for further analysis in the next step.
Selection of significant variable: The models in Table 4 were
set up using the selected variables identified from the previous
step. The models were checked for multicollinearity using variance
inflation factor (VIF > 5 were removed [43]) as well as collinearity
using Spearman’s q as previously described. Collinear variables
were removed. Model coefficients, test statistics and significance
levels for each selected variable were determined for the models.
Variables that had a non-significant effect in the model (pvalue > 0.05) were removed.
Verification of model assumption: The residuals and the linearity of the votes predicted from the final models, which only
included the variables with significant effect, were checked. For
logistic regression models, the predicted votes were calculated as
the natural logarithm (log) of the odds ratio. An IEQ variable was
removed from the final model if a visual inspection revealed that
the particular variable did not have a linear relationship with the
predicted log odds ratio from the model, or it resulted in the model’s residuals deviating from zero (considering the 95% confidence
interval).

on the type of data analysis conducted, the occupant votes were
transformed into three formats: Daily vote count determined by
counting the number of votes per day per floor for each of the five
vote types. Synchronised votes were derived by assigning votes to
the nearest 5-minute timestep. For example, a vote on ‘‘Fine” at
08:03 was assigned to 08:00. Note that the synchronisation
resulted in the removal of duplicates, i.e., multiple votes on the
same vote types assigned to the same 5-minute timestep.
2.5. Data analysis
The first study objective was related to the validity of occupant
votes. This was investigated using statistical analysis to determine
whether there were meaningful relations (based on theories on
thermal comfort and indoor air quality [IAQ]) among the vote types
as well as between vote types and measured IEQ variables. The second study objective was related to the application of occupant
votes in performance monitoring and included the following investigations: 1) Identifying possible problematic operational settings
by using time-series plots on measured IEQ variables and daily
vote count. 2) Identifying appropriate operational settings based
on occupant votes by using decision trees. 3) Determining the
impact of operational strategies on energy use, indoor conditions
and occupant comfort by using logistic regression models based
on collected votes as well as prediction models based on
measurements.

2.5.2. Analysis of occupant votes for use in performance monitoring
Analysis of occupant votes for performance monitoring was
only conducted for case study I. Only IEQ variables used in the final
logistic regression models, established in section 2.5.1, were considered. The multinomial logistic regression model (Table 4: The
model denoted ‘‘Thermal”) was used to determine the preferred
IEQ conditions based on occupants’ votes. Note that the unscaled
IEQ variables were used to preserve the interpretability of the
model. Conditional inference trees using the R function ‘‘ctree”
[44] from Partykit package version 1.2.8 [45] were used to partition
the votes into groups based on confounding variables to identify a
possible relation among vote types, time of day and location of the
office space (4th to 8th floor).

2.5.1. Statistical analysis for assessing the validity of votes
Cramer’s V association test [37] was used to identify the
strength of the association among vote types. Spearman’s q correlation test [38] was applied to identify the direction of the association. The tests were conducted on synchronised votes.
The effect of measured IEQ variables on vote types was investigated using binomial and multinomial logistic regression analysis
[39]. Three models (Table 4: ‘‘Thermal”, ‘‘Comfort” and ‘‘IAQ”) were
used in the analysis, described in the following steps, to determine
the IEQ variables that would reliably describe the occupant votes.
Note that ‘‘Draught” was included as ‘‘Too Cold” in the thermal
model (Table 4).
Preparation of variables: The synchronised occupant votes
were merged with the IEQ variables, and the timesteps with no
registered votes were removed from the dataset. Each IEQ variable
was re-scaled using the mean and standard deviation to enable a
comparison of the magnitudes of coefficients and test statistics.
Variable selection: Collinearity among IEQ variables was determined using Spearman’s q. Variables with an overall mean pairwise correlation of >0.8 [38] were removed from the dataset. The
R function ‘‘Dredge” from MuMIn package version 1.43.17 [42]
was used to run the full model that included all the kept IEQ variables and possible sub-models that included different combinations of the kept IEQ variables. The aforementioned models
included the intercept and disregarded interaction effects. The test
statistic for each IEQ variable was extracted from the models. The
absolute values of the test statistics from the models were averaged for each IEQ variable using the median. Additionally, the
absolute values were used to calculate the overall upper quartile

2.5.3. Prediction models for estimating energy use and the impact on
the indoor condition
Prediction models for predicting energy use, indoor temperature and CO2-concentration were obtained based on a datadriven method by Kusiak and Tang [46]. Two different model types,
a linear regression model and a support vector regression model
(SVR), were investigated to determine the suitable prediction models. SVR is a supervised machine learning algorithm using convex
optimisation for variable estimation [47]. It is a non-parametric
model suitable for non-linear datasets, whereas linear models are
parametric assuming normality and linearity of the dataset. Fig. 4
shows the input, process and output variables used in the final prediction models as well as their relations with one another.
Variables were selected and models were set up based on
knowledge of how the ventilation system was controlled: The inlet
temperature after the cooling coil (Tcc) was primarily controlled
according to the outdoor temperature (Tout), whereas the inlet
temperature after the reheater (Tinlet) was controlled according to
the outdoor temperature, indoor temperature setpoint (Tisetpoint)

Table 4
Logistic regression models: Model name, type and information.
Model namea

Included vote types

Regression model (R function)

Model information

Statistical inference test

Thermal

Too Warm, Too Cold (includes Draught),
Fine (as reference)
Fine (0), Stuffy (1)
Fine (1), Othera (0)

Multinomial logistic
(multinom from ‘‘nnet” [40])
Binomial logistic (glm [41])

Votes are nominal values.

