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Programmable thermostats with frequent schedule overrides (i.e., “holds”) are widely assumed to be detrimental to potential energy
savings. We explored whether this assumption generalized to a population of smart thermostats using a longitudinal dataset of 20,000
devices from a single manufacturer. We observed a majority of devices were infrequently overridden, most often to less energy-
efficient setpoints; nonetheless, the short duration of each override resulted in minimal increase in energy use. When we instead
looked at the minority of thermostats consistently overridden (accounting for approximately 12% of the thermostats), we observed that
a large fraction were being repeatedly manually adjusted, but often in an energy saving manner yielding energy performance on par
with rarely overridden thermostats. Only the consistently overridden but infrequently adjusted population of thermostats showed poor
energy performance, but these accounted for less than 5% of thermostats with energy performance roughly 2% worse on heating and
4% worse on cooling than the remaining population. While there may be effective ways to modify thermostat user interfaces to
dissuade users from long-duration energy-inefficient hold settings, we conclude from our study of smart thermostats that user holding
behavior may not be as detrimental to collective energy savings as commonly believed.

Introduction

Programmable thermostats have been seen as an ideal solu-
tion to a common problem; reducing energy consumption
without affecting comfort (US Department of Energy 2017;
Natural Resources Canada 2015). By allowing the thermo-
stats to follow a programmed schedule that captures unoccu-
pied or dormant periods in the home, temperature setpoints
can be set back (or set up) at times when occupants will not
notice. Substantial savings (over 30%) was estimated from
applying these schedules (Moon and Han 2011). However,
when installed programmable thermostats were evaluated, it
became clear that the homes with programmable thermostats
were often not saving or even spending more compared to
homes using a non-programmable thermostat (Pritoni et al.
2015; Peffer et al. 2011; Nevius and Pigg 2000).

The savings from a thermostat are directly related to how
the thermostat is used by the user and are not achieved

simply from the installation of the device. Researchers inves-
tigated why there were drastic differences between results in
the field and their initial expectations. Peffer et al. (2011;
2013) identified that poor usability was a common problem
that led to sub-optimal operation. Alternatively for many
users, schedules did not regularly provide savings potential
because the occupancy of the homes never changed or was
too sporadic to be scheduled (Nevius and Pigg 2000; Pritoni
et al. 2015). Finally, several studies observed that large frac-
tions of the sample population (30-50%) had their thermostat
manually overridden. The overrides prevented even a properly
programmed schedule from adjusting setpoint temperatures
(Pritoni et al. 2015; Lopes and Agnew 2010; Sachs et al.
2012; Peffer et al. 2011, 2013). Additionally, the overrides
were observed to be set to maintain comfortable temperatures
and not to lower-energy setpoints (Sachs et al. 2012).

While the dialog around thermostat overrides appears
damning, other factors should be considered. First, the major-
ity of the investigations were limited by the available methods.
The studies often relied on self-reported survey data (Sachs
et al. 2012; Pritoni et al. 2015) that often gave conflicting
answers. Furthermore, the researchers relied on proxy infor-
mation such as temperature and runtimes to be able to infer
overriding behaviors over short observation windows or on
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small samples (Sachs et al. 2012). Second, the schedule over-
rides were observed to be brief (Sachs et al. 2012) so over the
long term the effects on energy efficiency might be minimal.
Finally, users were found to often keep a similar control strat-
egy to the one they used when managing their previous ther-
mostats (Nevius and Pigg 2000). This finding indicates that
individuals familiar with actively managing a static setpoint
based on their occupancy may not require a schedule. Perhaps
then the resulting narrative regarding schedule override behav-
ior and energy-saving potential remains incomplete or more
nuanced than previously discussed – requiring better visibility
into a large population and high-quality human-thermostat-
interaction data to be fully understood.

Programmable thermostats have continued to have wide
market adoption with recent estimates indicating nearly 60%
of homes have them installed (Energy Information
Administration 2015). Programmable thermostats remain the
specified requirement in energy savings guidelines
(International Code Council 2015). However, a new class of
thermostats, smart thermostats (ST), have entered the mar-
ket. While still being a relatively recent technology, adoption
has been quick. Forecasts have shown that STs will be
installed in over 40 million homes in the U.S. by 2020
(Parks Associates 2017). These new devices, through their
continual transmission of data, can provide new insights into
the operation of thermostats by residential customers. For
example, because of access to ST data, analyses have been
possible on equipment runtimes (Touchie and Siegel 2018),
motion/occupancy (Huchuk, Sanner, and O’Brien 2019), and
setpoints over multiple years of observation (Huchuk,
O’Brien, and Sanner 2018). These analyses for program-
mable thermostats would have been extremely challenging
to implement and required sacrifices to study populations,
duration, or geographic regions.

This article is the first to explore a large-scale dataset
(exceeding 20,000 households of runtime and temperature
data) to quantify the effects of holds and to conduct a
nuanced analysis of user types and behaviors. The overall
objective and key contribution of this paper is to understand
if the override behaviors of ST users (based on a particular
manufacture) are as detrimental to energy usage as the
observations made previously on programmable thermostat
users (Sachs et al. 2012; Nevius and Pigg 2000). In particu-
lar, the data from STs allow us to answer the following
questions that inform this understanding:

Q1 What is the frequency of overrides by the entire sample?

Q2 Are there different types of user override behavior?

Q3 What are the energy impacts for each behavior type?

Q4 Are there potential mitigation techniques to reduce the
frequency or length of overrides, or is it necessary to
mitigate hold behavior at all?

