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ABSTRACT 
 
 
Buildings account for 40% of energy consumption in the US. Despite all improvements 
in buildings shell, equipment, and design, CO2 emissions from buildings are increasing as 
a result of increased energy consumption. Since occupants spend more than 90% of their 
time indoors, they are inseparable and significant elements of building system dynamics. 
Hence, there is a great potential for energy efficiency in buildings using a wide range of 
programs such as education, intervention, energy feedback, etc. Due to advancement of 
technology and accessibility of high resolution energy consumption data, utility 
companies are enabled to focus on implementing energy feedback programs to induce 
energy efficiency and reduce the peak energy load in the commercial and residential 
sector. In order to better understand various aspects of energy feedback programs, in the 
first chapter of this dissertation, I conduct a comprehensive literature review on the state-
of-the-art energy feedback study methods and identify gaps of knowledge and challenges 
faced by researchers in the field. Accordingly, the future research vision is laid out at the 
intersection of methods and gaps of knowledge used in energy feedback studies and 
future research opportunities and questions are provided. One of the major gaps of 
knowledge I identified in the literature review is the lack of quantitative analyses used to 
investigate the variability of occupant responses to commercial buildings energy 
feedback programs to evaluate the need for targeted and tailored energy feedback 
programs. In the second chapter, I conducted a comprehensive analysis on occupant 
energy-use responses under the influence of a uniform energy feedback program. 
Furthermore, I investigated the effectiveness of notifications on increasing the level of 
engagement of the occupants in these studies. The results supported the existence of a 
variability in responses and engagement level in a uniform energy feedback program 
which may be due to intra-class variability of occupant behavior. In the third chapter, 
based on the established need for a targeted energy feedback program, I investigate the 
predictability of occupant energy consumption behavior and its correlation with energy 
consumption. The results report that 46% of occupants may be good candidates for 
targeted energy feedback programs due to their combination of higher levels of energy-
use and predictability of their energy consumption behavior. 
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1. INTRODUCTION 
 
 
Buildings account for 40% of energy consumption in the U.S. and despite the many 
technological advancements, their energy use and its associated CO2 emission are 
growing at an annual rate of 1% [1]. In the past decade, numerous researchers have tried 
to improve building energy efficiency through core, shell, and equipment improvements. 
Nevertheless, those efforts are not sufficient enough to reduce the amount of emitted CO2 
from the increases in building energy consumption. Hence, there is a clear need to 
leverage all available resources to induce greater energy savings in buildings.  

Occupants are one of the major impacting factors on building energy 
consumption, as they spend more than 90% of their time indoors. Therefore, their 
presence in a building eco-system and their considerable impacts make them valuable 
assets to examine to induce energy efficiency through improvement in their energy-use 
behavior. These behaviors are known as environmentally significant behaviors [2]. More 
precisely, they are a subcategory of environmentally significant behaviors referred to as 
private-sphere environmentalism behavior. This subcategory is defined as a type of 
behavior in the private sphere that focuses on the purchase, use, and disposal of personal 
and household products and equipment with an environmental impact [2]. In this 
dissertation, the main focus, therefore, is on energy consumption usage behavior.  
 As technology enhances further and buildings become more efficient, the role of 
human behavior becomes more critical to help the built environment reach its full energy 
efficiency potential. The percentage of energy consumption that occupants have control 
over (e.g. plug loads) has increased over recent years and become even more important 
when put into highly efficient (e.g. net-zero) building contexts. For example, a study by 
Torcellini et al. [3] compared the actual performance of multiple net-zero buildings to 
their simulated energy models and revealed that underestimating occupants’ behavioral 
impacts on building energy consumption was the main underlying cause of most 
estimated energy use deviations. 

To improve occupant behavior, there has been a significant body of research 
conducted in the past few years on a variety of energy efficiency programs for occupants 
(e.g. education, intervention, workshops, energy feedback, demand-response, etc.). Of all 
these programs, energy feedback—a method to make energy consumption more visible 
and interpretable so occupants will learn and control their energy consumption—has been 
one of the most effective. These programs vary based on the elements they use to design, 
execute, and maintain them. Thus, I decided to conduct a comprehensive literature review 
to better understand the components and methods used in the studies. The first chapter of 
this dissertation, “A Review on Occupant Energy Feedback Programs in Buildings: 
Methods, Challenges, and Opportunities”, focuses on delivering a literature review on 
energy feedback studies to identify gaps in knowledge and research opportunities in the 
field. The following chapters (i.e., 2 and 3) address one of the most important knowledge 
gaps in the literature, namely, targeted energy feedback systems. 

The current state of the art energy feedback program treats all occupants 
uniformly and is designed by using the assumption that the responses of all individuals to 
a specific energy feedback program will be similar. In other words, current feedback 
systems provide the same feedback to all occupants, regardless of their differences. 
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Nevertheless, the most recent findings in this field do support the fact that one size does 
not fit all and there is definite need for a more targeted and tailored feedback program to 
improve occupants’ energy-use behaviors based on their personal needs and 
characteristics.  

 In the second chapter of this dissertation, “One Size Does Not Fit All: 
Establishing the Need for Targeted Eco-Feedback”, I take a quantitative analysis 
approach in order to study occupants’ responses to an energy feedback program. I 
formulate and test various hypotheses to determine whether a targeted feedback program 
can help different stakeholders to maximize the induced energy efficiency in commercial 
buildings. Further, I provide a comprehensive analysis on the impact of notifications sent 
throughout a study on the engagement levels of the occupants in these programs. 

Based on an analysis in the second chapter, one of the main knowledge gaps 
found in the literature is precisely how to determine the actual potential of executing a 
targeted energy feedback program based on predictability and the level of energy 
consumption of building occupants. In other words, occupants can be closely targeted if a 
meaningful and predictable behavioral pattern can be extracted from their energy 
consumption and it characteristics. Furthermore, providing feedback to occupants is most 
effective when they do have an inefficient energy-use behavior. However, providing 
feedback to energy efficient users might not be a cost-effective project. Thus, in the 
chapter titled, “Occupant Workstation Level Energy-use Prediction in Commercial 
Buildings: Developing and Assessing a New Method to Enable Targeted Energy 
Efficiency Programs”, machine learning algorithms are used (i.e. Support Vector 
Machine) to determine individuals’ energy consumption behaviors and assess the 
potential of a targeted energy feedback program at the intersection of energy-use 
behavior predictability and the ongoing level of energy consumption. 
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1. ABSTRACT 
 
Occupants are integral elements of a building ecosystem, and their behavior makes a 
significant difference in the energy consumption of buildings. A wide range of energy 
feedback programs has been developed to make energy consumption more visible and 
interpretable to occupants to help them learn how to control and save energy. Potential 
methodological issues exist in the literature that has led to a fragmented use of research 
methods and also inconsistency in reported results. Lack of a systematic research 
framework for energy feedback studies and an open data platform that allows researchers 
build off of each other’s work may be preventing a more coordinated collaborative effort. 
In this study, we review state- of- the- art energy feedback literature using a 
methodological perspective to determine four major types of research methods used for 
energy feedback: (1) survey, (2) analytics, (3) experiment, and (4) simulation. We 
categorize these studies based on their methods and discuss the advantages of information 
fusion where these four methods intersect. We identify the challenges and gaps in the 
literature, and propose a comprehensive vision for more precise targeted energy feedback 
studies. The proposed a vision providing a clear roadmap for the design, execution, and 
maintenance of future targeted energy feedback studies. Further, this paper delivers the 
necessary considerations and challenges for the different aspects of energy feedback 
studies (e.g., data collection, length of study, sample population, cross cultural and 
climatic differences, response relapse in occupant behaviors). 
 
Keywords: Energy feedback program, Energy efficiency, Occupant behavior, Research 
methods, Research framework 
 
  
2. INTRODUCTION 
 
Commercial and residential buildings account for more than 40% of U.S. energy 
consumption and its associated CO2 emissions [1]. These buildings are homes and work 
environments for people who spend more than 90% of their time indoors [2]. This detail 
suggests a huge energy savings potential through greater promotion of energy efficient 
behavior by building occupants, using a combination of methods, such as education, 



4 
 

energy feedback systems, demand response programs, etc. In fact, occupants can save on 
average 7.4% of their used energy through such energy conservation programs [3]. The 
behaviors targeted in these programs are known as environmentally significant behaviors 
[4]. More precisely, the sub-category of environmentally significant behaviors is called, 
private sphere environmentalism behavior. This subcategory is defined as a type of 
behavior in the private sphere that focuses on the purchase, use, and disposal of personal 
and household products and equipment that have an environmental impact [4]. 

Over the past decade, numerous researchers have conducted innovative research 
on building energy efficiency with a focus on occupant behavior. The effort has led to 
new venues to try and enhance occupant energy efficiency using a wide range of 
programs. Energy feedback programs – one of the most common and effective energy 
efficiency methods [5]- make energy consumption more visible and interpretable for 
occupants, so they can learn and better control their energy consumption [5]. The 
research conducted in the energy feedback area varies from short term [6-8] to long term 
[9-11] (i.e., the length of experiments varies from a few days to 2 years), psychological 
[12, 13] to technological [14] (i.e. experimenting on psychological factors like social 
norms and technological factors like web-based vs. paper-based feedback), and small 
scale [15, 16] to urban scale [17-21] (i.e. examining a sample data population).  

From a methodological viewpoint, these energy feedback studies have been 
tackled from different points of view, including surveys [22-34], energy use analysis (i.e. 
analytics) [35-42], experiments [6, 7, 11, 13, 43-60], simulations [61-66], and in certain 
cases combinations of these methods. Each method, mutually exclusively, investigates an 
important aspect of occupant energy use behavior with the ultimate goal being to develop 
an effective occupant energy feedback program. However, inconsistency of methods and 
currently a rather fragmented body of research [3] suggests a potential methodological 
issue and the need for further review.  

There has been a handful of energy feedback literature review papers published in 
recent years. In a recent work, Delmas et al. [3] conducted a meta-analysis on the existing 
literature to determine the most effective feedback strategies to use for influencing energy 
behaviors. In addition to reporting the effectiveness of real time feedback and 
individualized audits, including higher involvement interventions, their finding suggests 
there is a potentially fundamental methodological issue in the current literature. Their 
work is one of the first to point out the lack of consistency and unity in the methods used 
in energy feedback experiments. This lack of sophisticated research methods, diminish 
energy savings post study and produces a lack of clarity about the research process due to 
simultaneous implementation of various strategies. There is thus a need for further 
methodological investigation into energy feedback experiments. The scope of Delmas et 
al. [3]’s work is limited to field experiment meta-analysis, however, and does not include 
details related to the broader occupant energy feedback methodological issues. 

Therefore, we use Delmas et al. [3] as the point of departure in this paper to 
conduct a comprehensive literature review on the methods currently used to design, 
analyze, and maintain energy feedback. Based on the methods seen in the literature, these 
studies fall into four main categories: (1) surveys (i.e., interviews and questionnaires); (2) 
analytics (i.e., load profiling and clustering, energy use disaggregation, occupancy 
detection, etc.); (3) experiments (i.e., conducting actual experiments to evaluate the 
hypothetical effect of feedback components); and (4) simulations (i.e., imitating real 
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world energy feedback processes based on developed mathematical and stochastic 
models). Further, we identify and categorize those studies that have further exploited the 
data at the intersection of different methods (e.g. Analytics and Survey). Section 2 
discusses the scholarly peer reviewed manuscripts in each category in detail based on 
their methodological differences and acquired information. Section 3 identities the gaps 
in knowledge and categorizes them based on the methodological approaches needed to 
fill these gaps. Section 4 discusses the challenges of occupant energy feedback research 
that have been either widely reported, or ignored in the literature. Finally, Section 5 
proposes a vision to build to address the identified gaps of knowledge and recommends 
useful future venues for further research. 
 