Wald’s test [39]

IAQ
Comfort
a

All models included an intercept.

b

‘‘Other” denotes all vote types but ‘‘Fine”.
6
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Fig. 4. Overview of input, process and output variables. The arrows indicate the influence one variable has on another.

the trained models to check their performance. The model residuals were checked with an auto-correlation plot to determine
whether they were significant (assuming a normal distribution
and considering a 95% confidence level). Furthermore, the predicted outcome based on the test dataset was used to determine
the range normalised root mean square error (RN_RMSE [%]) (Eq.
(2)) [50]

and indoor temperature (Ti). Cooling was turned off when the outdoor temperature dropped below 10 °C. The prediction models for
each output and process variable were derived as a function of the
controllable (airflow, Tisetpoint) and disturbance (Tout, sunshine,
noise) input variables (Fig. 4). Noise was used as a proxy variable
for occupancy. The cooling and AHU status (COOL.Status and
AHU.Status) in Fig. 4 were determined based on the input variables. The model prediction accuracy was improved by resampling
the dataset to daily mean values and removing intervention days.
The following steps were conducted to determine the prediction
models.
Variable selection: For each process and output variable, a linear regression model was set up using the aforementioned input
and process variables. Collinear variables (Spearman’s q  0.8
[38]) and confounding variables were removed from the model,
and the test statistics and significance of the coefficients were
determined for each variable in the model. Non-significant variables (p-value > 0.05) were excluded unless they were expected
to have a causality with the dependent variable. For example.
The relatively low variation in airflow resulted in a nonsignificant effect in the prediction model for Ti. But the airflow
was included in the model as it influenced the convective heat
transfer affecting the indoor temperature.
Model training: 80% of the original dataset was used for training, and the remaining 20% was used for testing. Partitioning of the
dataset was done randomly based on the dependent variable. The
training dataset was used to obtain a linear regression model and
SVR model with either linear or radial kernel function. The R function ‘‘svm” from e1071 version 1.7.3 [48] was used for modelling
SVR. The ‘‘train” function from ‘‘caret” version 6.0.86 [49] was used
to perform 10-fold cross-validation of the SVR models to determine
the kernel function and ‘‘cost” variable (C) that resulted in the lowest root-mean-square error (RMSE). The kernel function and cost
variable leading to the lowest RMSE was used in the final SVR
model.
Model testing and selection: After the linear models were
trained, they were checked regarding normality, homogeneity of
variance and extreme outliers. The test dataset was applied to all

sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ


n
^ 2
P
1
Y

Y
i
n
RN RMSE ¼

i¼1

maxðY i Þ  minðY i Þ

 100

ð2Þ

Where n is the sample size, Y is the actual (measured) dependent
variable and Ŷ is the predicted dependent variable. The model with
the lowest RN_RMSE and the least number of significant autocorrelations of residuals was selected as the final model unless
the model did not behave as expected. For example, even though
the SVR model for Ti had the lowest RN_RMSE (3%) compared to
the linear model (7%), the effect of Tinlet on Ti was not meaningful:
When Tinlet was high (~40 °C), Ti was constantly at 23 °C regardless
of variations in the outdoor temperature.

3. Results
3.1. Validity of occupant votes collected with TiAQ
Table 5 lists the strength and direction of association among the
vote types. Generally, both case studies showed that ‘‘Fine” was
negatively associated with ‘‘Too Cold” and ‘‘Too Warm”. The directions of the associations for case study I generally agreed with the
directions of associations for case study II.
However, the insignificant associations found among vote types
for case study II were weak for case study I, e.g., the association
between ‘‘Too Warm” and ‘‘Too Cold”. Conversely, some of the
weak associations among vote types for case study II were insignificant for case study I, e.g., the association between ‘‘Stuffy” and
‘‘Too Warm”.
7

D. Sheikh Khan, J. Kolarik and P. Weitzmann

Energy & Buildings 251 (2021) 111363

logistic regression analysis (Table 6). The model coefficients and
intercept for the specific model are shown in Table 7. Fig. 6 shows
the model’s output when one of the IEQ variables is kept as the
predictor variable and the other variable is kept at a fixed value
corresponding to its observed minimum, median and maximum
value.
The indoor temperature that led to minimum cold and warm
complaints or maximum comfort votes (assuming ‘‘Fine” represents occupants’ thermal comfort) depended on the airflow level,
e.g., it was 23.4 °C and 25 °C, respectively, when the airflow level
was 900 l/s (Fig. 6).

Table 5
Strength of association (Cramer’s V) and direction (Spearman’s q) for synchronised
occupant votes. Based on [38]: * Weak association (0.2). ** Moderate association
(0.5).
Vote combinations

Case study I:
Danish office building

Case study II:
IW, CMU

Fine
Fine
Fine
Fine
Stuffy
Stuffy
Stuffy
Draught
Draught
Too Warm

() 0.2*
() 0.3*
() 0.4*
() 0.6**
(+) 0.1
0
0
() 0.1
(+) 0.2*
() 0.2*

() 0.1
() 0.1
() 0.4*
() 0.6**
(+) 0.2*
(+) 0.2*
0
(+) 0.1
(+) 0.1
0

Stuffy
Draught
Too Warm
Too Cold
Draught
Too Warm
Too Cold
Too Warm
Too Cold
Too Cold

3.3. Performance of energy, indoor temperature and CO2 prediction
models

Sample size for case I: Draught: 264, Fine: 1591, Stuffy: 195, Too Cold: 635, Too
Warm: 492.
Sample size for case II: Draught: 31, Fine: 395, Stuffy: 45, Too Cold: 152, Too Warm:
106.

The indoor condition and energy use as a function of the indoor
temperature setpoint and airflow was calculated using the prediction models listed in Table 8. The actual input variables and the
actual and predicted output variables for the entire dataset are presented in Fig. 7.
The highest value of RN_RMSE was 16%, but most values were
<10% (Table 8). The predicted energy use was generally similar to
the actual energy use (Fig. 7c), but the heating energy use was
underestimated by about 300 kWh from the 105th to the 120th
day. This was likely caused by the model for Tinlet, which did not
accurately predict Tinlet for the particular days (Fig. 7b). The predicted Ti and CO2 were generally similar to the actual values. The
CO2 model did not capture the peaks for the 122nd day and 135th
day (Fig. 7d). However, the discrepancy was negligible (<50 ppm).