This paper explores those four questions utilizing a large,
open dataset containing multiple years of data for a single
manufacturer of STs. The remainder of the paper is structured

as follows. First (in Approach and data overview) we present
an overview of the method and dataset, how data selection was
conducted, and high-level summary statistics that addresses
Q1. The section further motivates specific explorations. The
following section (Exploratory analysis) explores the different
overriding behaviors of ST users and addresses Q2. Next (The
impacts of overrides), specifically quantifies the relative
effects and energy impacts as a result of the behaviors of vari-
ous user behavior types identified (Q3). We use the Mitigation
strategies section to discuss the potential predictability and
mitigation of the thermostat overrides (Q4) before outlining
the limitations of this study (Discussion of limitations). Finally
in the last section (Conclusions and future work), the main
conclusions and future directions are presented.

Approach and data overview

Our study was conducted on an open dataset from the Donate
Your Data (DYD) program administered by the ST manufac-
turer ecobee (ecobee Inc. 2018). We selected a subset of
households who met minimum data length requirements and
possessed specific equipment configurations (Thermostat
selection). Using the selected sample of thermostats, we
explored the behaviors over the entire sample (Schedule over-
rides) before breaking users down into further user types (The
ratio of time in a schedule override and Frequency of override
initialization or adjustment). The single infrequent-utilization
user type was used to better understand how hold behavior is
dependent on season, time of day, and outside temperature
(Contextual factors to override behaviors). These investiga-
tions lead to the conclusion that the prediction of holds for the
infrequent user type is difficult due to lack of consistent pat-
terns, which makes hold preemption strategies difficult to
apply (Mitigation strategies). But this brings us back to ques-
tion of whether preemption or holds prevention strategies are
necessary (i.e., how much energy loss is due to existing behav-
iors)? The remaining investigation of the article then, is where
we quantify the runtime impacts of different hold behaviors
(The impact of overrides).

Thermostat selection

The DYD dataset was made up of over 70,000 thermostats,
found predominately in North America, with up to three
years of measurements. The dataset had five generations of
devices, with the oldest released in 2008 and the most recent
released in 2017. The dataset consists of data both measured
and saved in the cloud by the thermostat and user-provided
metadata regarding the building (e.g., age of home, size of
home, number of stories, etc.). Measurements made by the
thermostat were recorded at five-minute intervals. The
records include temperature, HVAC equipment runtimes, set-
points, motion, and schedule overrides. Specific information
such as thermostat or sensor placement in the home are not
provided. Previous work has provided more documentation
and characterization of the dataset (Huchuk, O’Brien, and
Sanner 2018; Touchie and Siegel 2018).
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Our investigation considered a subset of the thermostats
in the data. The thermostat sample was limited to those
whose listed household was only associated to one thermo-
stat, that had over 300 days of data, and was active past
August 1, 2018. Thermostats with a heat pump were
excluded because their uncertain equipment configurations in
heating seasons (i.e., compressor and auxiliary heating) and
variable coefficient of performance exclude them from later
runtime-based analyses. This screening narrowed the avail-
able sample down to 23,624 thermostats which henceforth
will be considered the complete sample of devices (S1).

Schedule overrides

The thermostats from this particular manufacturer (ecobee)
allow users to program a schedule with a different set of
timings and setpoints each day. If a user has not pro-
grammed a schedule the thermostat is defaulted to a “sleep”
and “home” period each day based on predefined default
start and end times. Each scheduled period on the thermostat
(i.e., sleep, home, away, or a custom one) is associated with
both heating and cooling setpoints. Left alone by the user, a
thermostat follows the setpoints associated with the period at
the current time in the schedule – the standard behavior of
any programmable thermostat. The STs in this dataset have
additional reactive “smart” setpoint features. For example,

when anticipating setpoint changes located in the schedule,
the setpoints are adjusted to smooth transitions so the house-
hold is at the correct temperature at the time of the schedule
change. Additionally, modest adjustments (within a couple
of degrees) to the scheduled setpoints can be made on per-
ceived occupancy or absence on some generations of devi-
ces. The occupancy state of the home is determined by the
motion sensors both on the thermostat and located around
the home in paired remote sensors. All of these feature-
actions were marked in the interval data.

Users are able to override the schedule (which often col-
loquially is referred to as a “hold”) on their thermostat only
when the thermostat is in an active system mode (i.e., heat-
ing, cooling, or auto) and not turned off. The action can
come from an intervention on the thermostat, through a
mobile device, using the Web portal, through voice assis-
tants, or other third-party integrations (e.g., with a registered
app). With this dataset, it was not possible to tell the method
by which the thermostat override was initiated. The interval
data simply indicates that a hold was applied and the set-
point values indicated the new temperature setpoints being
controlled against. The interval data indicated a hold was in
place over each of the five-minute intervals until it was
removed. During the override’s duration, other smart fea-
tures are prevented from operating and the thermostat cannot
adjust its setpoints based on the schedule.

Fig. 1. Data from a single thermostat over a two-week period. Setpoint, control (based on weighted averages of sensors), and outdoor
temperatures are shown (top) along with variation between remote sensor and thermostat temperatures (middle) and motion state within
the home (bottom). Nine schedule overrides are indicated on each plot by the under-laid boxes (red).
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The duration of a hold is based both on user behaviors
and the preferences by which the thermostat has been con-
figured. While a user is able to remove a hold at any time,
thermostats from this manufacturer are configured to remain
overridden for a predefined duration. The options include:
(i) a two-hour duration, (ii) a four-hour duration, (iii) until
the next scheduled period, (iv) indefinite (the default option),
or (v) to be prompted with the choice of behavior (from the
previously listed options) each time a hold is initiated or
adjusted. The user-defined preference was not included in
the DYD program’s dataset and could be changed at any
time by the user as part of the thermostat configuration.
Without a reliable source for the user preference on duration,
analyses of the reason for canceling a hold or the duration
of an individual hold were not considered.