3. METHODS 
 
This paper conducts a thorough literature review to identify the linkages between the 
numerous facets of occupant energy feedback programs. We utilized two complementary 
research strategies to find relevant studies for our analysis. First, we conducted a manual 
search for highly cited (e.g. [5, 10, 18, 21, 44, 67-72]) and literature review papers (e.g. 
[3, 14, 69, 73-84]) that focused on energy feedback research. Then, we traced the papers 
we cited to their aforementioned journal publications to build a comprehensive pool of 
6,113 scholarly peer- reviewed publications. Due to significant advancements in 
technology and major improvements in energy monitoring and feedback resolutions, we 
decided to focus on analyzing the most recent approaches used to conduct energy 
feedback research. Therefore, we mainly concentrated on recent advanced feedback 
methods such as cell-phone based, web- based, in- home display, etc. (published in the 
past few years) in addition to highly cited other feedback studies and literature review 
papers so as to capture the state- of- the art methods used to conduct energy feedback 
research.  

Secondly, we used the Google Scholar search engine to filter the papers based on 
the main keywords used in the field. Following Delams et al. [3], three categories of 
keywords were used to narrow down our publication pool.  

1. Energy- related keywords, such as “energy efficiency”, “energy consumption”, 
energy saving”, “energy conservation”, “energy monitoring”, “building energy 
efficiency”. 

2. Feedback- related keywords, such as “eco feedback”, “feedback”, “In home 
display”, “demand response”, “smart meter”. 

3. Occupant- and building- related keywords. such as “occupant behavior”, 
“household energy consumption”, “residential building”, “commercial building”, 
“residential sector”, “commercial sector”, and “dormitory energy consumption”. 

The 340 papers identified in this search were manually handpicked using a filter for 
publication abstracts. We manually filtered every paper and read its abstract to determine 
whether to read the paper fully in the next step. The measures taken into account to 
approve an abstract were the following: 
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1. It should focus on electricity consumption. Water- and gas- consumption- related 
papers were not considered for this meta-analysis. 

2. It should target either residential, commercial, or university sectors (e.g., 
dormitories). 

3. The paper should evaluate at least a single type of feedback method or human 
behavior that affected feedback studies 

Implementing the aforementioned two- step data collection method resulted in 259 
scholarly peer reviewed conference and journal papers. After reading these 259 journal 
and conference papers, we used the peer review process as a quality filter and thus 
removed the majority of the conference papers. A total of 115 peer- reviewed papers 
were then selected, and analyzed. For the sake of our methodology analysis, we selected 
only 62 peer- reviewed papers via a rigorous methodological review. The main criteria 
for selecting these papers were the sophistication of the methods used in the studies (e.g. 
a combination of different methods, inclusion of a control group in experiments), and the 
originality and contribution of their conclusions to the overall literature. We provide a list 
of the papers used in this study in Appendix 1-A, and the temporal combination of the 
methods used for each study in Appendix 2-B. 
 
3.1. Surveys 
 
Surveys consist of a sample population (e.g., occupants), a method of data collection 
(e.g., interviews and questionnaires), and questions that can be turned into data for 
statistical data analysis. There is a vast body of research that has focused on 
understanding occupants’ behavioral characteristics, attitudes, and similar factors that are 
not fully interpretable using the quantitative data captured by the sensors (e.g., smart 
meters) deployed in buildings. Some of these characteristics are: occupants’ behaviors 
[25-27, 29], perception of energy consumption and information [24, 30], understanding 
of feedback content [22, 31], knowledge of energy efficiency [30, 32], attitude [85], 
awareness of energy consumption [26, 33], literacy [26, 34], motivation [86], 
demographics [30, 87], social and economic information [29, 82, 86], eco feedback and 
in- home displays (IHD). and interface design preferences [21, 31, 34, 71, 86, 88], etc.  

There are various approaches implemented in studies to collect the afore-
mentioned information, which consider both sample size and the targeted information. 
Each approach is suitable for collecting a specific type of information, and that collected 
information ultimately affects the design, execution, and maintenance of these energy 
feedback studies. Interviews and questionnaires are two major survey categories. In- 
person interviews are one of the most comprehensive approaches that are suitable for 
targeting smaller sample sizes and collecting qualitative information. The majority of 
researches incorporating this method [15, 22, 23, 43, 71, 86, 88, 89] focus on 
understanding the underlying occupants’ motivations, interpretations, and preferences, as 
they apply to energy feedback interface design. Feedback platform interface design is 
among the most important elements of such programs, which without a proper 
understanding of the environmental psychology of occupants can be only a redundant and 
ineffective effort [14]. Further, there are only limited studies on using interviews to 
investigate other influencing factors [86, 90].  
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To illustrate, Simcock et al. [24] used interviews to understand the human’s 
perception of energy feedback information. These findings determined that the channel of 
communication, the information source, and the process of communication were the most 
important elements. To the contrary, the majority of the studies focused on capturing 
occupants’ characteristic- related information (e.g. occupant behavior [25-28], lifestyle 
[29], perception of energy consumption and information [24, 30], understanding of 
feedback content [22, 31], knowledge of energy efficiency [30, 32], attitude [85], 
awareness of energy consumption [26, 33], literacy [26, 28, 34], social and economic 
information [28, 29, 82, 86]), incorporated online and paper- based questionnaires. 
Online and paper- based questionnaires facilitate access to a larger population of 
participants and provide the possibility of conducting more structured studies that 
potentially can be leveraged via cross comparisons, classifications, and factor analyses. 
Moreover, questionnaires have been found to provide better data quality and depth when 
compared to the information from personal interviews conducted [91].  

Surveys are usually implemented as a stand-alone method in most energy 
feedback studies. Nevertheless, some studies have used a combination of survey and 
other methods (e.g. experiments and analytics) to validate self-reported information, 
capture deeper behavioral information through fusion of information, and further 
investigate the determinants of energy consumption in buildings. Table 1 represents a 
classification of those studies that have a survey component. Further details on each 
category are provided in Section 2.3. and 2.5 that follow. 
 

Table 1. Studies that have a survey component. The arrows represent the sequence of 
implemented methods 

Studies Methodological Approach 

[22-34] 
 

[85, 87, 92-94] Analytics Survey
  

[43, 71, 86, 95-
97] 

SurveyExperiment
  

[70, 72, 89, 98] Survey Experiment Survey
 

 
3.2. Analytics 
 
Analytics, a systematic computational analysis used to discover and interpret the 
meaningful patterns in data, has been another widely used method for expanding the 
energy feedback research boundaries over the past few years. In this paper, analytics 
mainly refers to those analyses carried out on energy consumption data at various 
resolutions (e.g., captured through energy feedback experiments or smart meters) to infer 
such information as occupancy patterns, energy use load shapes, and energy-use behavior 
similarities. The advancement of technology has facilitated capturing such high 
resolution data through smart meters. This advance provides a great opportunity for 
researchers to extract valuable information from occupants’ energy consumption patterns 
and behaviors. The majority of studies that have leveraged analytics to induce energy 
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savings or provide behavioral information to residential and commercial buildings utility 
companies have focused on one of the following areas: Load profiling and clustering [35-
39, 41, 42, 92, 94, 99], occupancy detection [92, 100], and behavior analysis [87, 93, 101, 
102]. It be also noted that the statistical methods used for hypotheses tests (e.g. a t-test) 
are not included in the analytics section of this paper and instead are expected to have 
been conducted as part of the experiments and surveys.  

Each of the afore-mentioned categories addresses the occupant energy efficiency, 
energy feedback, and demand response programs, but from a different perspective. 
Analytics can help infer occupancy status from energy consumption loads, indeed a 
valuable piece of information to use for tailoring and timing the feedback provided to 
households, occupants, or building operators in residential and commercial buildings. 
Only a limited number of studies [42, 100] have focused on such analytics to induce 
occupant- based energy efficiency in buildings; nonetheless, if such technology soon 
reaches an acceptable level of reliability, it will potentially increase the efficacy of many 
energy efficiency programs. Furthermore, there is a large body of knowledge within the 
analytics category that has focused on occupants’ energy consumption profiling and 
clustering. The ultimate goal of this category is to increase the efficacy of demand 
response and feedback programs by targeting households and using energy consumption, 
occupancy, energy disaggregation, and other forms of data. The research conducted in 
this area can be divided into two groups: (1) studies focused on improving the algorithms 
used to perform profiling and clustering analyses [35-40], and (2) studies concentrating 
on the application of load profiling and classification to discover the potential 
determinants and features that can enhance the task of targeting [41, 42, 48, 82, 92]. 
Targeted and tailored energy feedback approaches have theoretically [69] and empirically 
[52, 57, 70] been recommended as the most important steps to use for increasing the 
effectiveness of energy efficiency programs in the residential sector. 

Although the analyses of building energy and smart meter data is a vast research 
realm with considerable valuable information to offer, researchers are advancing this 
body of knowledge by using a combination of analytics and other methods known in the 
field (e.g. Analytics-Experiments, Analytics-Surveys) to extract more valuable 
information. Thus, based on the reviewed literature, we categorize the studies that have 
an energy analysis component in Table 2 with arrows representing the sequence of those 
implemented methods. A detailed discussion on the advantages of these combinatory 
methods is provided in Sections 2.3. and 2.6. 

Table 2. Studies that have an analytics component. The arrows represent the sequence of 
implemented methods. 

Studies Methodological Approach 

[35-42] Analytics
 

[85, 87, 92-94] Analytics Survey
 

[9, 18, 44, 48, 
103-105] 

Experiment Analytics
 

 
3.3. Analytics and Surveys 
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The “one size does not fit all” perspective (aka targeted and tailored energy feedback) 
stems from numerous human behavioral factors and characteristics that might not be able 
to be entirely captured by energy consumption analysis or survey data collection. The 
studies discussed in Sections 2.1 and 2.2 incorporated a uni-dimensional research method 
with a focus on surveys or analytics. However, the literature discussed below reports on 
the value of information that can be extracted using surveys and analytics as two 
complementary methods. The studies that combined survey and energy analysis 
information were conducted at various energy resolutions times. In a monthly resolution, 
Jones et al. [82] conducted a comprehensive literature review on the socio-economic 
factors’ affecting household electricity consumption. Despite all the inconsistencies in the 
research methods and the lack of a sufficient body of knowledge on specific socio-
economic factors, the results found that 20 (4 socio-economic factors, 7 dwelling factors, 
and 9 appliance- related factors) out of 62 analyzed factors were positively correlated 
with household energy consumption, including the number of occupants, presence of 
young children and teenagers, and household income. It is worth noting as well that none 
of the socio-economic factors were reported to impact the level of energy consumption 
negatively (i.e., any reduction in energy consumption). Vassileva et al. [85] conducted 
one of the first attempts to evaluate occupants’ attitudes and knowledge toward 
environmentalism not only through the surveys, but also by evaluating their reflections 
on occupant actual energy consumption patterns. They reported that low energy 
consumers had less interest in filling out the questionnaires and the level of energy 
consumption of their households also correlated with their income levels. Likewise, 
Brounen et al. [87] carried out an analysis of 300,000 Dutch homes for energy 
consumption and the survey data collected on occupants’ demographics and dwelling 
characteristics to investigate the main determinants of occupant energy use. These results 
supported the importance of not only technical characteristics of a dwelling, but also the 
composition and background of the households that may shed light on underlying 
assumption of energy efficiency policies.  