The model coefficients and standard error of significant IEQ
variables from the regression analysis (section 2.5.1) are listed in
Table 6 for each model in Table 4 (‘‘Thermal”, ‘‘IAQ” and ‘‘Comfort”). The models denoted as ‘‘Thermal” and ‘‘Comfort” for both
case studies showed that the indoor temperature (Ti) had a significant effect on the vote types ‘‘Too Cold”, ‘‘Too Warm” and ‘‘Fine”.
The airflow, which was only measured in case study I, also significantly affected ‘‘Too Cold” and ‘‘Too Warm”. The indoor CO2concentration (CO2) had a significant effect on vote types related
to ‘‘Stuffy” and ‘‘Fine” (Table 6: ‘‘IAQ”) for case study I. This was
not observed for case study II. Note that the coefficient for CO2
(Table 6) was negative, meaning that an increase in CO2concentration led to fewer complaints on ‘‘Stuffy”. This is discussed
later in the paper.
Fig. 5 shows the distribution of measured IEQ variables for each
vote type. The relative frequency distributions for ‘‘Fine” for both
case studies had similar distribution as the overall distribution of
measured IEQ variables. ‘‘Draught” had a similar distribution as
‘‘Too Cold” for case study I, whereas it had a similar spread as
the overall distribution of Ti for case study II. The distribution for
‘‘Stuffy” for case study I had the highest peak at airflow equal to
zero and CO2-concentration about 450 ppm, which corresponded
to outdoor CO2-concentration levels.

3.4. Control strategies for reducing energy use and improving occupant
comfort
In the studied building in case study I, the original strategy for
controlling the indoor temperature was based on mitigating occupants’ sporadic thermal complaints. The indoor temperature setpoint was generally set as a constant regardless of variations in
outdoor temperature (Table 9: ‘‘Reference”). The proposed control
strategies listed in Table 9 were the following: Control strategies A
to D included only changes to the indoor temperature setpoint.
Strategies E to F included only reductions to the airflow level relative to the typical airflow level (Fig. 7a: About 4000 l/s). Finally,
strategy G was a combination of D and F.
The ‘‘Thermal” model (Table 7) and the prediction models
(Table 8) were used to determine the impact the various control
strategies might have on overall daily mean energy use as well
as on occupants’ thermal votes for the four floors studied in case
study I. The daily mean outdoor temperature, noise level and sunshine hours (Fig. 7a) were the same for all strategies, including the
reference. Indoor temperature setpoint and airflow were set as
shown in Table 9. The indoor temperature setpoint for the control
strategies was set according to Fig. 6. For example, the indoor

3.2. Model for preferred indoor temperature based on occupant votes
The preferred indoor temperature and airflow for case study I
based on the thermal votes (‘‘Too Cold” including ‘‘Draught”,
‘‘Too Warm” and ‘‘Fine”) were determined using the multinomial
logistic regression model denoted ‘‘Thermal” (Table 4). The indoor
temperature and airflow were used as inputs in the model as they
had a significant effect on thermal vote types according to the

Table 6
Intercept and coefficients of selected variables for the final models for case I and II. All displayed variables are statistically significant (p-value < 0.05). The standard error is shown
in ‘‘()”.
Case study and building

Case study I: Danish office building

Case study II:IW, CMU
a

Coefficients of final models

Intercept
Ti
Airflow
CO2
Intercept
Ti

IAQ

Comfort

Too Cold / Fine

Thermal
Too Warm / Fine

Stuffy / Fine

Fine / Othera

0.97 (0.06)
0.90 (0.06)
0.49 (0.05)

1.48 (0.07)
0.18 (0.06)
0.49 (0.07)

2.82 (0.12)

0.23 (0.04)
0.40 (0.04)

1.34 (0.14)
1.09 (0.16)

1.82 (0.17)
0.53 (0.15)

‘‘Other” denotes all vote types but ‘‘Fine”.
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0.41 (0.12)
2.5 (0.22)

0.46 (0.10)
0.32 (0.10)
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Fig. 5. Overall relative frequency distribution of measured IEQ variables (grey fill) and distribution of measured IEQ variables for each vote type. The bandwidths used for
generating the distributions were 0.5 °C, 100 l/s and 50 ppm.

to energy savings compared to the reference strategy (Fig. 8a).
Strategies A to D led to negligible (about 5% or less) changes in
thermal votes. Strategies E to G led to an increase in comfort votes
of up to 15% (Fig. 8b). Strategies E to G did not lead to noticeable
changes (<10 ppm) in daily mean indoor CO2-concentration compared to the reference strategy.

Table 7
Intercept and coefficients for a multinomial logistic regression model denoted
‘‘Thermal”.

Intercept
Ti
Airflow
Accuracya

Too Cold / Fine

Too Warm / Fine

24.48* [24.48, 24.48]
1.14* [1.15, 1.13]
0.00081* [0.00056, 0.0011]
0.61* [0.59, 0.62]

5.59* [5.87, 5.59]
0.22* [0.21, 0.23]
0.00087* [0.0011, 0.00059]

* p-value < 0.05. The 95% confidence interval is displayed in ‘‘[ ]”. p-value for
accuracy was based on a no information rate (NIR) of 1375 / 2418 = 0.57. NIR was
based on the class with the largest proportion (‘‘Fine”).
a
Accuracy was calculated as ratio of correct classifications (n = 1463) to sample
size (n = 2418).