Figure 1 illustrates a pattern of overrides for a single ther-
mostat’s two-week period. This thermostat was placed into a
hold nine times. The conditions at which the holds were set
and the specific characteristics (i.e., selected setpoints and
durations) of the holds are varied. The thermostat setpoints
(top plot) are adjusted in both positive and negative direc-
tions, the overrides appear to be of differing lengths, at dif-
fering outdoor temperatures (top, secondary y-axis), indoor
temperatures (middle), and with varying motion patterns
(bottom) near the time of the hold being applied. The diver-
sity of conditions when the holds are set on a single thermo-
stat foreshadows the challenges in predicting when a hold
was initiated across the sample; discussed in the section enti-
tled Contextual factors to override behaviors.

To address Q1, a smaller selection of thermostats that
had data over all of 2017 was selected from S1. At each
five-minute timestamp the event status of every device in
the sample was mapped to one of four states: (i) hold indi-
cating an override, (ii) no event indicating the thermostat
was operating just on the schedule, (iii) other/custom indi-
cating an event other than an override by manual adjustment
(i.e., smart features, utility events, or vacations), and (iv)
unknown indicating data was missing. Figure 2 shows the
fraction of the sample population in each state at each
time interval.

Overall the fractions of each state are relatively stable.
The spike in March is the result of many thermostats coming

offline together. This was because of a widespread service
issue by the entire sample. Missing data can be attributed to
many factors that, unfortunately, are all indistinguishable
from each other given the data. Common reasons for lost
data include WiFi-connectivity issues within the home, dis-
rupted electricity in the area, and occasionally Internet ser-
vice provider outages in an area. Potentially the data could,
in this observed spike, be missing due to server-side issues
from the manufacturer given that it was so wide-spread.
Typically, missing data observations for a thermostat are
seen as short-duration anomalies (less than an hour) though
longer events are seen. During any Internet-based outages,
the thermostats would have continued to function.

Figure 2 indicates about 60% of the population consist-
ently relied on a schedule (either programmed or default).
Approximately 5% of the sampled population had missing
data at any time resulting in an unknown state. Interestingly,
it appears that roughly 30% to 35% of the population was
engaged in a hold at any time. This value is on the lower
end of the estimate range from studies on programmable
thermostats (Pritoni et al. 2015; Peffer et al. 2011), but simi-
lar to some utility evaluations (Schellenberg, Lemarchand,
and Wein 2017). Unlike those studies, Figure 2 shows that
the fraction of people in a hold remains fairly constant over
a calendar year. Small variations in the magnitudes can be
seen occurring at a daily frequency which motivates the idea
(Contextual factors to override behaviors) that there are con-
sistent trends dictating when people adjust their overrides
during a day.

Exploratory analysis

Addressing Q2 requires a more detailed analysis of the
available longitudinal data than was needed for answering
Q1. Specifically, we want to know the amount of time indi-
vidual thermostats are overridden (The ratio of time in a
schedule override), and the frequency that prolonged holds
(Frequency of override initialization or adjustment) are initi-
ated or adjusted. Finally, we explore the contextual elements
present at the time of a hold action (Contextual factors to

Fig. 2. The fraction of thermostats in hold, no event, other/custom and unknown system states for a sample of thermostats online over
all of 2017 (n¼ 12,627).
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override behaviors) to try and understand the factors contri-
buting to the initializing or adjusting of holds.

The ratio of time in a schedule override

While the fraction of the population in a hold at any time
(similar to Figure 2 viewed at only a single timestamp) has
often been the measurement made by previous studies
(Pritoni et al. 2015; Peffer et al. 2011), the cumulative
amount of time spent in an override is also important. Time
spent in an override begins to illustrate differing user types,
based on their preferred control strategy, in a way that the
previous observational data did not natively capture. For
example, are the number of people in an override at any
given time the result of the same individuals putting their
thermostat in a hold, or are a large number of people adjust-
ing their thermostat in and out of a hold? In the literature,
surveys have previously been employed to determine and
separate the general control method employed by users with
their thermostats. In the Residential Energy Consumption
Survey (Energy Information Administration 2015), users are
asked if their heating behavior is to “set one temperature
and leave it there most of the time”. Unfortunately relying
on surveys leaves responses subject to personal interpretation
and self-reporting accuracy. Pritoni et al. (2015) observed
that 50% of users found to be using a hold had claimed to
be using a scheduled program. Given the interval data for
each ST, however, it was possible to accurately quantify the
time in a hold. For a given thermostat, the fraction of time
in a hold was calculated as the ratio of the number of time-
steps in a hold over the total number of logged timesteps.

The fraction of time was calculated for all of the thermo-
stats in our sample S1. The resulting distribution of ratios is
shown in Figure 3. The median fraction of time in a hold
for the sample is 21%. Approximately 12% of users were in
a hold 85% of the time or more, and are referred to as fre-
quent holders. Meanwhile, 55% of thermostats were in a
hold for 25% of the time or less. These users will be
referred to as infrequent holders.