The afore-mentioned studies investigated the correlation between occupant and 
dwelling characteristics collected through surveys and collection of monthly energy 
consumption. The results hold promise for further informing the targeting and tailoring of 
energy feedback programs. Indeed, the advancement of technology and the higher 
penetration of smart meters have enabled a higher resolution data fusion and validation in 
this area. In a more advanced data analysis study, Albert and Rajagopal [92] investigated 
the existence of the potential correlations between occupants’ energy consumption 
patterns and their demographics, households, and appliance information. The validation 
of the study was conducted using an online survey. A Hidden Markov Model was 
implemented, which characterizes occupancy based on such features as the magnitude, 
duration, and variability of energy use. Their work aimed at household characteristics 
based on their energy consumption and provided major insight in tailoring the feedback 
and inferring certain user characteristics based on temporal energy consumption patterns. 

Similarly, Beckel et al. [93] conducted an analytic-survey study in Ireland to 
cross-validate the information captured through surveys and infer households 
characteristics (e.g., employment status and number of occupants) from smart meter data. 
The accuracies achieved for occupant characteristics prediction varied between 30% and 
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80%, depending on the prediction target. However, the insights captured through a fusion 
of information between a survey and smart meter data analysis can increase the efficacy 
of energy feedback programs and further facilitate large scale targeted energy feedback 
programs for utility companies. 

The afore-mentioned studies reported high resolution (i.e., daily, hourly, 30 
minute) correlations between households’ energy consumption and occupant/building 
characteristics that potentially are helpful for targeting and tailoring of energy feedback 
programs. Further, one of the main objectives of these studies is to replace the expensive 
and time-consuming process of survey data collection using energy-based characteristic 
inference. In one of the most recent studies, Viegas et al. [94] implemented a 
combination of survey and hourly energy consumption data to categorize residential 
customers using machine learning algorithms. Their study showed that incorporating 
survey data into energy consumption classification can improve the precision of customer 
categorization by 20%. This study reveals the potential of combining energy consumption 
data with occupant/building characteristics to further enhance the efficacy of targeted 
energy feedback programs and move one step closer to implementation of the “one size 
does not fit all” approach. Nevertheless, the practicality of conducting any large scale 
survey remains debatable. 
 
3.4. Experiments 
 
An experiment is a procedure carried out to verify, refute, or validate a hypothesis. In the 
context of energy feedback, experiments consist of a control group, at least one study 
group, baseline energy use data, and an energy feedback program. These studies validate 
a wide spectrum of hypotheses’ targeting such factors as interface design, occupants’ 
psychology, demographics, means of communication, and level of information. There are 
various studies that have analyzed the effectiveness of these factors [3, 14, 40, 69, 73, 76, 
79, 80] and provided recommendations for increasing the efficacy of energy feedback 
programs. Despite all the recommendations, if a “one size does not fit all” vision is 
required as endorsed by many researchers [10, 18, 44, 52, 57, 69, 70], treating individuals 
by using a uniform approach will not produce the best outcomes. The experiments 
conducted in this field are designed differently, incorporate diverse combinations of 
methods, and collect different types of information regarding their contributions. 
However, there is still a limited body of experiments that has focused on targeted energy 
efficiency programs. 

The majority of experiments focus on evaluating the components of energy 
feedback systems, In Home Displays (IHD), and demand response programs and their 
potential for inducing occupant based energy efficiency in buildings. These factors can be 
basically categorized as feedback frequency [18, 43], social norm effect [43-48, 60, 72, 
95], feedback visualization [49-54], feedback information [6, 43, 50, 55, 56], 
communication channels [11, 13, 57], appliance level feedback [7, 56, 58, 95], cost 
effectiveness [44, 59], etc. The level of energy consumption in each group, before and 
after the baseline are the major pieces of information used in the hypotheses tests 
conducted in each study to validate the effectiveness of these components.  

The importance of experimental field studies is undeniable, and the results 
reported in each experiment are important. However, more information has been captured 
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at the intersection of experiments, surveys, and analytics. For example, using a simple 
post-study survey, researchers can gain insight into potential ineffective components of 
their platforms and the root causes of energy savings. In Table 3 we categorize those 
studies with an experimental component and in Sections 2.5 and 2.6, we provide a 
detailed description of the advantages of information fusion between experiments and 
other methods being used. 
 
Table 3. Studies that have an experiment component. The arrows represent the sequence 

of implemented methods. 

Studies Methodological Approach 
[6, 7, 11, 13, 
43-60] 

Experiment
 

[9, 18, 44, 48, 
103, 104] 

Experiment Analytics
 

[43, 71, 86, 95, 
97, 104] 

SurveyExperiment
 

[58, 70, 72, 89, 
98] 

Survey Experiment Survey
 

 
3.5. Experiments and Surveys 
 
Stand-alone experiment and survey studies provide valuable information to inform the 
design and execution of energy feedback programs, while also helping with better 
understanding of occupants’ energy use behavior. Nevertheless, there are always 
questions that cannot be answered by the independent implementation of a single method. 
In the experiment-survey category [43, 70-72, 86, 89, 95-98, 104] researchers conducted 
pre- and post-study interviews and questionnaires to take into account the occupants’ 
opinions of energy feedback interface design, and also to better understand the 
underlying causes of occupants’ energy savings. Understanding and linking occupants’ 
self-reported behavioral and demographic information to their actual energy consumption 
behavior is an invaluable piece of information that can potentially reveal the importance 
and redundancy of the various factors collected and analyzed in these survey and 
experiment studies. Furthermore, reliance on self-reported pro-environmental behavioral 
measures, rather than observing actual pro-environmental behaviors in field experiments 
is one of the shortcomings of environmental psychology studies (e.g. energy feedback 
studies) [106]. There is a potential for acquiring deeper knowledge of occupants’ 
behaviors and the effectiveness of energy feedback program at the intersection of surveys 
and experiments as methods. 

In the category of post-experiment surveys, Chen et al. [95] conducted a real time 
energy feedback study accompanied by a post-experiment survey to gather more 
information on the efficacy of the feedback interface design, the behavioral changes, and 
energy efficiency actions taken throughout the study. The results indicated that 
occupants’ awareness of their energy consumption increased, and it also indicated there 
was a misperception of occupants regarding lighting and HVAC system energy 
consumption. Further, the authors reported that 78% of the participants felt encouraged 
enough to conserve energy after viewing the feedback dashboard. Similarly, Rettie et al. 
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[43] incorporated post-experiment survey data to enhance the design of the energy 
feedback program. Their survey revealed that users were more motivated to prevent 
waste of energy than they were in saving energy. They also reported that the social norm 
feedback increased interest in the program and developed competition between 
households. Alahmad et al [97] used the survey data captured during and at the end of an 
experiment to evaluate the efficacy of three types of in-home displays (IHD) in a long 
term study. These analytical results combined with follow- up surveys suggested that 
IHDs were more effective in the short term, and the level of engagement and interest of 
households did drop as time passed. The purpose of this survey was to collect data on 
user interface preferences, user involvement and engagement (e.g. the frequency of 
visits), motivation for energy savings, and behavioral changes.  

A series of more sophisticated studies carried out pre- and post-experiment 
surveys to gather various information prior to and following the experiment and 
benchmark occupants’ post-experiment responses against a pre-experiment survey. In this 
category, Peschiera et al [72] conducted a pre-experiment survey to capture the social 
bond information between occupants to design a normative comparison feedback 
experiment. They evaluated the impact of social bond strength on the level of the 
influence of peers on each other in a normative comparison feedback group. Further, they 
conducted a post-experiment survey to analyze the root causes of energy savings that 
were achieved during the experiment. Hargreaves et al [70] conducted a feedback study 
using IHDs along with a survey to understand the underlying causes of occupants’ 
behavior changes and their assessment of IHDs and their efficacy. These results reported 
that the IHDs gradually became a background; nevertheless, the feedback system did 
increase occupants’ awareness of their energy consumption, which unfortunately does not 
necessarily translate to a reduction in their energy use. Murtagh et al. [98] carried out an 
energy feedback experiment with both pre- and post-experiment surveys. These surveys 
were conducted to measure pro-environmental behaviors, attitudes, etc. The study 
reported a correlation between attitudes, energy conservation, and energy use. However, 
the surveys also revealed an absence of motivation when inducing energy savings among 
the occupants. 

These afore-mentioned studies reported on the potential correlations between 
human behavior and their energy use responses when under energy feedback influences. 
Therefore, the effectiveness of pre- and post-experiment surveys do hold promise for 
informing researchers of various human energy use behavior determinants, while also 
providing additional information that can potentially enhance the efficacy of the targeting 
and tailoring process of these feedback programs. 
 
3.6. Experiments and Analytics 
 
There are studies that have indeed achieved a greater understanding of occupants’ 
behavior and energy feedback efficacy at the intersection of experiments and analytics. 
For example, Taylor et al. [48] analyzed three demand response programs for their 
energy data (focusing on efficient heat pumps, attic insulation upgrade, and professional 
audit programs) to estimate their energy savings, compare cross groups of occupant 
performance, and investigate the potential changes that might lead to increases in the 
efficacy of such demand response programs by targeting their customers. The post-
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experiment analyses of the study reported a higher energy saving potential for less 
efficient households. Khosrowpour et al. [103] conducted a post-experiment analysis to 
investigate the effects of energy efficiency and predictability on the efficacy of targeted 
energy feedback programs. They learned and then predicted individual energy 
consumption patterns using a support vector machine algorithm for an hourly resolution. 
The occupants were categorized based on the accuracy of their energy-use prediction and 
level of efficiency. The results reported a potential for targeting almost 50% of inefficient 
occupants and 46% of all occupants in commercial buildings. At a daily energy 
resolution, Allcott [9, 18, 44, 104] conducted a multiple comprehensive post-experiment 
analysis on Opower’s normative comparison feedback experiments. His analysis 
confirmed the persistence and durability of the normative comparison feedback effect, 
while identifying an action and backsliding pattern in the occupants’ behavior for the first 
four months of the study. 

The power of post-experiment analytics is obvious based on the depth of 
information captured in the afore-mentioned studies. Post-experiment analytics sheds 
light on how energy consumption has changed. This valuable piece of information can 
indeed contribute to a better understanding of the root causes of occupants’ behavioral 
changes seen in these energy feedback studies. 
 
3.7. Simulations 
 
Simulations are used to imitate real world processes and operations based on developed 
mathematical and stochastic models [107]. This method is used to estimate the potential 
and cost-effectiveness of energy feedback programs for various scenarios prior to the 
launch of a program. Simulation research is an emerging field of study in the energy 
feedback area and has been gaining traction in recent years. In one of the most recent 
studies, Hong et al. [81] conducted a comprehensive literature review on the most recent 
efforts carried out in occupant behavior modeling and its impact on building energy use. 
A thorough vision is provided to define the occupant building interaction energy use 
behavior loop; however, the scope of Hong et al.’s [81] work does not take into account 
the effects of energy efficiency programs (i.e., energy feedback programs)on occupant 
behavior. Thus in this section, we review the literature on simulation studies, as they aim 
to imitate occupant behavior in energy feedback programs [61-66, 108, 109] and then 
discuss the advances of simulation studies being made in this field. 

The application of agent- based simulation when modeling occupants’ behaviors 
in commercial buildings under the influence of energy efficiency programs was recently 
introduced by Azar and Menassa [61]. In a later study [66] the authors built on the afore-
mentioned work and increased the variability of occupants’ behavior by allowing the 
occupants to have different energy use behaviors and influence each other’s 
characteristics, while being enrolled in an energy efficiency program. The model used 
two variables to define occupants’ behavioral states: (1) energy consumption intensity, 
and (2) the openness of an agent to adopt new energy consumption behaviors. The 
authors attempted to integrate the effect of energy efficiency intervention and occupants’ 
behavior variation with social norm influence when building energy simulation. They 
reported that the results of energy predictions can vary up to 25% compared to 
conventional approaches. In the more advanced feedback scenarios, due to a rise of social 



14 
 

norm- based approaches in feedback programs and a lack of information on the effect of 
social network types and structures on social norm behavioral interventions, Anderson et 
al. [64] conducted a grid- based change of the parameters to assess the sensitivity of those 
parameters (e.g. social network types, number of degrees, social network size) in social 
norm energy feedback simulation. The results reported that network type and structure 
can significantly impact the required time for intervention outcomes to reach a steady 
state.  