4. Discussion
4.1. Validity of votes collected with TiAQ
4.1.1. Association among vote types
As the sample sizes for ‘‘Draught” and ‘‘Stuffy” for case study II
were relatively small (Table 5:  45), the association based on Cramer’s V related to the aforementioned votes was highly uncertain.
Therefore, a reliable interpretation of these results would not be
feasible. Nevertheless, interpretation of association for votes collected in case study I as well as ‘‘Fine”, ‘‘Too Cold” and ‘‘Too Warm”
for case study II was feasible due to the larger sample size (Table 5:
 106). For both case studies, the associations between votes cast
on ‘‘Fine” and the remaining vote types (Table 5) were generally

temperature setpoint of 25 °C corresponded to the maximum number of votes on ‘‘Fine” for airflow equal to 900 l/s per floor in Fig. 6.
The daily mean airflow and the predicted daily mean indoor temperature were used as inputs in the logistic regression model for
determining the proportion of each thermal vote type. The impact
of each control strategy on daily mean energy use (Fig. 8a) and
occupants’ thermal votes (Fig. 8b) were compared to the reference
control strategy. Generally, all strategies in Table 9 except for B led
9
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Fig. 6. The proportion of votes over the range of measured indoor temperature (top) and airflow (bottom) for case I based on ‘‘Thermal” model. The dashed lines depict the
lower and upper 95% confidence intervals.

Table 8
Range normalised root mean square error (RN_RMSE) and variables for prediction models.
Model / Output (Fig. 4)

Model type

Model formula and variablea

RN_RMSE (Eq. (2))
Training

Testing

Tinlet

SVR, linear

10%

9.2%

Tcc

SVR, radial

4.1%

6.5%

Eheat

SVR, linear

4.9%

4.2%

Ecool

Linearb

4.8%

5.2%

Eel

Linearb

4.8%

3.1%

CO2
Ti

Linearb
Linearb

Tisetpoint / AHU.Status + Tout / AHU.Status + Tcc
C = 25, c = 0.2
Tout / AHU.Status
C = 2, c = 0.5
Tinlet  Airflow + Tcc  Airflow
C = 10, c = 0.5
Tout  Airflow  0,
(Tout  Airflow) / COOL.Status = 0.011,
Tcc  Airflow  0,
(Tcc  Airflow) / COOL.Status = -0.0077
Intercept = 2.6, Airflow = 0.00049
Log-transformation
Intercept = -191, Airflow = -0.0081, Noise = 18.1
Intercept = 14, Tout = 0.14, Sunshine = 0.0007,
Noise = 0.1, Airflow = 0.000082, Tinlet = 0.16,
Tinlet / AHU.Status = -0.036

9.9%
6.3%

16%
7.1%

Note: The tuning variable e related to the loss function was set to 0.1 for all SVR models.
‘‘” denotes regular multiplication.
a
Interaction term is denoted as ‘‘X / Y” meaning that X is included with and without its interaction with Y.
b
Significant coefficients (p-value < 0.05) in linear models are denoted as bold.

feeling of being too cold to the experience of local discomfort
caused by draught, defined as local cooling of body parts caused
by air movements [51]. Studies (e.g. [52–54]) have shown that
when people feel cold, they also complain more about draught.
The distributions for ‘‘Too Cold” and ‘‘Draught” over the indoor
temperature range measured in case study II did not completely
overlap, i.e., the peak in relative frequency for ‘‘Too Cold” was
20.5 °C and 22.5 °C and for ‘‘Draught” about 23 °C (Fig. 5). The difference between case study I and II illustrated by Fig. 5 might have
been related to differences in air velocity (which was not
investigated in the case studies) or differences in the supply air

meaningful and as expected, i.e., ‘‘Fine” was negatively associated
with the remaining vote types. Furthermore, the lack of association
of votes cast in case I between ‘‘Stuffy” and ‘‘Too Cold”, ‘‘Too
Warm” or ‘‘Draught” was as expected. The association between
‘‘Draught” and ‘‘Too Cold” as well as ‘‘Too Warm” and ‘‘Too Cold”
was elaborated in the following section.
Firstly, votes on ‘‘Draught” were positively associated with ‘‘Too
Cold” for case study I. This result is also supported by Fig. 5, which
shows an overlap between the distribution for ‘‘Too Cold” and
‘‘Draught” over the indoor temperature range measured in case
study I. These observations suggest that occupants related their
10
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Fig. 7. Time-series of daily mean values for case I. Top, left (a): Actual input variables. Top, right (b): Predicted and actual process variables. Bottom, left (c): Predicted and
actual energy use. Bottom, right (d): Predicted and actual indoor condition.

indoor temperature range from 21 °C to 26 °C (Fig. 5), the weak
association observed between the vote types (Table 5: 0.20) was
as expected. Weak or moderate variations in indoor conditions
throughout a day could be expected in a well-maintained and
mechanically conditioned building with fixed control strategies,
as in case study I. The variability in thermal votes for the aforementioned temperature range was likely related to variations in occupants’ activity and clothing level and occupants’ local thermal
environment, e.g., their exposure to direct solar radiation or radiation asymmetry and draught from cold windows. However, the
lack of association between votes on ‘‘Too Cold” and ‘‘Too Warm”
for case study II based on Table 5 was unexpected since indoor
temperature reached very low (17.5 °C) and very high (28.5 °C)
levels (Fig. 5). A closer examination of Fig. 5 revealed that the distributions for ‘‘Too Cold” and ‘‘Too Warm” peaked at 20.5 °C and
25 °C, respectively. But the distributions overlapped for temperature ranges from 22 °C to 24 °C, explaining the lack of association
observed in case study II. Note that the high variation in indoor
temperature in case study II was due to several reasons. Firstly,
the cooling system had a malfunctioning during September, which
led to overcooling and in some periods no cooling at all. Secondly,
the supply of heating from the main building to IW was temporarily cut off during October. Thirdly, a master thesis project conducted studies at IW, leading to the heating being turned off for
few days during December. In summary, the results from the case