Frequency of override initialization or adjustment

The frequency of adjustments to a thermostat into or in a
hold was of interest as it indicates how active a user is in
their thermostats operation. For example, two thermostats

which spent 90% of the observation time in a hold are
shown in Figure 4. One thermostat, Figure 4(a), was kept at
a single heating and cooling setpoint over the observation
window; the other (Figure 4(b)) had the setpoints adjusted
actively. We classified both thermostat users as frequent
holders, yet the behaviors imply very different users and
control decisions. The motion (bottom of figure) detected by
the thermostat and sensors in Figure 4(b) had very repeat-
able patterns while the observed motion of the first thermo-
stat had a less defined pattern. The user(s) of the second
thermostat (Figure 4(b)) appears to have decided to actively
actuate the setpoints similarly to a scheduled program. The
user(s) in Figure 4(a) may have felt their occupancy was too
random or that they never were away long enough to justify
the adjustments to their setpoints. The method these two
users chose to manage their times in holds would result in
very different energy implications (Peffer et al. 2013; Moon
and Han 2011).

A new metric was used to quantify the frequency of set-
ting (or changing) a hold each day. The number of initiated
or adjusted holds were counted for each thermostat in the
population S1. Holds being initialized or adjusted were iden-
tified based on changes to the thermostat setpoints during
labeled overrides. The holds that lasted only one timestep
were not counted as they most likely represented either a
transitional state between two setpoints or a mistaken input
by the user. For each day and each thermostat, the number
of holds was counted and the average of all days taken for
a thermostat.

The average daily number of holds being initiated or
adjusted is shown as a distribution in Figure 5. The median
value of 0.53 holds per day implies that not many adjust-
ments were made across the population each day. The low
number of interactions is consistent with the low fraction of
time spent in a hold by a majority of the population seen in
Figure 3.

Figure 6 shows the same distribution as Figure 5 with
only thermostats identified as frequent holders. For this
group, the median value of holds being set per day is con-
siderably higher at 1.3. This indicates a large portion of the
frequent holders were regularly adjusting their thermostats
and not simply remaining in long and potentially ineffi-
cient setpoints.

Fig. 3. For each thermostat in our sample S1, the distribution of the fraction of time spent in a hold (n¼ 23,624). The defined infre-
quent and frequent holder groups are shown on the distribution.
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(a)

(b)

Fig. 4. Two thermostats who both appear in holds more than 90% of the time but with (a) users who do not adjust the setpoints and
(b) users who are actively managing their comfort/climate. For each thermostat, indoor and outdoor temperatures (top and middle) plots
in addition to the motion state across the home (bottom) are shown.
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Contextual factors to override behaviors

The above analyses have dealt with how the schedule over-
rides were being used by our population of thermostat users,
but it remains unclear if the users of these thermostats were
consistent in their behaviors for setting the overrides. For
example, was a certain and specific set of conditions causing
the actions? If users are predictable in their behavior, it
would be possible to automate a response from the thermo-
stat, unique to each user(s), that could mitigate potentially
energy-intensive behaviors and answer Q4. The following
sections examine potential patterns in when thermostat
schedules were being overridden. We selected three varia-
bles to investigate: time of day, time of year, and outdoor
temperature conditions.

Thermostats that were predominantly in a hold were not
ideal candidates for this part of the study. The behavior of
being predominately in a hold indicates the user was utiliz-
ing holds as their predominant control method and not as an
override to their existing schedule. The analysis was per-
formed only on the infrequent holders population (i.e., ther-
mostats who were in a hold for a quarter of the time
or less).

Time of day
The first considered variable was the time of day. Figure
7(a) show the fraction of the holds initiated or adjusted by

the infrequent holders for every hour of the day. Figure 7(b)
shows the distributions for four randomly selected thermo-
stats. Figure 7(a) and the sub-figures of Figure 7(b) show
the fraction of holds normalized over the 24 hours of a day.
For the aggregated group of infrequent holders (Figure 7(a)),
few holds were initiated early in the morning (i.e., before
07:00). In contrast, most of the overrides appear to be initi-
ated or adjusted in the evening. This pattern of low hold
rates in the early hours of the day and higher rates in the
evening seems logical — assuming that conscious and pre-
sent occupants would be setting holds. Unfortunately
ground-truth occupancy data was not available to compare
against and only certain generations of devices contained in
the DYD dataset have embedded PIR sensors to measure
motion. Previous analysis had shown relatively stable fre-
quency of overrides across different smart thermostat popu-
lations based on time of day (Schellenberg, Lemarchand,
and Wein 2017). However, that analysis did not separate
infrequent holders and was conducted on groups of users
who had participated in a utility rebate program.

The consistent and generally expected behaviors of the
users are seen less in the individual thermostats (Figure
7(b)). None of these example thermostats appear to follow
the trends of the aggregated group for all hours of the day
meaning a global model would not translate well to all users.
Meanwhile, generating an individual model based on time of

Fig. 5. Daily average number of holds which lasted more than five minutes for the sample S1 (n¼ 23,624). The median value of 0.53
is indicated by a dashed line.

Fig. 6. The average number of holds set per day for individuals who were in a hold more than 0.85 of the time (i.e., frequent holders,
n¼ 2,831). The median value of 1.3 is shown with a dashed line.
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day may be informative for some users who have times of
day where a hold would be unexpected (e.g., second
example from the top of Figure 7(b)), but it would not be
useful for other users who have little variation based on the
hour of the day.