These afore-mentioned studies have not been validated using real system data or a 
structure due to the lack of field experiment data in studies. However as illustrated in 
Table 4, there are studies in the field that do have access to energy feedback experiment 
data to use to develop more realistic and validated simulation models. In the following, 
we review these studies and discuss their advantages and contributions to the full body of 
knowledge. 
 

Table 4. Studies that have a simulation component. 

Studies Methodological Approach 

[61-66] 
 

[108-111] Experiment Simulation
 

 
3.8. Simulation and Experiment 
 
There is a limited body of knowledge available that has tied the theoretical energy use 
behavioral models to empirical data collected in actual field experiments. In order to 
validate the simulation models, Zeigler [112] recommends three types of validation for 
the simulation models: (1) replicative validity (i.e., whether the model has the capability 
to replicate real field experiment data); (2) predictive validity (i.e., whether the model fits 
the data before that data are acquired from a real system); and (3) structural validity (i.e., 
whether the model completely reflects the way the real system operates). Real experiment 
data can facilitate Zeigler’s three validation methods based on the availability of the data. 
In this section we review the papers that built and validated their simulation models based 
upon energy feedback field experiments. 

In residential buildings, Chen et al. [108, 109] modeled the effect of network 
structure and type on occupant energy efficiency. These results reported that network 
degree and weights are more significant factors than the size of the network. In other 
words, the stronger the social bond, the higher the chance of the influence on peers. 
Anderson and Lee [110] took another leap by advancing occupant behavior models to 
simulate a normative comparison energy feedback. These results suggest that sending 
normative comparison feedback to above average energy consumers is the most 
successful scenario and yields 2.2% energy savings per person. In one of the others 
works, Yu et al. [111] conducted a Monte Carlo simulation derived from real experiment 
data to better understand the potential of enrolling customers in targeted and timely 
energy feedback programs.  
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The afore-mentioned studies [108-110, 113] are validated by replicating the real 
data collected from experiments that bring us one step closer to creating more accurate 
simulation models. Further, these simulation studies focus on important elements of 
energy feedback programs (e.g., social network structure, peer influence) to assess the 
potential energy savings and cost-effectiveness of these programs in various scenarios. 
Validated simulation models are also beneficial tools to use for potential estimation of 
energy feedback programs in the future. 
 
4. RESEARCH GAPS 
 
We have discussed the methods used in energy feedback research area and summarized 
the progress made in each methodological category. Despite all the major advancements 
in the energy feedback field, there is still room for improvement. In the following, we 
discuss the gaps of knowledge identified in each method or those found at the intersection 
of various methods. 

4.1. Analytics and Surveys 
 
As discussed in Sections 2.1, 2.3, and 2.5, there has been great progress made in energy 
feedback studies through the implementation of survey studies. The stand-alone survey 
study field is reaching a relative maturity that thus calls for shifting the focus to 
combinatory studies. However, one of the important gaps of knowledge identified in a 
majority of studies was lack of validation of acquired survey information on occupants’ 
actual actions via energy use analytics. The value of such a validation step is a better 
understanding of inconsistencies and the correlations between occupants’ perceptions and 
their actual energy consumption [95]. Furthermore, as reported by Viegas et al. [94], this 
fusion of information empowers the classification of participants to target feedback. 
Therefore, the knowledge gap that requires further investigation is: 

 
A. Knowledge Gap: Further validating surveys with analytics to gain deeper 

knowledge of human behavior and the root causes of actions, while also 
enhancing the performance of classification algorithms used in any targeted 
energy feedback studies. 

 
4.2. Experiments 
 
The majority of studies reviewed in this paper focused on energy feedback field 
experiments. Regardless of the potential methodological issues reported in the literature 
[3], the progress made in recent years has significantly contributed to the entire body of 
knowledge. To take energy feedback experiments toward the highly recommended 
targeted and tailored approach, there is a need for more targeted and tailored energy 
feedback experiments. Tailoring feedback can be defined as simply providing individual 
appliance-level energy consumption information. However, the ultimate goal is to target 
individuals and tailor their feedback based on their energy use behaviors, characteristics, 
pro-environmental behaviors, psychological motivators, and energy savings 
opportunities. In other words, what type of feedback program (e.g., historical 
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comparison, normative comparison, incentives), what type of information (e.g., KWh, 
environmental impact, health impact), and what other specific information should be sent 
to each individual? To the best of our knowledge, there are no studies that have 
automated and streamlined this process of targeting and tailoring feedback experiments to 
the level of complexity described here. There are very limited studies that have attempted 
to execute a personalized feedback experiment to better understand the impact of tailored 
feedback on occupants’ behavior [114]. We thus recommend further investigation into this 
gap in the knowledge found in the literature as follows: 

 
B. Knowledge Gap: Conducting more sophisticated targeted and tailored energy 

feedback studies to evaluate empirically the potential and the impact of tailored 
feedback vs. non-tailored and uniform feedback on customers. 

4.3. Experiments and Surveys 
 
As discussed in Section 2.5, pre- and post-experiment surveys can inform on experiment 
design and validate self-reported survey information. However, not all self-reported pro-
environmental behaviors translate into energy savings or actions in field experiments 
[98]. The literature in this area does hold promise for informing energy feedback studies 
design and maintenance. Yet, there still is a need for further investigation to determine 
the links between occupants’ self-reported behaviors and their actions in actual reality. 
The benefit of filling this aforesaid gap of knowledge is identifying the significant factors 
of participants’ characteristics which can affect their performance in energy feedback 
programs as follows. 
 

C. Knowledge Gap: Validating surveys with experiments so as to better understand 
the relationship between occupants’ self-reported pro-environmental behaviors 
and the energy saving potential in field experiments. 

4.4. Experiments and Analytics 
 
As reported in previous studies [18, 48], occupant behavior is dynamic and can be 
changed through energy feedback programs; however, to our knowledge, there are very 
limited studies that have conducted prolonged energy load analysis to address how the 
behaviors of occupants have changed as a result of these energy feedback programs. 
Therefore, there is an opportunity to not only analyze occupants’ energy consumption 
patterns in a baseline period, but also to monitor the change in these patterns during and 
after a study. The current body of research has conducted such studies with a focus on 
daily and average energy consumption of occupants. With the high resolution of 
information in hand gained through smart meter data, studies that report the variation of 
energy use patterns and shapes under the influence of energy feedback experiments still 
do not exist in the literature. Filling this gap of knowledge will provide more 
comprehensive information on where actual energy saving opportunities are and how 
energy use patterns have changed under the influence of feedback. This information can 
enhance the estimation and planning of energy load shifts when using energy feedback 
programs. Such studies exist in the demand response and pricing strategies [59, 83, 115, 
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116]; nevertheless, energy feedback programs have a distinct nature and do not 
necessarily follow the results obtained in these afore-mentioned studies.  
 

D. Knowledge Gap: Performing energy analysis (e.g. load profiling) prior, during, 
and post any energy feedback experiments. 

4.5. Experiments, Analytics, and Surveys 
 
The advancement of technology for high resolution energy data collection through smart 
meters has enabled researchers to make great progress the in energy analytics domain. In 
a recent effort, Viegas et al. [94] reported that a combination of energy analysis and 
survey data can shape a better feature set and categorize occupants more accurately. 
Despite the importance of energy use classification for designing targeted energy 
feedback programs, the main question yet to be answered is how these analytically 
clustered behaviors can be related to effective energy feedback strategy that can then 
induce energy saving among each class. A recent study by Karatas et al. [117] proposes a 
conceptual framework to facilitate the process of treatment association by assessing 
occupants’ motivation, opportunity, and ability. However, a single individual conceptual 
study might not provide the answers to all research questions in the field. Thus, further 
investigation is needed at the intersection of energy analysis, surveys, and experiments to 
further validate and improve this framework. 
 

E. Knowledge Gap: Target various classes of customers that are categorized based 
on their energy consumption information (e.g., load pattern, occupancy patterns 
and energy use disaggregation) and survey information (e.g., pro-environmental 
attitude, literacy, demographics) using a proper feedback method to maximize the 
potential of energy feedback programs. 

The targeted feedback methods already discussed in various papers focus on the 
stationary state behavior of occupants. Meaning that, once the occupants are targeted and 
the feedback is tailored, no changes will occur to the program for the rest of the period of 
that experiment. Nevertheless, occupant behavior does have a dynamic nature and varies 
over time. Thus, there is a need for programs that not only target occupants in a stationary 
station, but also consider the longitudinal dynamics of their behaviors. This gap in 
knowledge can be filled by combining experiments with a feedback loop and using the 
fusion of information captured through pre- and post-experiment surveys and analytics. 

F. Knowledge Gap: Creating a feedback loop for energy feedback studies to update 
feedback based on the variation in individuals’ energy use behavior over time. 

4.6. Simulations 
 
The field of simulation is the newest of the four methodologies discussed in this paper on 
energy feedback. Due to complexity, intra- class variability, and the uncertainty of 
occupants’ behaviors, there are not many mathematical models available that can 
precisely emulate occupants’ behaviors during the various energy feedback programs. 
Part of this problem is due to a lack of experimental open data in this field, and the 
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remainder could be due to the complex nature of the challenges and limitations of the 
existing models. Therefore, there is still room for improving the underlying behavioral 
models used in such simulation and there is a gap in the knowledge when developing 
more precise simulation models in the field. 
 

G. Knowledge Gap: Develop mathematical and statistical energy use behavioral 
models at the intersection of information captured through energy feedback 
experiments and the theory. 

4.7. Simulations and Experiments 
 
As discussed in Section 2.8, only a few studies have had the resources to validate their 
simulation models with real experimental data. Even though these studies [108-110, 113] 
have included a replicative validation step in their efforts to further improve the accuracy 
of their simulation models, their results have not been predictively validated with follow-
up experiments. In order to conduct a predictive validation, there is a need for extensive 
real field experiment data to be able to create comprehensive and robust behavioral and 
structural models. Therefore, as reported in these studies, the results do not imply that 
simulation models built from individual experiments are powerful enough to estimate the 
energy savings and behavioral responses for all various scenarios (e.g. various 
demographics, weather, feedback). 

This lack of a predictive and replicative validation step in simulation studies can 
be tied to the cost and the resources required to launch such field experiments. In other 
words, the majority of studies in this field are creating theoretical and hypothetical 
models for simulations, and thus, the studies suffer from a lack of validation using actual 
experiments. This situation calls for creating a stronger connection between simulations 
and the experiment methods in the community and opening up more experimental data to 
simulation experts so they can further enhance the efficacy of their models. 
 

H. Knowledge Gap: Predictive, replicative, and structural validation of simulated 
energy use behaviors with field experiments can enhance the accuracy and 
reliability of simulations for the various energy feedback scenarios. 

Creating reliable models to emulate occupants’ behaviors and responses to different 
energy feedback programs will be in demand and can provide a significantly cost 
effective solution for energy feedback program assessment. Therefore, there is a need for 
a more comprehensive and coordinated effort to develop human energy use behavioral 
models and to conduct simulations prior to launching actual energy feedback programs. 
A large body of the research has focused on energy feedback experiments. However, due 
to privacy issues and IRB human subject protection regulations, researchers are not 
allowed to release the data collected in these studies. If these anonymized experimental 
data could be opened up to the energy feedback community, it would significantly 
increase the pace of and enhance the sophistication of simulation research. 
 