temperature (which was not measured in case study II) between
the two cases. Additionally, Toftum et al. [55] demonstrated in a
chamber study that the percentage of study participants dissatisfied due to draught was about 20% higher for airflow provided from
below than from above for indoor temperature from 20 °C to 23 °C
and mean air velocity from 0.05 m/s to 0.4 m/s. Since airflow was
provided from ceiling mounted diffusers in case study I and underfloor ventilation in case study II (Table 2), the difference between
the case buildings might also have been related to the different
ventilation approaches. Finally, the observed difference might also
have been related to the level of sensitivity of individual occupants
[54] or the fact that it is highly uncertain to determine occupants’
experience of draught in in-field studies [56]. To summarise, as
votes cast on ‘‘Draught” was positively associated with ‘‘Too Cold”
for case study I, it was regarded as a similar vote type as ‘‘Too Cold”
in the present study. Consequently, based on this study, TiAQ was
not helpful to determine occupants local discomfort with draught.
Secondly, it was expected that when occupants experienced low
indoor temperature, they voted on ‘‘Too Cold”, and when they
experienced high indoor temperature, they voted on ‘‘Too Warm”.
Therefore, the negative association between votes on ‘‘Too Cold”
and ‘‘Too Warm” for case study I (Table 5) was as expected.
Fig. 5 shows that most occupants felt too cold or too warm at an
indoor temperature below or above 23 °C, respectively. As there
were simultaneous votes on ‘‘Too Cold” and ‘‘Too Warm” for the
11
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Table 9
Control strategies for adjusting indoor temperature setpoints and airflow.
Strategy

Indoor temperature
setpoint and airflow

Comment

Reference

Tisetpoint = 24.5 °C
Airflow = 4000 l/s
Tisetpoint = 23.4 °C
Airflow = 4000 l/s
Tisetpoint = 25.0 °C
Airflow = 4000 l/s
Tout > 10 °C:
Tisetpoint = 24.0 °C
Tout  10 °C:
Tisetpoint = 23.3 °C
Airflow = 4000 l/s
Tout > 10 °C:
Tisetpoint = Tout
Tout  10 °C:
Tisetpoint = 20.0 °C
Airflow = 4000 l/s
24.5 °C
Airflow = 4000  0.85 l/s
24.5 °C
Airflow = 4000  0.75 l/s
Tout > 10 °C:
Tisetpoint = Tout
Tout  10 °C:
Tisetpoint = 20.0 °C
Airflow = 4000  0.75 l/s

The total airflow for the office floors was averagely about 4000 l/s (Fig. 7a).

Strategy A
Strategy B
Strategy C

Strategy D

Strategy E
Strategy F
Strategy G

Strategy based on minimising the proportion of votes for both cold and warm complaints, corresponding to 20% for
each vote type for airflow = 900 l/s per floor (Fig. 6).
Strategy based on maximising the proportion of comfort votes, corresponding to 70% for airflow = 900 l/s per floor
(Fig. 6).
Strategy based on keeping the proportion of votes to 20% for either cold or warm complaints for airflow = 900 l/s per
floor (Fig. 6), depending on the outdoor temperature.

Strategy based on reducing energy use by drifting Ti setpoint according to Tout.

Strategy based on reducing energy use by reducing airflow by 15%.
Strategy based on reducing energy use by reducing airflow by 25%.
Combination of Strategy D and F.

Fig. 8. Comparison of the proposed control strategies. Bar plots are shown with upper and lower quartiles. Top (a): Median change in daily mean energy use. Bottom (b):
Median change in thermal votes for the four floors in case study I.
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4.1.5. The ability of TiAQ to obtain a high number of ‘‘Fine” votes
Several studies (e.g., [17,29,57]) reported that occupants mostly
voted when uncomfortable with the indoor environment, thereby
introducing a sampling bias into the data collection. The sampling
bias appeared as the low number or lack of comfort votes compared to discomfort votes [58]. This sampling bias affects the comfort model’s ability to reliably describe the relationship between
IEQ variables and the collected votes [57]. The explanation for
the lack of comfort votes was that occupants forgot to vote or
did not have time to vote [15,58]. Lassen et al. [27] identified that
occupants who reported to be dissatisfied, according to requested
questionnaires, voted more frequently with the OVS. This suggests
that a strong perception, such as thermal discomfort, was a motivator for occupants to use the OVS. Therefore one might expect
that comfortable occupants do not have a strong motivation to
vote with the OVS.
Some studies on OVS tried to address the sampling bias by frequently prompting occupants to vote (e.g., [24,59,60]). However,
frequent reminders can be experienced as disturbing by the occupants, leading to survey fatigue and lowered response rates [59].
Other studies addressed the sampling bias through more subtle
approaches. For example, Zhao et al. [61] designed an OVS that
only allowed occupants to cast complaint votes. Winkler et al.
[18] identified that the approach for engaging occupants to vote
could also affect the incidence of specific vote types. They observed
that occupants voted almost twice as much on ‘‘thermal neutral”
votes when occupants were ‘‘scored” for providing a high number
of votes than when occupants were, e.g., promoted to cast ‘‘environmentally friendly” votes. Other studies addressed the bias
through data processing and analysis. For example, Erickson and
Cerpa [17] included synthetic comfort votes to address the sampling bias. Lee et al. [58] proposed a personal thermal comfort
model that incorporated the occupant’s voting behaviour in the
model, reducing the frequency for requesting occupants to vote.
In contrast, the present study showed that the number of comfort votes was not lower than the number of discomfort votes in
both case studies (Table 5: ‘‘Fine” votes made up about 50% of
the total votes). There can be several reasons for this observation.
In another study [62], based on the same case studies as the present ones, the occupants’ motivation and interaction with TiAQ
was investigated. The study suggested that one possible explanation was the positioning of the OVS device in the investigated
space and thus its accessibility for the occupants. In the aforementioned study, monthly questionnaires were sent to the occupants
in case study I about their motivation for using TiAQ. The questionnaires had a response rate ranging from 27% to 47%. The study
identified that 60% of the surveyed occupants reported having
voted at least weekly with TiAQ. Moreover, they reported that
the easy access and location of the device near entrances to the
office spaces (Fig. 2) were the main reasons to vote regardless of
their comfort/ discomfort level [62]. There are probably more factors influencing the incidence of different vote types during studies
using voluntary OVS interfaces. The indoor temperature range,
study duration (specifically, the ‘‘novelty effect”) and occupants’
expectation of the OVS can be mentioned as examples [15]. A
direct comparison of the OVS studies concerning these parameters
is outside of the scope of the present study. Therefore, investigating the aforementioned factors and their effect on the incidence
of different vote types should be a priority for future research.4.1.6.
Reliability analysis of the effect of IEQ variables on thermal votesTo
determine the impact that the study duration and the presence of
interventions might have had on the effect of IEQ variables on thermal votes, the logistic regression analysis from section 2.5.1 was
conducted on a dataset without interventions, only with interventions and a dataset including only the first 30 days (19th July to 18th
August 2019) of data collected during case study I. The results of