Time of year
The distinction in behaviors based on the time of year has not
been thoroughly investigated by others because of a lack of
observational studies over a calendar year or more. Figure 8
shows the fraction of holds initiated or adjusted each month
for the infrequent holder population. Values were normal-
ized by calendar month for the individual user to avoid dis-
crepancies with users who had more than a calendar year of
data. The highest fractions of time in holds appear in typical
cooling (June, July, and August) and heating months
(December and January). The lowest rates appear in the
spring and autumn (April, September, and October). It is
postulated that with the more moderate temperatures associ-
ated with the shoulder seasons, users are less dependent on
mechanical space condition in maintaining acceptable ther-
mal conditions and less prone to initiate holds. During
shoulder seasons, systems are also more likely to be turned
off and it is not possible to initiate or adjust a hold on
these devices.

Outdoor temperature
Outdoor temperature and associated comfort were expected
to show some connection to the initiating or adjusting of a
thermostat override. Each thermostat in the DYD dataset had
outdoor temperature provided from a local weather station.
For the thermostats in the infrequent holder population, the
outdoor temperatures were binned in 2�C increments along
with absorbing bins below �15�C and above 35�C.
Thermostats were grouped by their state or province to
account for similar outdoor conditions and potential prefer-
ence adaptations. For each thermostat, the frequency in each
bin was normalized to prevent infrequent temperature bins
(i.e., extreme high and low temperatures) from being under-
represented against more common moderate outdoor
temperatures.

The fraction of holds in each temperature bin is shown in
Figure 9 for the 10 most frequent state and provinces in the
infrequent holder population. Each region shares a similar
decrease in frequency around the 13-18�C temperature
range. The relative increase in frequency on each side would
be a response to entering heating and cooling season temper-
atures. Each of these geographical regions appears to have a
steady increase in holds being initiated or adjusted as tem-
perature increase into the low to mid 20’s. It is speculated
that as temperature increases along with potential discom-
fort, people are choosing to set more holds.

Fig. 7. Fraction of holds initiated or adjusted by the infrequent holder population based on hour of day. The top plot (a) shows the dis-
tribution for the entire group. The four figures below (b) show examples for four thermostats randomly selected thermostats from the
sample. For each plot, the sum of all hours equals one.
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Thermostats in warm climates (Florida, California, and
Texas), were overridden as temperatures got below 10�C.
Users in California and Florida quickly set increasing num-
bers of holds as temperatures began to fall. Nearly all holds
were initiated before the temperature had even gone below
0�C. In comparison, residents in TX were much slower in
their reactions and have increased rates of hold initiation
until around �3�C. Users in these three states appear distinct
to the other, typically colder, states which could imply dif-
ferent regional expectations and control strategies.

The hold-related behavior patterns explored above high-
lighted their diverse nature. While some users manage their
thermostat with singular prolonged holds, many elected to
frequently manually adjust a prolonged hold. For those users
who rather rely on utilizing holds infrequently, the context-
ual information of their actions showed time of day, time of
year, and external temperatures to have some effect on
aggregate. However, on the individual level the relations
appear less definitive.

The impact of overrides

We have managed to show that hold-related behavior of
thermostat users are typically complicated and diverse. The
question (Q3) remains of what the actual impacts of these
overrides are in terms of equipment runtimes and, by exten-
sion, energy. Two different methods were attempted to quan-
tify impacts. The first method asks if we could
counterfactually1 compute the energy usage of a household
if they never initiated a hold, “how much energy savings
would they have used?” This counterfactual method captures
the absolute effects of the offsets in setpoint temperature,
but does not directly translate to effects on runtime; it also
was only applicable to infrequent holders. The second
method, derived from the Energy Star connected thermostat
metric (Environmental Protection Environmental Protection
Agency 2016), was more universally applicable and esti-
mated the effect of setpoints on equipment runtime against a
fictitious personalized static baseline temperature. This
approach captures relative changes between user groups but

does not capture the real deviation from their own schedules.
Both methods are merely estimates of the effects of over-
rides and actually getting a ground-truth to the energy usage
on an individual thermostat level is impossible as it would
require testing two situations in a home at a given time.

Counterfactual estimation of setpoint behavior

For the group of infrequent holders, their logged data had
long periods where no holds were in place. Using these
available periods, we produced a counterfactual estimate for
what the setpoint temperatures may have been had an over-
ride not been applied. For each month, and each schedule
period (e.g., home, sleep, custom, etc.) a different counter-
factual value was calculated. The counterfactual setpoint for
each month/schedule combination was assumed to be the
most frequent setpoint (both heating and cooling) under that
combination but when not in a hold. This assumption is not
without potential issues. For example, a behavior change
may have occurred that resulted in completely new setpoint
preferences from the beginning to the end of the month.
However, utilizing smaller windows of time could lead to
more periods where a counterfactual baseline may not
be available.

The days of data for each thermostat were split into heat-
ing and cooling seasons to more easily separate changes to
the heating and cooling setpoints. Days were classified using
the same approach as the Energy Star connected thermostats
specification (Environmental Protection Environmental
Protection Agency 2016). The connected thermostat metric
classifies days as either in core heating or core cooling. A
day that falls into neither category (e.g., days the thermostat
was completely off) is excluded from further analysis. A
core day is defined as having 30minutes or more of equip-
ment runtime for the appropriate system and zero minutes of
the other runtime. For each thermostat, and for each core
day, the difference between the actual heating or cooling set-
point and the counterfactual setpoint at each timestep while
a hold was in effect was taken. The median of these tem-
perature differences was taken per thermostat. Figure 10
shows the median temperature difference between actual and
counterfactual (i.e., our assumed what would have been
scenario) setpoint per thermostat for heating (top) and cool-
ing (bottom) days. The solid colored lines in each figure

Fig. 8. The frequency at which overrides were set or adjusted for each month of the year for the infrequent holder population.