5. RESEARCH CHALLENGES 
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Energy feedback studies are not free of challenges or obstacles. In order to shed light on 
the potential challenges that researchers may face during these studies, in this section we 
analyze and report on the necessary considerations and limitations of the studies found in 
the literature. These challenges are classified into four groups: (1) data collection and 
experiment methods; (2) human behavior complexity’ (3) cross- cultural differences; and 
(4) a comfort- energy productivity trade- off. The following section informs researchers 
about the necessary considerations they need to take into account when carrying out 
energy feedback research. 
 
5.1.  Data Collection and Experiment Methods 
 
All the complex interactions with human subjects inherent in energy feedback studies 
have several challenges related to data collection due to the high variability of human 
behaviors and privacy issues. One of the main shortcomings of experiments [10, 18, 44, 
52, 57, 69, 70], surveys [118], and analytics [39, 100, 119] are the relatively small data 
samples used to conduct these studies. Unfortunately, due to the high intra- class 
variability of human characteristics and demographics, small sample data fails to cover a 
wide spectrum of the population if researchers do not consider any demographic controls 
in their studies. Acknowledging the difficulty of the recruitment process and data 
collection in energy feedback studies, the minimum sample data required to statistically 
validate the results obtained from such a study are usually suggested as a rule of thumb to 
be more than 30. However, based on the central limit theorem, there is also a need for a 
data normality check even if the sample population is greater than 30 [120]. This 
challenging process and this limitation are primarily more prevalent in experiments, and 
secondarily, in survey studies. 

Even though Delmas et al. [3] reported that bias is probably not a significant issue 
in the field experiment literature, there remain instances in the literature that are biased 
toward students and young professionals [15, 51, 56, 60, 72, 121], pro-environmental 
communities [47, 71, 88], and in one instance, women [122]. Thus, encouraging 
researchers to disclose such information and consider that the results obtained from a 
biased population might not be fully generalizable is a recommended step. 

Length of studies is another main important factor in the field of analytics and 
experiments. The longer the studies, the higher the chances of occupants’ behaviors and 
responses to energy feedback programs being captured more reliably. Unfortunately, 
there is a large body of knowledge that was conducted in relatively short- term (i.e., from 
less than 1 month up to 3 months) studies to examine various energy feedback and 
occupants’ behavior parameters [7, 16, 47, 60, 72, 118, 123]. The reported results of 
these studies may be significant in a short run, but nevertheless, due to the potential 
existence of the Hawthorne effect [10], response-relapse [72], and action and backsliding 
[104], there is no guarantee that this impact will be sustainable over a longer period of 
time. As reported by [104], after several months of feedback (4 months in this case), 
occupants most probably changed their capital stock of habits and physical technology. 
Thus, there is no guarantee that this length of study withstands the various types of 
feedback. We highly recommend that researchers continue their experiments for more 
than 4 months or whenever the level of energy consumption reaches a steady state, 
considering the potential impact of usual seasonal variations. Considering the lack of an 
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absolute answer to use to determine the length of such experiments, conducting longer 
studies does increase the reliability of data, analysis, and obtained results. 

Experiments are launched to evaluate the effectiveness of various psychological 
aspects, design, information, and other factors involved in energy feedback programs. 
The efficacy of such programs is commonly determined through a statistical analysis of 
variations in the level of energy savings induced through the program or the level of 
engagement. A variety of statistical tests, such as the student t-test, mixed effect 
regression models, analysis of variance, and multivariate analysis of the variance, can be 
implemented to evaluate these programs. Capturing two major components is necessary 
in order to measure the efficacy of energy feedback programs, namely, (1) collecting an 
appropriate baseline data, and (2) allocating a randomized study and control group (also 
known as a randomized control trail). Unfortunately, there are studies that have not 
considered the importance of having a control group included in their experiments [7, 8, 
16, 52-54, 58] and as a result, they have limited their claims to merely reporting changes 
in the levels of energy consumption. 
 
5.2. Survey Response Collection 
 
Surveys are one of the most important methods by which to extract information for 
the further enhancement of targeted energy feedback programs. However, one of the 
greatest challenges of conducting survey studies is the process of data collection and 
the lack of complete response rates to questionnaires [23, 25-27, 32]. There have been 
studies with response rates of 7% to 32% [23, 25] while other studies have been receiving 
response rates of higher than 79% [26, 27, 32]. Perhaps one of the biggest differentiators 
of these response rates is the targeted sample population size or responders’ incentives in 
responding to the surveys. Previously, we mentioned that survey data could be used as 
complementary information to reinforce customer classifications and clustering. Even so, 
the labor intensiveness of the process and lack of complete responses to questionnaires 
increase the difficulty of the process. There is a consequent need for further 
investigation in order to enhance the rates of occupant responses to survey 
questions. This can be done through incentivizing, simplifying the questions, decreasing 
the number of questions, and choosing the most convenient delivery method for 
responders. 
 
5.3. Complexity of Human Behavior 
 
Uncertainty, variability, and the complexity of human behavior is an established fact 
[101, 124, 125]. One of the major challenges that the energy feedback community faces 
is a high intra-class variability of human behavior [52, 101] which not only complicates 
the design and implementation of energy feedback systems [10, 18, 44, 52, 57, 69, 70], 
but also affects the interpretation of the underlying causes of human behaviors when 
under the influence of such programs [13, 90]. Furthermore, various reported phenomena, 
such as the Hawthorne effect [10, 33], action and backsliding [104], and the Nintendo 
effect [87] add to the complexity of any human behavior analysis. The Nintendo effect is 
defined as extensive use of television, personal computers, and gaming devices by older 
children, and it has a huge impact on the energy consumption of a household [87]. 
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Excluding the effects of the Hawthorne effect and its action and backsliding is possible 
by increasing the length of the studies. However, disaggregating such effects from short-
term results, or incorporating them as part of the statistical and mathematical models 
describing human behavior is a major challenge that is yet to be addressed. 

Another major challenge reported by a substantial group of researchers is the 
response relapse in occupants’ engagement in energy feedback studies. Most of the 
studies have reported the existence of such a problem [10, 70, 97, 98, 126, 127]. 
Peschiera et al. [72] particularly studied this phenomenon, and others have tried to 
numerically model the decaying rate of energy savings and engagement level in a study 
after treatment is discontinued [9, 58]. Despite extensive reports on such a phenomenon, 
there are studies that disagree with the majority of researchers and provide evidence that 
the response relapse can be controlled or eliminated from feedback programs if the 
treatment/feedback does not discontinue [11, 104, 128]. Gamberini et al. [128] designed 
and implemented a gamification- based feedback system which provided tailored 
feedback to users. The aim of the game is to increase the user awareness of their energy 
consumption, and the results do show significant savings in short term. In this study, the 
researchers reported that the effect of smart advice tips they sent throughout the study 
stayed stable across the study, which also contradicts the response relapse reported by 
other studies. Delmas and Lessem [11] conducted an energy feedback study and obtained 
marginally significant results’ supporting the persistence of energy efficient actions after 
program termination. Further, Allcott and Rogers [104] confirmed the same findings by 
emphasizing that a continuous energy feedback program can maintain persistence and 
durability over the long term. Different lengths of experiments appear to be one of the 
underlying causes of this controversy in the literature; however, this calls for paying 
closer attention to detect any potential relapses in responses during experiments and also 
avoiding short- term experiments. 
 
5.4. Cross-cultural and Climatic Differences 
 
Cross- cultural difference is another major challenge, which has increased the complexity 
of data analysis and generalization of the results. A few researchers have already 
acknowledged the limitation of their studies due to cross- cultural differences [17, 129]. 
Likewise, the seasonal variation of weather and climatic diversity [48] are other 
impacting factors that need to be considered in the experiments [3]. There is no guarantee 
that an effective factor under a specific cultural and climatic condition, performs 
effectively in other cultures and climates. Despite the limited body of literature that has 
specifically acknowledged the existence of such challenges, the majority of studies merge 
this difference with the intra -class variability of occupants’ behaviors from a more 
general perspective [10, 18, 44, 52, 57, 69, 70]. For example, an energy feedback study 
launched in Miami will not necessarily result in the same level of savings as one 
conducted in Michigan. To our knowledge, there are no mathematical models available to 
robustly transfer the findings obtained from one culture or climate to another in the field 
of occupant energy feedback. Developing these models can definitely facilitate a more 
collaborative effort on a national or international scale. 
 
5.5. Trade-off between Comfort Energy and Productivity 
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Another challenge found based on a limited subset of studies analyzed here, points to the 
importance of existing trade-offs between energy-comfort-productivity [23]. 
Consideration of these factors is necessary, especially in commercial buildings, since 
occupant productivity comes before energy savings in the workplace [130]. In fact, there 
are studies [131] that support the importance and cost-effectiveness of productivity and 
indoor air quality in office buildings, even at the cost of higher energy consumption. In 
residential buildings, the socio- economic status of households including their incomes, 
positively affects their energy consumption [82]. An implication of such a finding can be 
linked to the different levels of comfort desired by various social classes. A recent study 
by Amasyali and El Gohary [23] reported the interdependence of energy consumption 
and comfort in buildings that put more emphasis on the importance of considering such a 
factor in energy feedback studies. The trade-off between energy, comfort, and 
productivity is yet to be investigated in residential and commercial buildings; however, it 
does suggest a great research opportunity is present in the field. 

5.6. Data Sharing and Collaborative Research 
 
Due to several privacy issues and IRB human subject protection regulations, researchers 
are not allowed to release the data collected in their studies. On the other hand, due to 
the length, scope, and intensive labor of processing the literature, we are witnessing a 
fragmented body of research and a lack of collaboration between various disciplines. If 
an anonymized experimental survey on energy used data which protected the occupants’ 
privacy could be shared with the energy feedback community, it would significantly 
increase the pace and enhance the sophistication of all facets of research. For example, if 
we assume that there is a sequential process involved in energy feedback studies (starting 
with surveys, analytics, and experiments, and ending with simulations), the process of 
data collection is long, expensive, and labor-intensive. Therefore, to conduct a simulation 
study, one should carry out all or part of the sequence mentioned above to collect the 
experimental data [110]. In cases where a predictive validation is required, there is a need 
for multiple experiments with different settings to collect the sufficient data [108, 109]. 
One of the main challenges of the current body of research is the lack of a secured data-
sharing platform among researchers which would make the experimental, analytics, and 
survey data available to simulation researchers while maintaining occupants’ privacy. 
There is a lack of collaboration and standardized data-sharing approach among 
researchers to enhance the efficacy of simulation models to emulate occupants’ 
behavioral responses to various energy feedback programs. 
 
6. FUTURE RESEARCH VISION 
 
We categorized these peer- reviewed papers based on four main research methods and 
their eight combinations: (1) surveys, (2) analytics, (3) survey-analytics, (4) experiments, 
(5) experiment-survey, (6) experiment-analytics, (7) simulations, and (8) experiment-
simulation, Further, we laid out the knowledge gaps, challenges, and opportunities 
identified in the literature. The afore-mentioned analyses make a provision for proposing 
a the future research vision to provide a complete design and maintenance pipeline for 
targeted energy feedback studies. By leveraging available data and methods, the efficacy 
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of such programs can potentially be improved through the implementation of a more 
systematic approach. In the following, we propose a research vision for the list of 
knowledge gaps to address in each step. 
 
Knowledge Gaps: 
 

A. Further validate surveys with analytics to gain deeper knowledge of human 
behavior and the root causes of their actions, while enhancing the performance of 
classification algorithms used in targeted energy feedback studies. 

B. Conduct targeted and tailored energy feedback studies to empirically evaluate the 
potential and the impact of tailored feedback vs. non-tailored and uniform 
feedback on customers. 

C. Validate surveys with experiments to better understand the relationship between 
occupants’ self-reported pro-environmental behaviors and their energy saving 
potential in field experiments. 