studies suggested that occupants overall agreed to have felt either
too cold or too warm for the very low or very high measured indoor
temperature levels.
4.1.2. Effect of IEQ variables on thermal vote types
According to the logistic regression analysis, the indoor temperature had an expected significant effect on voting ‘‘Too Cold” (including ‘‘Draught”) and ‘‘Too Warm” for both case studies
(Table 6). Additionally, the airflow had a significant effect on
‘‘Too Cold” and ‘‘Too Warm” for case study I (Table 6). The likely
reason for airflow having a significant effect on the thermal vote
types was that heating and cooling were provided through ventilation in case study I. Table 6 shows that the effect of indoor temperature was weaker on ‘‘Too Warm” compared to its effect on ‘‘Too
Cold” for case study I. This meant that indoor temperature did
not confidently describe the variations in ‘‘Too Warm” votes. The
indoor temperature rarely exceeded 26 °C (Fig. 5). Therefore, the
lack of measurements above 26 °C might be a plausible explanation for the aforementioned weak effect. Firstly, the study period
did not cover the warmer months of May, June and most of July,
in which high indoor temperature would have occurred more frequently. Secondly, the interventions might not have had a strong
effect on creating high variability in indoor temperature nor lasted
long enough to impact IEQ variables and occupants’ voting patterns. Thirdly, the effect of interventions might have been greatly
decreased because the main author had forgotten to reset the setpoint temperature after the cooling intervention during September. This fault was first detected and fixed in December.
Consequently, this led to the reheaters not heating the inlet temperature as much as they otherwise would have done, resulting
in lower indoor temperature in the office spaces. Therefore, this
might explain why the ‘‘Thermal” model was able to identify a
stronger effect of indoor temperature on ‘‘Too Cold” but not on
‘‘Too Warm”. The aforementioned limitations in the study introduced uncertainty in estimating the level of effect that indoor temperature had on voting ‘‘Too Warm”.
4.1.3. Effect of IEQ variables on ‘‘Stuffy”
The indoor CO2-concentration had a significant negative effect
on the odds ratio of ‘‘Stuffy” to ‘‘Fine” for case study I (Table 6). This
meant that an increase in CO2-concentration led to a decrease in
votes on ‘‘Stuffy” compared to votes on ‘‘Fine”. This model relation
was not meaningful. A likely explanation was that CO2concentration had a confounding effect with the time of day
related to occupancy hours and operational hours for the ventilation system. This confounding effect can be observed for the distribution of airflow and CO2 in Fig. 5: The peak of distribution for
‘‘Stuffy” occurred when ventilation was turned off (airflow of 0 l/
s) and CO2-concentration was about 450 ppm, which corresponded
to outdoor levels when no occupants were in the studied office
spaces. This suggests that occupants arriving at the office, before
the ventilation was turned on, reported on stuffy indoor air. This
was also confirmed by an IEQ questionnaire administered during
the case study revealing that about 8% of the occupants experienced stuffy air during mornings. Therefore, the time of day
affected ‘‘Stuffy” votes in case study I and not the measurement
level of IEQ variables.
4.1.4. Effect of IEQ variables on ‘‘Fine”
According to the ‘‘Comfort” model for both case studies in
Table 6, only the indoor temperature significantly affected votes
on ‘‘Fine”. This suggests that occupants associated mainly ‘‘Fine”
with the thermal environment. Consequently, ‘‘Fine” was identified
to represent occupants’ thermal comfort. It was not appropriate for
representing satisfaction with IAQ. TiAQ should have had an additional button specifically representing satisfaction with IAQ.
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Fig. 9. Coefficients of IEQ variables for the ‘‘Thermal” and ‘‘Comfort” models determined using the full dataset (results from Table 6) and its subsets.

related to IEQ conditions. The second application was related to
the use of occupant votes in optimising existing control strategies
by identifying the impact of proposed operational strategies on
energy use and occupant comfort.

this analysis are summarised in Fig. 9. Note that no interventions
were conducted during the first 30 days (Table 2).
Firstly, no noticeable difference was observed between the full
dataset with the interventions and the dataset without the interventions (Fig. 9). This lack of difference might be because interventions did not lead to significant variability in indoor conditions
than otherwise expected. But this was not likely true: The effect
of indoor temperature on ‘‘Too Warm” and ‘‘Too Cold” was strong
and significant using the dataset with only interventions compared
to the full dataset in which the effect of indoor temperature on
‘‘Too Warm” was weak (Fig. 9). The effect of intervention days
might have been suppressed in the full dataset, as they only made
up 15 days out of the 216 days in the case study (Table 2). This suggests that it might be more appropriate to use the dataset with
only interventions for identifying the effect of at least indoor temperature on thermal votes related to ‘‘Too Cold” and ‘‘Too Warm”.
Note that using the dataset with only interventions did not provide
reliable results for ‘‘Fine” (Fig. 9). Using the dataset resulted in Tinlet
having a significant and strong effect on ‘‘Fine” and ‘‘Too Cold”. The
appearance of Tinlet was likely because it had a confounding effect
on indoor temperature, as the inlet temperature was controlled
according to indoor temperature in the office spaces.
Secondly, the effect of indoor temperature on ‘‘Too Cold” and
‘‘Too Warm” determined using the dataset for the first 30 days of
data collected during case study I was partially similar to the effect
determined using the full dataset (Fig. 9). However, this was not
the case for ‘‘Fine” and no effect of airflow on the thermal votes
was found. Additionally, a weak and insignificant effect of indoor
temperature on the thermal votes using the first 30 days of data
collected during case study II was identified. This suggests that
30 days of data collection with TiAQ might not necessarily yield
reliable results regarding the effect of IEQ variables on thermal
votes