1Defined as what the setpoints would have been had the thermostat not
been overridden.
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indicates the median value of the distributions. The spikes
are a result of the precision of the thermostat and their loca-
tion on both plots are a remnant from the conversion of tem-
peratures from a predominantly Fahrenheit-utilizing
population to Celsius. The heating and cooling distributions
are shifted on either side of zero, with heating being gener-
ally positive and cooling generally negative. This indicates
predominantly comfort-driven actions in which thermostat
settings were adjusted to more energy-intensive setpoints; a
similar finding in earlier programmable thermostat studies
(Sachs et al. 2012). The median value of the heating setpoint
difference is about 0.85 �C while the magnitude of the cool-
ing difference is about 0.55 �C.

To better quantify and relate to the effects of the cumula-
tive holds by the infrequent holders, the relative offset based
on the counterfactual setpoints was translated into degree-
hours per day. The degree-hours were found by summing
the setpoint difference of each timestep when a hold was
overriding the thermostat schedule and normalizing timesteps
to hours by dividing by 12 (i.e., the number of timesteps
each hour). The summation of these degree-hours was div-
ided by the number of heating and cooling days for each
thermostat respectively. The distributions for the average
number of degree-hours offset for both heating and cooling
are shown in Figure 11. The median number of degree-hours
for both heating (left) and cooling (right) are 0.05 and
�0.05 respectively. Both median values were found to be
statistically different than zero (p-values < 0.0001). Similar
to the offsets reported in Figure 10, the directionality indi-
cates less efficient setpoints being used in both circumstan-
ces. Utilizing holds for comfort considerations
predominately was similarly observed by Sachs et al. (2012).
For comparison, a 3 �C set back for 8 hours a day is
expected to save over 5% of heating energy (US Department
of Energy 2017). Meanwhile 0.05 degree-hours per day
would be an effect of 0.15 �C for 8 hours a day, or a change
of only 0.3% to heating energy per year. The effects of these
holds are then much smaller on average than even a moder-
ate repeated schedule set back. Assuming that the heating
and cooling loads are linearly proportional to the degree-
hours (Kissock, Haberl, and Claridge 2002), the energy
effects for a single thermostat may be minimal; however,

when evaluated across a population, it could still have appre-
ciable negative energy ramifications.

Runtime savings estimation

While the counterfactual approach worked for the infrequent
holders, it was not appropriate for those thermostats who
were predominantly in a hold and whom a counterfactual
setpoint could not be easily ascertained. As such, the same
counterfactual method could not be used with the frequent
holder group. To compare the frequent and infrequent hold-
ers required another method.

The Environmental Protection Agency’s Energy Star specifi-
cation for connected thermostats (Environmental Protection
Environmental Protection Agency 2016) was designed to assess
the runtime savings of connected thermostats (similar to smart
thermostats) from different manufacturers. The metric bases
savings on how a thermostat is able to be operated with set-
points away from a personalized comfort temperature. The
comfort temperatures are assumed to be what a traditional non-
programmable thermostat would have manually been set to
control against. The comfort temperatures are defined individu-
ally for each thermostat as the 90th and 10th percentiles of
indoor temperatures on core heating and core cooling days
respectively. The runtime difference between the modeled
amount of runtime when keeping the home at the comfort tem-
perature and the measured runtime, which was based on all of
the overrides, is deemed as savings a smart or connected
thermostat was able to provide.

A model was trained for each thermostat and heating and
cooling seasons independently. The runtime model calcu-
lated the ratio (a) between actual runtime and the thermal
demand. As an example in the heating season (denoted by
subscript h), for each core heating day d and each hour n
the temperature difference between indoor and outdoor tem-
peratures was calculated using Equation 1.

DTd, n ¼ Tindoord, n�Toutdoord, n (1)

Since the interval data from the DYD dataset was in five-
minute intervals, the average of the hourly indoor tempera-
ture each hour was taken. Next, the hourly DT values were
used for calculating the daily heating thermal demand
(DHTD) for each day d as in Equation 2.

Fig. 10. Distribution of the median relative offsets (i.e., difference between actual and counterfactual value) for heating (top) and cool-
ing (bottom) setpoints for the infrequent holders. For each plot the median value is indicated by the solid vertical line.
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DHTDd ¼
X24

n¼1
max DTd, n � sh, 0ð Þ

24
(2)

The heating balance point (sh) value in Equation 2 is the
difference between indoor and outdoor temperatures associ-
ated with a DHTD of zero (i.e., no runtime). It represents
the self-heating effects found in homes. Finally, the heating
thermal demand was calculated according to Equation 3 in
which each heating day d all core heating days (D) are
utilized.

ah ¼
XD

d¼1
Runtimed

XD

d¼1
DHTDd

(3)

The implemented open-source software package (US
Department of Energy 2019) found the appropriate sh and
by extension ah for each thermostat’s model by iteratively
minimizing the sum-squared error between actual and pre-
dicted runtime. Once fit, the module was able to calculate
the baseline temperature deltas (DTbased, n ) using that thermo-
stat’s unique heating comfort temperature as opposed to the
indoor hourly temperature. With the baseline temperature
differences, the baseline DHTD values were determined. The
base DHTD was used to estimate runtime by multiplying by
the ah. A similar methodology was applied to cooling season
data which resulted in cooling equivalents to all the calcu-
lated values. The software module automatically determined
core days for each thermostat based on the runtime. The
classification of days was based on the same previously
used runtime-based definitions (Counterfactual estimation of
setpoint behavior).