D. Perform energy analysis (e.g., load profiling) prior, during, and after energy 
feedback experiments. 

E. Target various classes of customers and categorize them based on their energy 
consumption information (e.g., load pattern, occupancy patterns, and energy use 
disaggregation) and survey information (e.g., pro-environmental attitude, literacy, 
demographics) using a proper feedback method to maximize the potential of 
energy feedback programs. 

F. Create a feedback loop in the energy feedback studies to update feedback based 
on individuals’ energy use behavior variations over time. 

G. Develop mathematical and statistical energy use behavioral models at the 
intersection of the information captured through energy feedback experiments and 
the theory. 

H.  Use predictive, replicative, and structural validation of simulated energy use 
behaviors with field experiments to enhance the accuracy and reliability of these 
simulations for various energy feedback scenarios. 

We propose a vision that can facilitate filling the afore-mentioned 8 gaps of knowledge. 
The vision consists of two sections. The first is designed based on surveys, analytics, 
experiments and follows a 6- step process as illustrated in Fig 1: (1) An analysis should 
be conducted on all baseline energy data collected prior to the launch of any program to 
extract the information mentioned in Section 2.2. It should be noted that the longer the 
baseline period, the more reliable the benchmark will be. (2) the program should start 
with an initial survey to capture the important information discussed in Section 2.1. (3) A 
fusion of survey and energy analytics information should be performed to (a) validate the 
survey data using actual energy consumption data, and (b) provide a comprehensive input 
data for the sake of occupant classification and targeting. This step primarily addresses 
gap A and secondarily addresses gap E. (4) Based on the acquired information, energy 
feedback programs should be tailored specifically for each class of occupants. This step 
can help to address gap E. (5) Launching a targeted energy feedback experiment with 
necessary considerations is discussed in Section 4, a step is necessary to evaluate the 
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hypotheses offered in previous sections here and validate the efficacy of the feedback 
system (addresses gap B). Finally, (6) require a design/maintenance feedback loop to 
repeat the afore-mentioned 5 steps; update the classifications and feedback design based 
on the change of behaviors observed after a couple rounds of treatment/feedback 
(addresses gaps D and F). Also, this loop will provide the necessary means to investigate 
the underlying causes of response relapse. This design and maintenance loop is 
recommended to be repeated to the point where occupants’ capital stock of habits and 
physical technology is not only changed, but also then newly stabilized. 

The second section of the vision build on the first section by combining a 
complete process consist of survey, analytics, and experiments with simulation. As 
depicted in Fig 1, Section 2 is demonstrated in yellow and consists of three steps (i.e., 
Steps 7 to 9): (7) Developing mathematical and statistical energy use behavior models is 
based on the information, process, and results obtained in the first segment of the vision. 
This step can help to address gap G. (8) Simulate various scenarios to choose or update a 
suitable targeted energy feedback program for each individual to provides a foundation 
for enabling replicative validation in simulation studies while partially addressing gap H. 
(9) Repeating steps (1) to (8) can validate simulation studies to the point that actual 
occupant responses to the suggested energy feedback program by simulation models will 
match the estimated energy use response. In other words, step (9) provides a replicative, 
predictive, and structural validation step to use to develop the simulation models needed 
to address gap H. 
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Figure 1. Energy feedback design and maintenance research vision (Section 1) and an 
energy feedback simulation framework vision here in yellow (Section 2). The precise 

steps (i.e. 1-9) are in brackets in front of each part of the framework. 
 
The proposed vision offers a systematic approach for addressing the challenges and 
filling the 8 gaps in knowledge identified here in earlier sections. Moreover, it 
incorporates a design/maintenance feedback loop that enables the development of a 
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dynamically targeted energy feedback program. The first section addresses opportunities 
related to the first three methods and their combinations: (1) surveys, (2) analytics, and 
(3) experiments. The second section covers (4) simulation research gaps. In practical 
terms, the proposed vision requires a multi-disciplinary coordinated effort due to the 
scope and length of the studies involved. Furthermore, such large scale study requires 
huge capital and other resources. To enable a collaborative effort in the community, we 
need to break down these studies while preventing the fragmentation of the entire body of 
research. The key to overcoming this fragmentation and the sparseness of research in the 
community is opening up properly documented empirical data (i.e. survey, experiment, 
analytics) to the public to enable researchers to build off each effort and then carry out a 
more coordinated effort to address the gaps of knowledge defined in this paper.  

For example, environmental psychologists can be put in charge of conducting pre- 
and post-study surveys (Step 1). Electrical engineers can handle pre- and post-study 
energy analysis (Step 2). Data scientists can study the fusion of information between 
surveys and analytics and through collaboration with environmental psychologists, target 
each group of customers with a treatment/feedback method (Step 3). Researchers with 
human computer interaction expertise could be put in charge of the design and 
development of the feedback platform (Step 4). Field experiment researchers can launch 
the feedback experiment and monitor the entire process (Step 5). Step 6 allows the first 
two teams who conduct surveys and analytical studies to re-evaluate occupants’ 
behaviors and their energy consumption patterns. This cycle can then  continue. On the 
simulation side, if human building interaction researchers gain access to an open data 
platform, they can develop the more appropriate underlying behavioral models for 
simulation (Step 7). Based on publicly available data, various scenarios can be simulated 
and new models can be validated by replicating the data used to develop the simulation 
models (Step 8). Finally, Step 9 requires collaboration of all the aforementioned groups 
(or anyone with access to the data) to design and launch new experiments, surveys, and 
analytics using the most promising simulated scenarios. This step also facilitates the 
structural and predictive validation of any simulation models.  

This example assigns various groups to each step to emphasize the inter-
disciplinary nature of this challenging research area. Furthermore, it establishes the fact 
that there is no need for each and every group of researchers to collect their own data for 
analysis or simulation. The emphasis is on an open sourced and publicly accessible 
dataset, while still maintaining occupant privacy, which is the key to unleashing the 
potential research opportunities in energy feedback. It can provide a feasible and efficient 
solution for developing targeted and tailored feedback programs. Moreover, partnering up 
with utility companies [87, 92, 93] to leverage the existing infrastructure systems, give 
access to high resolution smart meter data and a larger sample population would 
suggestively expedite the research process by eliminating sensor deployments and the 
data collection phase. This latter option is not feasible in all types of buildings (e.g. 
commercial office buildings). The granularity of data needed to conduct occupant-based 
energy feedback studies in commercial office buildings must be at the plug load level 
[48], which is extremely expensive and labor-intensive to collect, another reason to move 
toward an open- source data platform to enhancing the research in this field.  

Earlier, we discussed the challenges and barriers of occupant energy feedback 
research and provided both insights and recommendations for conducting more reliable 
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studies. In the following text, we summarize the necessary considerations for more 
effective energy feedback studies and major consideration to implement the vision. 
 
Major Considerations: 
 

• Community members should consider the potential of anonymizing and releasing energy 
use, survey, and experimental data. Furthermore, they should take into account the 
necessary elements, in the IRB approval process, that could facilitate 
further collaborative research in the community. 

• The interdisciplinary nature of energy feedback research requires collaborative research 
that improves the quality of interdisciplinary research and brings new perspectives to the 
research area. 

• The vision proposed in this section recommends implementation of a closed-loop process 
to benchmark pre- and post-study behaviors, responses, and energy uses. 

• Suggested behavioral determinants such as previous energy consumption level, socio-
economic status, environmental attitude, dwelling size and type, and more should be 
considered when forming study groups. Research has reported the effect of these factors 
on occupant response to feedback programs. 

• Studies need to consider the effects of comfort and productivity on occupants’ energy 
consumption. While these are among the most significant constraints of occupants’ 
energy efficiency, there have been, to date, limited efforts toward understanding them. 

 
Necessary Considerations: 
 

• The sample data used to conduct experiments and surveys should be unbiased and 
normally distributed based on demographics and other characteristics. However due to 
the difficulty of recruiting such a sample population, participants can be recruited from 
any specific demographic as long as necessary control measures are considered in the 
analysis and results are not generalized.  

• Larger sample populations in surveys, analytics, and experiments can help researchers 
achieve more reliable and comprehensive results. The minimum sample data required to 
statistically validate the results obtained from such a study are usually suggested as a rule 
of thumb to be more than 30; however, based on the central limit theorem, there is a need 
for a data normality check even if the sample population is greater than 30 [120].  

• Length of experiments should be stretched out enough to facilitate the elimination of 
temporary effects, such as the “Hawthorne” and “action and backsliding”, while still 
providing information on potential response relapse patterns. Based on the literature, it 
takes several months (e.g. 4 months [104]) for occupants to change their capital stock of 
habits and physical technology; however, there is no guarantee that four months is long 
enough for various types of feedback programs. We recommend that researchers continue 
their study up to the point that all participants’ energy consumption behaviors have 
reached a relatively stable condition. 

• Experiments should collect proper baseline data before the program is launched and also 
allocate a randomized control group for positive benchmarking. The longer the length of 
the baseline, the more reliable the benchmark will be. 
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• Experiments should consider seasonal changes in weather and its impact on occupants 
and energy consumption in buildings. 

• Survey studies should be designed to yield high response rates to enable a fusion of 
information with energy consumption analytics for the sake of targeted energy feedback. 

There are numerous parameters that are affecting targeted energy feedback studies and to 
date no absolute answer to energy feedback design. However, based on the reviewed 
literature, limitations, challenges, and gaps of knowledge, incorporating a new design and 
maintenance vision can potentially facilitate a more systematic approach to conducting 
such studies. Moreover, this vision can enable a more collaborative effort in any open 
data platform environment that will protect occupants’ privacy and identity. 

A targeted and tailored feedback program may be a more cost-effective approach 
compared to the conventional non-tailored feedback programs. After all, eliminating less 
potent energy savers from the program and maximizing the energy savings of others who 
have higher energy saving potential via personalized feedback may be a positive solution 
[10, 18, 44, 52, 57, 69, 70, 103]. Furthermore, adhering to the necessary considerations 
list discussed in this paper is crucial in order to create a common ground that will enable 
the studies in the field to be comparable and build off one another. Accordingly, 
disclosing important information (discussed in Section 4) such as limitations and biases, 
length, sample size, weather, climatic and cultural conditions, comfort or productivity 
constraints, etc., while releasing anonymous energy use data can empower a more 
coordinated research effort by following the proposed vision and enhance the efficacy of 
targeted energy feedback programs. 
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APPENDIX 1-A 
 

Table 5. List of methodologically analyzed Studies 

Citation # Authors Year Journal 

[97] Alahmad et al. 2012 IEEE Transaction on Industrial Electronics, 
59(4), 2002-2013 

[92] Albert, 
Rajagopal 2013 IEEE Transaction on Power Systems, 28(4), 

4019-4030 

[18] Allcott 2011 Journal of Public Economics, 95(9-10), 1082-
1095 

[44] Allcott, 
Mullainathan 2010 Science, 327(5970), 1204-1205 

[104] Allcott, Rogers 2012 The American Economic Review, 104(10), 
3003-3037 

[23] Amasyali, El-
Gohary 2016 Building and Environment, 95, 251-263 

[64] Anderson, Lee 2014 Journal of Computing in Civil Engineering, 
28(1), 30-39 

[110] Anderson, Lee 2016 Applied energy, 173, 272-282 

[56] Asensio, 
Delmas 2015 Proceedings of the National Academy of 

Sciences, 112(6), E510-E515 

[30] Attari et al. 2010 Proceedings of the National Academy of 
Sciences, 107(37), 16054-16059 

[46] Ayres et al. 2013 Journal of Law, Economics, and Organization, 
29(5), 992-1022 

[61] Azar, Menassa 2012 Journal of Computing in Civil Engineering, 
26(4), 506-518 