4.2.1. Application of votes for identification of problematic operational
settings
Complaints and feedback from occupants in case study I were
typically communicated ad hoc through e-mails, phone calls or
direct requests to the building operation manager. Systematic data
collection and monitoring of occupant feedback using OVS have
demonstrated to be suitable for identifying problematic indoor
conditions [29], inappropriate operational settings [22,29] as well
as unexpected faults and malfunctions in HVAC [17,18]. Based on
case study I, the following section illustrates whether votes from
TiAQ would help identify problematic operational settings. Timeseries plots of the daily mean indoor temperature and airflow
and daily vote count for two office spaces in case study I are shown
in Fig. 10.
The intervention days and days when complaints were received
by other means than TiAQ are also shown in Fig. 10. The ‘‘gaps”
between the daily vote count in Fig. 10 generally coincide with
weekends or holidays, when no or few occupants were in the
office. According to the votes collected with TiAQ, occupants in
case study I were generally comfortable in the week before the
cooling intervention in September. Fig. 10 shows that some occupants from the 4th and 8th floor also experienced the indoor environment as too warm. The cooling intervention led to an increase
in too cold and draught votes, but fewer too warm votes. This
was particularly prevailing for the last day of the intervention, in
which indoor temperature had dropped by 3 °C. This resulted in
a draught complaint to the building operation manager by an occupant from the 4th floor on 4th September. Note that the complaint
was not displayed in Fig. 10 because it overlapped with the cooling
intervention. At the end of October and the beginning of November, the indoor temperature had dropped to below 23 °C
(Fig. 10). This led to a prevailing number of too cold votes on both
the 4th and 8th floor. Only one occupant complained about being
cold on the 8th floor to the building operation manager on 12th
November. The building operation manager identified that the
problem was due to a temperature setpoint set to 16 °C instead

4.2. Application of votes collected with TiAQ in performance
monitoring of buildings
The following section demonstrates three main applications of
occupant votes to support the building operation manager in case
study I. The first application was related to the management of
occupants’ feedback on IEQ and the identification of problems
14
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Fig. 10. Time-series plots of the daily vote count and daily mean indoor temperature and airflow for the 4th and 8th floor in case I. The ‘‘brown” and ‘‘dark-green” columns
indicate intervention days and days when complaints were received by other means than TiAQ. (For interpretation of the references to colour in this figure legend, the reader
is referred to the web version of this article.)

of 23.5 °C. This was fixed for the 8th floor on the following day. The
aforementioned problem occurred because the main author had
forgotten to reset the indoor temperature setpoint for the floors
after conducting the cooling intervention. This problem was first
fixed for all remaining floors on 10th December. Accordingly, the
complaint noted on that day in Fig. 10 was not a complaint per
se, but the day when the problem was corrected. The incorrect
temperature setpoint might have been identified and corrected
sooner if votes on ‘‘Too Cold” had been monitored in October, at
least for the 4th floor. The problem would not have been fixed
sooner for the office space on the 8th floor, because occupants
increasingly voted on ‘‘Too Cold” while they contacted the building
operation manager (Fig. 10). Contrarily, the incorrect temperature
setpoint did not cause a prevailing number of too cold votes for the
5th and 6th floor until December.

The aforementioned case illustrates that performance monitoring of thermal votes collected with TiAQ accompanied by measurements of IEQ variables would identify whether a particular thermal
condition was perceived as a problem by the occupants and the
cause of the problem (e.g., incorrect temperature setpoint). In this
case study, the application of TiAQ was not more helpful than the
application of ad hoc complaints to identify problematic operational settings. However, contrary to ad hoc complaints, the thermal votes clarified the differences in occupants’ thermal
perceptions among the different office floors. However, the case
study was not able to identify the cause of this discrepancy. Further actions were needed to determine whether differences were
related to, e.g., occupants’ clothing and activity level or other IEQ
conditions not measured in the case study. Additionally, the thermal votes, as illustrated in Fig. 10, did not indicate the severity of a
15
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Fig. 11. A section of the time-series plots of the daily vote count and daily mean indoor temperature and airflow for the 5th floor in case I. The ‘‘brown” columns indicate
intervention days.

4.2.2. Application of votes for identifying appropriate operational
settings
The application of votes collected with TiAQ for identifying
appropriate operational settings was investigated for case study I
by using a decision tree. The decision tree in Fig. 12 summarises
occupants’ votes for each floor and time of day. The decision tree
shows that 45% of votes received during mornings on the 5th and
8th floor were on ‘‘Too Warm”. Occupants, who voted ‘‘Too Warm”
at that time, had just arrived at the office and had likely an
increased metabolic rate, due to going up the stairs, or they had
a higher clothing level from wearing outdoor clothing. Additionally, occupants arriving at the office on the 6th floor in the mornings voted significantly more on ‘‘Stuffy” (Fig. 12: 45%) than on
other vote types.
Accordingly, this information can be used for adjusting the
HVAC schedule. The indoor temperature setpoint from 05:00 to
07:00 for the 5th and 8th floor could be set, e.g., 1 °C lower than
the temperature setpoint used throughout the day. Since ‘‘Stuffy”
only made up 8% of the total number of votes for the 6th floor during a day (Fig. 12), setting the HVAC schedule to start earlier would
increase energy use. Alternatively, occupants could be instructed
to use the existing control buttons for activating ventilation outside of operational hours (Table 2: Control options) for improving
the IAQ.