We restricted the sample of thermostats to those from S1
that were located in Ontario, Canada. This was done to
reduce climate variability and to remove the need to normal-
ize savings results by energy usage in each Building
America climate zone as prescribed by the module/standard.
From the thermostats in Ontario who possessed only single-
stage heating and cooling (a requirement of the metric),
1500 thermostats were sampled; the same as the sample
specified by the Environmental Protection Agency. Each
thermostat had all of its available data reformatted to be of a

form readable by the software module. The software module
typically requires a valid American zip code to be able to
map to a weather station. The open source code was modi-
fied to be able to use the temperature data provided in the
DYD dataset. Following the result of the module for each
thermostat, thermostats were filtered based on the same
screening criteria as specified by the standard. The filtering
was based on the determined balance point temperature (s)
being between 0 and 25�C and the cross-validated root mean
square error being less than 0.6.

After filtering, the remaining thermostats were split into
one of four groups for both heating and cooling seasons
based on their users’ behaviors. The behavior groups were:
� infrequent holds
� frequent holders - frequently adjusted
� frequent holders - rarely adjusted
� diverse holders

Thermostat users in the infrequent holders group had the
same definition as previously used. The infrequent holder
population of thermostat users were the most likely to bene-
fit from any “smart” features enabled and provided by their
thermostat. The frequent holders - frequently adjusted had
an average fraction of time spent in holds greater than or
equal to 0.85 while the average number of daily holds being
set was greater than 1.5. The frequent holders - rarely
adjusted were those users who had the same fraction of time
in a hold as the frequent holds - actively adjusted but who
were setting fewer than 1.5 holds per day. Finally, members
of the population who were not in any of the other three cat-
egories were diverse holders.

Fig. 11. Distribution of degree-hours per day as a result of the hold s as estimated by a counterfactual estimation on the infrequent
holders population for (a) heating and (b) cooling seasons. The median value for each season is indicated by the solid line.

Table 1. Fraction of the Ontario-based population in each
behavior group for cooling and heating seasons. Seasons were
determined by thresholds on cooling and heating runtime.

Group Cooling Heating

infrequent holders 0.53 0.58
diverse holders 0.32 0.31
frequent holders - frequently adjusted 0.09 0.08
frequent holders - rarely adjusted 0.05 0.03
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Table 1 breaks down the fraction of the Ontario-based sam-
ple based on the four groups and the heating and cooling sea-
sons. Fractions of the population in each group for both seasons
remain relatively consistent. The infrequent holders have the
largest divergence with a five percent change between seasons.

Figure 12(a) shows the median heating runtime percent-
age savings for the four user groups. Meanwhile, for the
cooling season, the same metric and breakdown is shown in
Figure 12(b). For each group, the 95% confidence interval
of the median is indicated by a line. Unsurprisingly, the fre-
quent holds - rarely adjusted group appears to have the low-
est savings in both heating and cooling at 5 and 12%
respectively. The long, static holds would provide little vari-
ation in temperature and therefore little savings relative to
the comfort temperature. The magnitude of savings achieved
by the frequent holds - frequently adjusted groups is surpris-
ing. Higher savings from thermostats with frequent overrid-
ing patterns had been observed by Schellenberg,
Lemarchand, and Wein (2017); however, we found that the
users actively managing their thermostats with holds
achieved savings at least of the same level as a relatively
undisturbed thermostat. Based on average energy expendi-
tures for Ontario residential customers (Natural Resources
Canada 2018), the best savers (frequent holders - frequently
adjusted) are estimated to save over 2000 kWh per year, or
about 8% of the average household energy usage in Ontario
(Statistics Canada 2015).

It is important to note that these estimates are not neces-
sarily actual achieved savings by the thermostat. An actual

savings analysis would require more energy usage data and
information regarding previous thermostat installation and
configurations. Regardless, the relative ranking of the user
types by savings is expected to remain consistent while mag-
nitudes of values could be subject to changes should a more
formal measurement and verification process take place.

Based on the comfort temperatures, the average daily run-
time savings potential compared to their calculated comfort
baselines on both heating and cooling days are estimated by
the software. Figure 13(a) and Figure 13(b) show the median
runtime savings for heating and cooling respectively along
with 95% confidence intervals of the median values. Heating
runtime savings are about one-third of the value of cooling
savings which, for the highest savers, is savings of about
20minutes per day.

Mitigation strategies

The previous sections have illustrated that even with recent
ST technology, users still utilize holds in multiple ways and
that there are some consequences to their utilization. How
then might these overrides be better mitigated or
even prevented?

Mitigating the use of holds by users of these thermostats
may be approached differently for each identified user type
used the Runtime savings estimation section. It was found
that users who manage their thermostat with infrequent
adjustment and a near-continuous hold have reduced energy
savings potential compared to the other groups by at least

Fig. 12. Median average daily runtime percentage savings with indicated confidence intervals for Ontario-based thermostats in the four
specific user groups. Savings are based on a regression analysis and comfort temperature baseline for both (a) heating season and (b)
cooling season.