[66] Azar, Menassa 2015 Energy and Buildings, 97, 205-218 
[93] Beckel et al. 2014 Energy, 78, 397-410 
[31] Bonino et al. 2012 Energy and Buildings, 47, 383-393 
[26] Brounen et al. 2013 Energy Economics, 38, 42-50 
[87] Brounen et al. 2012 European Economic Review, 56(5), 931-945 

[13] Carrico, Riemer 2011 Journal of Environmental Psychology, 31(1), 1-
13 

[95] Chen et al. 2014 Energy and Buildings, 70, 455-462 
[54] Chen et al. 2012 Energy and Buildings, 45, 106-115 
[109] Chen et al. 2013 Applied Energy, 105, 358-368 
[108] Chen et al. 2012 Energy and Buildings, 47, 515-524 
[49] Chiang et al. 2012 Energy and Buildings, 55, 471-480 

[51] Costanza et al. 2012 Proceedings of the ACM Conference on 
Ubiquitous Computing (pp. 216-225) 

[11] Delmas, 
Lessem 2014 Journal of Environmental Economics and 

Management, 67(3), 353-370 
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Citation # Authors Year Journal 

[89] Grønhøj, 
Thøgersen 2011 International Journal of Consumer Studies, 

35(2), 138-145 

[42] Gulbinas et al. 2015 IEEE Transactions on Smart Grid, 6(3), 1414-
1424 

[47] Gulbinas, 
Taylor 2014 Energy and Buildings, 84(0), 493-500 

[38] Haben et al. 2016 IEEE Transactions on Smart Grid, 7(1), 136-
144 

[70] Hargreaves et 
al. 2013 Energy Policy, 52(0), 126-134 

[45] Jain et al. 2013 Energy and Buildings, 66, 119-127 
[6] Jain et al. 2013 Energy and Buildings, 64, 408-414 

[55] Jessoe, Rapson 2012 The American Economic Review, 104(4), 1417-
1438 

[32] Kang et al. 2012 Energy and Buildings, 46, 112-122 
[22] Karjalainen 2011 Energy and Buildings, 43(2-3), 458-467 

[103] Khosrowpour et 
al. 2016 (In Press), Energy and Buildings 

[86] Kobus et al. 2013 Ergonomics, 56(3), 451-462 
[65] Lee, Malkawi 2014 Energy and Buildings, 69, 407-416 

[25] Littleford et al. 2014 Journal of Environmental Psychology, 40, 157-
166 

[98] Murtagh et al. 2013 Energy Policy, 62, 717-728 

[35] Mutanen et al. 2011 IEEE Transaction on Power Delivery, 26(3), 
1755-1763 

[28] Nachreiner, 
Matthies 2016 Energy Research and Social Science, 11, 276-

287 

[37] Panapakidis et 
al. 2015 Engineering Applications of Artificial 

Intelligence, 38, 1-13 

[58] Pereira et al. 2013 
In Human-Computer Interaction and 
Knowledge Discovery in Complex, 
Unstructured, Big Data (pp. 237-255) 

[72] Peschiera et al. 2010 Energy and Buildings, 42(8), 1329-1336 

[60] Peschiera, 
Taylor 2012 Energy and Buildings, 49, 584-590 

[36] Quilumba et al. 2015 IEEE Transaction on Smart Grid, 6(2), 911-918 

[52] Quintal 2013 In IFIP Conference on Human-Computer 
Interaction (pp. 453-470) 

[43] Rettie et al. 2014 Springer International Publishing, 594-604 
[29] Sanquist et al. 2012 Energy Policy, 42, 354-364 

[33] Schwartz et al. 2013 Proceedings of the National Academy of 
Sciences, 110(30), 15242-15246 

[53] Schwartz et al. 2014 Interacting with Computers 
[24] Simcock et al. 2014 Energy Policy, 65, 455-464 
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[39] Stephen et al. 2014 IEEE Transaction on Power Delivery, 29(1), 
88-96 

[71] Strengers 2011 
Proceedings of the SIGCHI Conference on 
Human Factors in Computing Systems, 2135-
2144 

[85] Vassileva et al. 2012 Applied Energy, 90(1), 182-188 
[57] Vassileva et al. 2012 Applied Energy, 93, 575-582 

[34] Vassileva, 
Campillo 2014 Renewable Energy, 67, 59-63 

[94] Viegas et al. 2016 Energy, 107, 804-817 
[63] Yang, Wang 2013 Energy and Buildings, 56, 1-7 

[111] Yu et al. 2015 IEEE International Conference on Smart Grid 
Communications (pp. 865-870) 

[27] Zhang et al. 2013 Energy Policy, 62, 1120-1127 
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APPENDIX 2-B 
 

Table 6. Temporal sequence of methods used in studies (From left to right) 

Citation # Survey Analytics Experiment Survey Analytics Simulation 
[97]   x x   
[92] x x     
[18]   x  x  
[44]   x  x  
[104]   x  x  
[23] x      
[64]      x 
[110]   x   x 
[56]   x    
[30] x      
[46]   x    
[61]      x 
[66]      x 
[93] x x     
[31] x      
[26] x      
[87] x x     
[13]   x    
[95]   x x   
[54]   x    
[109]   x   x 
[108]   x   x 
[49]   x    
[51]   x    
[11]   x    
[89] x  x x   
[42]  x     
[47]   x    
[38]  x     
[70] x  x x   
[45]   x    
[6]   x    
[55]   x    
[32] x      
[22] x      
[103]   x  x  
[86]   x x   
[65]      x 
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Citation # Survey Analytics Experiment Survey Analytics Simulation 
[25] x      
[98] x  x x   
[35]  x     
[28] x      
[37]  x     
[58]   x    
[72] x  x x   
[60]   x    
[36]  x     
[52]   x    
[43]   x x   
[29] x      
[33]   x x   
[53]   x    
[24] x      
[39]  x     
[71] x      
[85] x x     
[57] x x     
[34] x      
[94] x x     
[63]      x 
[111]   x   x 
[27] x      
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1. ABSTRACT 
 
Despite all improvements in buildings shell, equipment, and design, CO2 emissions from 
buildings are increasing. Since occupants spend more than 90% of their time indoors, 
they are inseparable and significant elements of building system dynamics. Hence, there 
is a great potential for energy efficiency in buildings using a wide range of programs such 
as intervention and eco-feedback. Despite the high level of individual differences and 
intra-class variability of occupants’ behaviors, the current state-of-the-art eco-feedback 
programs treat all the occupants uniformly and do not target and tailor the feedback. 
Therefore, it leaves an opportunity to increase the efficacy of eco-feedback systems 
through the designing of tailored and targeted programs. In this paper, we conducted a 
comprehensive analysis and tested hypotheses on occupants’ behavioral responses to a 
normative comparison feedback program, in addition to the impact of notifications on the 
level of engagement of each group of occupants. We categorized occupants who 
participated in the normative comparison feedback program into three groups (i.e. low, 
medium, and high energy consumers) based on their baseline energy consumption, and 
tested 9 hypotheses. A mixed-effect regression model (MRM) and a paired t-test was 
implemented to evaluate the proposed hypotheses. The hypotheses examine the 
variability of occupants’ responses under the same eco-feedback program, and the 
effectiveness of notifications on reinforcing occupants’ engagement in these programs. 
The contribution of this paper is two-fold: (1) reporting that the effectiveness of the 
notifications in eco-feedback programs are initially highly dependent on the type and the 
nature of the program, and then the interval and the content of the notification, and (2) 
demonstrating the variability of occupants’ behavioral responses under the same 
normative comparison eco-feedback program. These findings indicate the need for a shift 
in focus toward targeted and tailored feedback programs which treat occupants based on 
their characteristics. Moreover, they highlight the need for eco-feedback design, 
development, testing and implementation research that acknowledges and addresses 
differences in occupant responses to feedback. 
 
Keywords: Eco-feedback; Energy Efficiency; Historical Comparison; Normative 
Comparison; Occupant Behavior 
 
 
2. INTRODUCTION 
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The building sector is accountable for almost 40% of energy-use in the US [1]. Despite 
all improvements in building shell, equipment, and design, the percentage of CO2 
emissions from both residential and commercial buildings in the U.S. has been projected 
to increase by 1.8% per year through 2030 [2]. As major energy-use sources, such as 
HVAC and lighting systems, become more efficient, the share of miscellaneous energy 
consumption (e.g. plug loads) which are commonly controlled by building occupants 
increase. Thus, it calls for investigating potential occupant-based energy saving 
opportunities in buildings. Since occupants spend more than 90% of their time indoors 
[3], buildings can benefit from a wide range of programs such as intervention and eco-
feedback. 

 Although occupants can be a potential contributing component of building energy 
efficiency, due to high intra-class variability, complexity, and uncertainty of their 
behaviors, finding an appropriate motivation, estimating their potential energy savings, 
and sustaining changes in behavior are challenging. The behavior targeted in such energy 
efficiency programs is environmentally significant behavior [4]. More precisely, a 
subcategory of environmentally significant behaviors referred to as private-sphere 
environmentalism behavior. This subcategory is defined as a type of behavior in the 
private sphere that is focused on purchase, use, and disposal of personal and household 
products and equipment which have environmental impact [4]. In the past decade, a fair 
body of literature has been shaped around this topic with the primary focus on residential 
occupants’ energy efficiency, and only a secondary focus on the commercial sector. 
Despite the significant progress being made in the field of occupant energy efficiency 
across building types, existing developed programs treat occupants uniformly. Yet, we 
know that motivations, demographics, habits, working conditions, and many other 
characteristics of the occupants are considerably different. This discrepancy between the 
variability of occupants’ characteristics and the fact that they are treated uniformly is the 
point of departure for this paper. We examine the variability of occupants’ responses to a 
uniform eco-feedback study. 

 In this paper, we build on a previous study [5] conducted in a 6 story commercial 
building located in Denver, CO to examine the effect of occupants’ energy saving 
responses to a real-time eco-feedback program launched at their work place. The 
occupants’ energy consumption was monitored at a workstation-level using wireless 
smart meters and they were provided with normative and historical comparison feedback 
based on their randomly assigned study group. We ranked and divided the occupants that 
participated in a normative comparison group into three categories (i.e. high, medium, 
and low energy consumers) and implemented a mixed-effect regression model (MRM) 
approach to test multiple hypotheses regarding the variability of behavioral responses 
received from occupants who participated in a normative comparison feedback program. 
Furthermore, the level of engagement (i.e. logins to the system after receiving a 
notification) of occupants in each group was tested using a paired t-test in order to 
investigate the effectiveness of notifications sent throughout the study. 
 
3. RELATED WORK 
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There is a vast body of knowledge focused on occupants’ energy efficiency in buildings. 
The majority of these efforts have been focused on residential buildings. Among a wide 
range of occupant-based energy efficiency programs, eco-feedback systems have been 
demonstrated to be among the more effective approaches. Thus, in this section, we 
provide a comprehensive literature review on the variety of eco-feedback programs 
implemented in commercial and residential buildings. First, we address the studies 
conducted in the residential sector with all psychological, computational, and design 
elements taken into account. Then, we review commercial building eco-feedback studies 
and discuss the existing gaps of knowledge in each area. 

 Eco-feedback studies in residential buildings can be categorized based on various 
characteristics. In this study, we have chosen to distinguish the studies based on their 
feedback resolution, psychological motivators, feedback methods, and the length of the 
experiments. Eco-feedback programs incorporate a wide range of feedback methods 
starting with the most conventional paper-based approaches [6, 7], to advanced 
computer-based feedback [8-12], and in-home display units [13-17]. The frequency and 
resolution of feedback is usually correlated with the level of technology incorporated in 
each program; however, one literature review conducted on eco-feedback systems [18] 
found frequent feedback along with digital presentation to be among the most important 
elements of such systems. Allcott [6] conducted a comprehensive analysis on a massive 
dataset captured through Opower Inc. and reported that among monthly, bi-monthly, and 
quarterly feedback provided to occupants, quarterly feedback was the most effective 
frequency considering the cost-benefit analysis of the program. While the body of 
research is in favor of more frequent feedback provided to occupants, the cost-
effectiveness analysis favors less frequent feedback. 