complaint and whether complaints needed immediate attention or
not. Some studies on OVS suggest that the number of reiterated
votes could indicate the level of severity of occupants’ complaints
(e.g. [18,63]). For example, during preliminary short-term studies
with TiAQ conducted in similar office spaces like the one in case
study I, the number of reiterated votes had indeed increased during
heating and cooling interventions compared to days without interventions. But in case study I, reiterated votes did not seem to occur
specifically during intervention days or days in which occupants
complained to the building operation manager.
It was difficult to identify any general patterns in the vote count
for interventions conducted in October and January in which ventilation was turned off (denoted no-airflow intervention). For
example, it seemed that occupants on the 5th floor were comfortable during the no-airflow intervention in October compared to
the weeks before and after the intervention (Fig. 11).
Occupants felt too cold during the intervention in January compared to the weeks before and after the intervention (Fig. 11). As
the indoor temperature was about the same in the weeks before
and during both interventions, it did not explain the difference in
occupants’ voting patterns for the intervention periods. Additionally, the CO2-concentration did not exceed 1000 ppm, and the relative humidity, TVOCs and PM2.5 level were generally unchanged.
Therefore, turning off the ventilation for three to four days in case
study I was unsuccessful at achieving strong variations in the measured IEQ variables. Since the ventilation was turned off, votes on
‘‘Stuffy” were expected to be prevailing during the no-airflow
interventions. This was not the case (e.g., Figs. 10 and 11), which
was likely because occupants only detected stuffy air upon entering the office space in the mornings. After a while, they would
adapt to the indoor air and become less sensitive to the IAQ
[64,65]. Thus, leading to fewer votes on ‘‘Stuffy” during the day.
But this cannot explain the lack of stuffy votes in the voting poll
during the interventions. This suggests that votes collected with
TiAQ might not have been a reliable indicator to identify whether
the ventilation was working correctly in the studied office spaces,
at least not for a short period of three to four days.

4.2.3. Impact of operational strategy a to g on energy use and occupant
comfort
According to Fig. 8, the best strategy, in terms of achieving an
improved comfort level without significantly increasing complaint
levels and energy use, was strategy G. It achieved an average
energy saving of up to 46% (Fig. 8a) and resulted in a 6% increase
in comfort votes as well as too cold votes (Fig. 8b). Even though
votes from TiAQ was not more helpful than ad hoc complaints to
identify problematic operational settings, it was highly useful in
providing data to identify appropriate control strategies because
the quantity of the ad hoc complaints was not sufficient to conduct
data analysis.
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Fig. 12. Conditional inference tree of occupant votes grouped by time of day and floor for case study I. The maximum depth of the tree was set to 3. The plots show the
proportion of votes.

use, indoor condition and occupants’ votes. As case study I was
only conducted during late summer and winter months, the models would not necessarily be accurate for the spring and early summer months. Even though model performance based on RN_RMSE
was <10% (Table 8), except for the prediction model for CO2concentration, the aforementioned results based on the prediction
models needed further validation through additional field studies.
Additionally, the model performances could be further improved.
For example, the discrepancy in the heating energy model related
to the poorly predicted peaks (Fig. 7c) might have been corrected if
more information about the HVAC was provided, such as the supply water temperature or the water flow to the reheaters. The discrepancy could also be related to the model’s lack of ability to
describe the feedback effect of previous indoor temperature on
the present inlet temperature setpoint. For example, autoregressive models [72] could describe the aforementioned properties between the variables while maintaining the model properties
as physically interpretable [73].

Most studies on OVS (e.g., [20,66–68]) have demonstrated how
occupant votes can be used for creating group-based or individual
personalised comfort models that can be integrated into the HVAC
control loop. The benefit of this closed-loop approach is that the
trained models can automatically determine and deploy setpoints
in the HVAC controller without involving the building operation
manager. Furthermore, the trained models can also be automatically updated and improved according to changes in, e.g., occupants’ behaviour and preferences or outdoor weather conditions.
However, it was neither possible nor feasible in terms of time
and resources to set up such a control loop in the existing BMS
in case study I. This was mostly related to the limited access in setting and getting data from the BMS, which is not uncommon in traditional BMS (e.g., [69]). Instead, the present data-driven approach
addressed this limitation. The data-driven approach could be conducted manually or semi-automatically (e.g., trained models could
be continuously updated as more data was collected), and results
could be presented to the building operation manager, who would
decide whether to implement the proposed control strategy in the
BMS. Data-driven methods, either automatic or manual, can be
rather extensive to establish as it requires an extensive data acquisition and analytic infrastructure [70]. One could argue that manually changing the indoor temperature setpoint and airflow
according to the control strategies in Table 9 and observing their
effect on occupant comfort and energy use based on ad hoc complaints would have provided similar results. Additionally, the manual approach compared to the data-driven approach would not
have required any special skills or knowledge about data analytics,
which is uncommon among building operation managers [13,71].
Future research should address and highlight the actual differences
among the aforementioned approaches.
The results from the data-driven approach were only applicable
for the studied office spaces in case study I and only valid for evaluating whether a change in setpoint or airflow might affect energy

5. Conclusion
The study presented in this paper investigated the validity and
application of occupant votes collected with a tangible OVS
denoted TiAQ (Thermal and Indoor Air Quality feedback) for evaluating occupants’ comfort with the thermal environment and
indoor air quality in office spaces. The findings suggested that
votes collected with TiAQ were helpful to determine the indoor
temperature and airflow levels that occupants perceived as comfortable or as too warm or too cold. However, the study demonstrated that the collected votes were not reliable to evaluate
occupants’ local thermal discomfort with draught or the dissatisfaction and satisfaction with indoor air quality. Nevertheless, the
thermal votes were used in performance monitoring for identifying
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problematic operational settings (e.g., poorly set indoor temperature setpoint) and appropriate operational settings (e.g., lowering
the indoor temperature in the mornings). Collected votes along
with IEQ measurements were used to identify that energy savings
of up to 46% and improvements of occupant comfort with 6% were
achievable by reducing airflow and lowering indoor temperature
setpoint in one of the case buildings. The validity and reliability
of occupant votes depended on the strength of variation in indoor
environmental variables. Consequently, future studies using OVS in
mechanically ventilated office buildings need to be conducted over
a long period (at least 30 days) or at least introduce interventions
to create high variations in indoor conditions and occupants’ voting patterns.
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