Volume 0, Number 0, Month 2020 13



2%. If this group was to be targeted by the manufacturer
with methods to increase their energy savings, the easiest
solution would be to change the default action from indefin-
ite holds to something shorter in duration. One solution
could be the thermostat providing users a selection of behav-
ior at the time of initializing a hold; an option of which may
include keeping indefinite duration. Ensuring that the indef-
inite duration was a deliberate selection would undoubtedly
reduce the number of individuals in that state. How best to
appropriately message or present these options remains an
open question of investigation. For those individuals in the
frequent holders - frequently adjusted grouping, both their
behaviors and relative energy savings are hard to discourage
as they are effectively managing their devices. However,
they would still potentially benefit from being similarly
prompted and provided an option at the time of hold initial-
ization. One method to encourage manufacturers to adopt a
method of mitigating holds would be through codes or
standard requirements. A similar approach has been taken
with lighting in the Canadian National Energy Code for
Buildings which requires lights to turn off after 20minutes
of vacancy (National Research Council Canada 2011).
Unfortunately, relying solely on a similar occupancy-based
method in homes for removing overrides is risky in residen-
tial applications. Occupancy in homes can be difficult to
accurately know because of the range of activities happening
in a home and low sensor density.

For the two remaining groups (i.e., infrequent and diverse
holder populations), adjustment to the user experience would

be expected to reduce some of the time in a hold and poten-
tially increase savings. Alternatively, if a hold could be pre-
empted and avoided by the thermostat, additional savings
may also be achieved. Inspection of Figures 7–9 suggests
some predictable patterns exist. Unfortunately, in our
attempts to build predictors of a hold event utilizing avail-
able temperature and motion data, the methods failed to
achieve a level of prediction accuracy that was considered
actionable. This could be a result of unpredictable exogen-
ous events, missing measurements of environmental factors
driving the action, or the difficulty in developing a single
model for all occupants in a home.

Discussion of limitations

The usage practices of thermostat users are known to vary
based on their preferences (Nevius and Pigg 2000; Kelsven,
Weber, and Urbatsch 2016) but are also based on usability
of the devices itself (Meier et al. 2011). Inherently the over-
ride behavior exhibited in this sample from a single manu-
facturer will likely not reflect the entire smart thermostat
population. With any similar smart thermostat which is
installed by a similar group of users, there is expected to be
a similar variety of user behaviors (i.e., infrequent holders,
diverse holder, frequent holders-rarely adjusted, and fre-
quent holders-frequently adjusted) though the fractions of
the population for that device may be different. For example,
it has been observed that rates of overrides differed between

Fig. 13. Median average daily runtime savings values with indicated confidence intervals for Ontario-based thermostats in the four spe-
cific user groups based on a regression analysis and comfort temperature baseline for both (a) heating season and (b) cooling season.
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different smart thermostat manufacturers (Apex Analytics
LLC 2016; Schellenberg, Lemarchand, and Wein 2017). As
for the energy impacts of these various groups, these would
be expected to be similar for the same user types in other
thermostats though the overall savings of a devices (i.e., all
groups inclusive) would be affected by the size of
each group.

Conclusions and future work

Understanding how people operate the thermostats in their
homes has been a goal of researchers for decades. The way
by which they utilize a setpoint schedule and potentially
override it has only been shallowly quantified given data
and collection methods available to previous studies.
Furthermore, there is widespread belief that user overrides in
the form of holds are a major problem and a leading cause
of underwhelming programmable thermostat performance.
Now, given the latest generation of smart thermostats (STs),
continuous longitudinal data for thermostat usage is available
to researchers. Hence, our objective in this article was to
analyze this longitudinal data to better dissect the complex
override behaviors of users and to assess the relative energy
impact of these behaviors.

We analyzed an ST population of over 20,000 devices
from the same manufacturer. First, we showed these ST
users have similar levels of time spent in holds compared to
previously observed behavior for programmable thermostats.
However, a deeper analysis showed thermostats were over-
ridden for less time than those previous studies may have
indicated. In observing the potential differing user types,
some ST users did choose to “set and forget” and remain
consistently at a fixed thermostat setting, which resulted in
approximately 2%-4% less savings in heating and cooling
than the other user behavior groups. A considerable fraction
of the population frequently set multiple holds per day — in
essence manually actuating what an automatic schedule may
have done. The effects of holds on runtime savings showed
the behavior of this population of users had minimal impact
on energy usage and actually achieved savings that were
similar or better than the infrequent or varied population of
hold ers (i.e., individuals who mostly left their thermostat
operating on a schedule).

With this behavioral analysis and its energy impact com-
plete, we next considered recommendations to mitigate the
potentially negative energy impact of user holds. Since
accurately predicting individual user hold events from
observable data remains an unsolved problem, this makes it
difficult to consider an effective strategy based on preempt-
ing unreliable predictions of user holds. Thus, given the
observed population distributions for different hold ing
behaviors and their relative energy impacts, simple modifica-
tions to the user interface to discourage energy-inefficient
holds (or decrease their duration) would appear to be the
simplest and most effective mitigation strategy. Any other
strategies may only target a subset of the user population
with substantially less broad impact on energy savings.

Finally, one trivial strategy would simply be to take no
action to mitigate user holds — this could be warranted
given our overall results suggesting user hold behavior is a
relatively minor source of ST energy efficiency.

In future work, several additional questions could be con-
sidered given additional ST data. For example, the question
of duration of a hold was not considered because the pro-
grammed default duration was not known. Alternatively, in a
more structured study, pairing hold data with the ability for
users to say why they had set the override would give
deeper insights to the motivations as to whether they were
purely discomfort-driven or energy motivated; this informa-
tion in turn could potentially could help with prediction and
mitigation efforts. Finally, this analysis only looked at a
family of STs from a single manufacturer. Similar data from
other manufacturers who had potential different strategies
around overrides may highlight the most (or least) effective
approaches at dealing with overrides.
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