 Feedback studies in residential buildings have been conducted in a wide range of 
lengths and sample sizes. Naturally, the longer the length of the study and the larger the 
sample size, the more reliable the results. Thus, the studies can be divided broadly into 
two categories: short-term and long-term. Based on the literature, the short-term effect of 
eco-feedback studies are relatively stronger than the long-term effect, meaning that the 
energy savings are higher and occupants are more engaged in the beginning of the 
program [19]. In terms of occupants’ engagement in the program measured by the 
number of logins to the online platforms, visiting in-home displays, and also responding 
to the notifications sent out during the study, the general trend supports the decay of 
engagement over time [20]. However, studies have shown that the engagement and 
savings diminish to an extent and reach a plateau at some point [19]. Moreover, it has 
been established that the number of visits to eco-feedback platforms are statistically 
correlated to the level of energy savings over time [8].  

 There are various psychological motivators implemented in the aforementioned 
studies to motivate occupants to sustainably save energy. Social norms [6, 11, 21-24], 
historical comparison [12, 14, 25-27], goal setting [13, 28, 29], and many other 
approaches have been implemented in studies to evaluate the effectiveness of each on 
inducing energy savings. The social norm (e.g. normative comparison) has been shown to 
be among the most effective approaches [7]. Despite the limited efforts on targeting 
utilities’ customers [30, 31] and understanding the underlying correlations between 
occupants’ behavior and their energy consumption [32, 33], these programs (e.g. 
normative comparison, historical comparison, etc.) treat all occupants uniformly 
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regardless of their characteristics, demographic information, and habits, which may lead 
to weak response from a substantial group of occupants who are not motivated by a non-
differentiated eco-feedback program. Unfortunately, the effect of non-differentiated 
feedback has not been employed to improve the engagement and motivation of all 
occupants in eco-feedback studies. A tailored and targeted energy efficiency program 
may enhance the efficacy of such programs. 

 Commercial sector eco-feedback programs differ from residential sector programs 
for several reasons. In the commercial sector (especially office buildings), the majority of 
occupants do not have direct financial incentives to save energy in the building [34]. 
Moreover, in office buildings, productivity is a major concern of all employees [35], thus 
introducing the challenging issue of a productivity, comfort, and energy efficiency trade-
off in the workplace. Similar to residential buildings, there are studies incorporating 
various psychological motivators in commercial eco-feedback systems. Social norms, 
historical comparison, and goal setting are the most dominant. Nevertheless, we lack 
long-term eco-feedback studies in the commercial sector to determine the long-term 
energy efficiency potential of occupant conservation programs. In terms of feedback 
methods, the approaches vary from energy efficiency campaigns [34] to real-time 
feedback [36-39]. Despite one limited effort in providing personalized feedback in 
commercial buildings [40], none of the aforementioned studies differentiate occupants 
with respect to their responses. 

 Considering the high intra-class variability in occupants’ behavior, habits, work 
schedules, and demographics, it is surprising that eco-feedback studies conducted in the 
residential and commercial sectors have not examined these differences and incorporated 
them to provide occupants with various psychological motivators, tailored feedback 
information, and personalized feedback frequency to enhance the efficacy of current 
energy efficiency programs. In this paper, we take initial steps to examine whether non-
differentiated feedback is effective. We examined three study groups: an organizational 
feedback group (i.e. received normative comparison feedback), an individual feedback 
group (i.e. received only individual feedback), and a control group (i.e. received no 
feedback) and monitored them for a period of three months. We then examined the 
occupant responses and reaction to normative comparison feedback provided in the 
course of the study. Moreover, we conducted a complementary analysis on statistical 
significance of the response rates (i.e. number of logins) to the notifications sent 
throughout the study, regardless of the energy savings obtained after each notification. In 
other words, we segregate the effect of notifications on energy savings from the logins to 
the platform. A mixed-effect regression model (MRM) was implemented along with a 
paired t-test for the sake of evaluation. 
 
4. METHODOLOGY 
 
Workstation energy consumption was collected using wireless smart meters. Occupants’ 
interactions with an online platform, “BizWatts” [39], was monitored by capturing the 
date and duration of the logins, along with the clickstreams on the website. In order to 
create the group variables, we categorized occupants assigned to the normative 
comparison groups based on their energy consumption in the baseline period into three 
quantiles. Therefore, we have five groups in total: historical comparison, normative 
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comparison, and three subgroups (i.e. low, medium, and high energy consumers) 
extracted from the normative comparison group based on their baseline performance. 
These two pieces of information enabled us to conduct a comprehensive analysis on 
occupants’ response to a normative comparison study, in addition to a thorough analysis 
on notification impact on occupants’ engagement in the study. The methodology section 
is divided into two parts. The first addresses the mixed-effect regression model used to 
analyze the variability of responses received from occupants based on their performance 
in the normative comparison feedback group. The second section explains the 
methodology used to test the response rates to each notification sent out during the study 
as a reminder to reinforce occupants’ participation in the program.  
 
4.1. Normative Comparison Response Analysis 
 
Traditional longitudinal data analysis methods (e.g. ANOVA and MANOVA) are of 
limited use in our case due to the underlying assumptions regarding missing data across 
time, and the variance-covariance structure of the repeated measures [41]. To study the 
change of behavior in the normative comparison feedback group, we implemented a 
mixed-effect regression model to model the difference of log-transformed energy 
consumption before and after the baseline. There are several characteristics that make 
MRMs a more compelling approach in this study. First, since time is treated as a 
continuous variable, subjects are not required to be measured on the same number of data 
points [41]. Second, in order to capture any potential deviations of the subjects from the 
general trend, MRM can estimate the change for each subject [41]. And finally, MRM is 
capable of capturing the potential existing within-subject correlations. 

 Energy-use data was transformed into log scale because it did not have symmetry 
in the original scale. To control for the individual differences that might affect the trend 
over the length of the study, we calculated the average of baseline usage for each 
participant. To model the nonlinear energy behavior trajectory across time, we considered 
linear and/or quadratic time effects as fixed effects. Higher orders of time effect are not 
considered because of the small sample size. A group variable was included in the model 
to examine the effect on energy changes. The interactions between the group variable and 
time effects were also considered in the model. We included linear and/or quadratic 
random time effects to capture the possible variation in the rates of change across 
individuals. That is, we assumed that each individual can have a different pattern of 
energy-use over the study period. Equation (1) represents the final model chosen among 
all various combinations of variables, effects, and orders described above. The Akaike 
Information Criterion (AIC) [42, 43], which is a relative measure of statistical model 
quality, was used to select an appropriate model. The selected model includes linear, 
quadratic time effects and group variable as fixed effects, along with linear, quadratic 
random time effects. The interactions between the group variable and time effects are not 
statistically significant. All the analyses were performed in SAS 9.3. 

 
!"# = %0 + 	%1	Week"# + %2	Week"#2 + 	%3	Group" + 40" + 	41"		Week"# + 42"		Week"#2 + 5"#	,    (1) 
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where !"#   is the log of average energy usage at week !   for subject !   minus the baseline 
usage, Week$%   takes values in 1, … ,10 ,	  and !"#	~	& 0, )2 .	   Here ! = 1,…75   (number of 
subjects), ! = 1,… , 	'(   (number of weeks). 
 
Because we used the control group as a reference group in the model, the interpretation of 
the model parameters is as follows:  
 
• !0		: average week 0 response (difference in log transformation of energy-use) for 

control group 
• !1		: average weekly linear change for control group 
• !2			: average weekly quadratic change for control group 
• !3		: average week 0 response change difference between groups 
• !0#		: individual deviation from average intercept 
• !1#			: individual deviation from average linear change 
• !2#			: individual deviation from average quadratic change. 
 
We calculate the variation of energy consumption for each group with respect to the 
baseline to further evaluate the effect of the eco-feedback program on the study groups. 
To do so, the following four hypotheses are formulated: 
 
• Hypothesis 1: Low energy consumers in the normative comparison group changed 

their behavior statistically after the study was launched. 
• Hypothesis 2: Medium energy consumers in the normative comparison group 

changed their behavior statistically after the study was launched. 
• Hypothesis 3: High energy consumers in the normative comparison group changed 

their behavior statistically after the study was launched. 
• Hypothesis 4: The historical comparison group occupants changed their behavior 

statistically after the study was launched. 
The corresponding p-values for each hypothesis are provided in section 4.1 which 
determine the rejection of null hypotheses. 
 
4.2. Notification Impact Analysis 
 
In order to evaluate the statistical significance of notifications’ impact on occupants’ 
engagement in our eco-feedback platform, we categorized occupants based on the eco-
feedback program they participated in. There are a total number of 5 notifications sent in 
the period of 69 days with an uneven interval between notifications. In order to assess the 
impact of notifications on occupants’ engagement in the programs, we chose a three day 
window based on [20] recommendation to have a time window longer than weekends, 
and also to consider the possibility of delays in checking the emails (i.e. notifications). 
Thus, we summed up the number of logins three days prior and after each notification 
was sent (excluding the day notification was provided) and implemented a Kolmogorov-
Smirnov hypothesis test [44] to check the normality of the data. Since our data is 
normally distributed, a paired t-test method was used to test the hypotheses proposed 
below to assess the effectiveness of notifications in engaging occupants in our study. 
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Moreover, the average logins prior to and after each notification was calculated to 
investigate the variation of engagement levels among various groups. 
 
• Hypothesis 5: The normative comparison group’s engagement level changed 

statistically after receiving each notification. 
• Hypothesis 6: The historical comparison group’s engagement level changed 

statistically after receiving each notification. 
• Hypothesis 7: The normative comparison group’s low energy consumers’ 

engagement level changed statistically after receiving a notification. 
• Hypothesis 8: The normative comparison group’s medium energy consumers’ 

engagement level changed statistically after receiving a notification. 
• Hypothesis 9: The normative comparison group’s high energy consumers’ 

engagement level changed statistically after receiving a notification. 
 
Fig 1 illustrates all occupants’ logins during the study. The number of logins are 
distinguished by colors as labeled in the color bar. There were 82 total logins to the 
system with an average 0.75 logins per person for the historical comparison group, and an 
average 2.34 logins per person for the normative comparison group. The notification 
dates are represented with arrows at the bottom of the figure, and occupants are 
categorized based on their groups on the left side (the numbers on the Y-axis represent 
the range of subject/occupants’ IDs). 
 

 
Figure 1. Surface plot of daily logins 

In the following section, we report the results obtained from our MRM analysis, evaluate 
the p-values calculated for each hypotheses proposed in this section, and discuss the 
implications of our findings. 
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5. RESULTS AND DISCUSSION 
 
The results obtained from the aforementioned analyses are reported in two separate 
sections, following the methodology structure. Section 4.1 addresses the hypotheses 
designed to test the occupants’ responses to the normative comparison feedback based on 
their baseline energy consumption in the group. While, section 4.2 reports the results 
obtained for the five hypotheses designed to test the effectiveness of notifications in 
engaging individuals in the program in each group. 
  
5.1. Normative Comparison Response Analysis 
 
As described in section 3.1, we implemented SAS 9.3 to fit various MRMs with fixed and 
random linear/polynomial time effects in this study. After performing a log 
transformation on the weekly energy consumption data, the best model was chosen using 
the lowest AIC [42, 43]. The selected model includes linear, quadratic time effects and 
group variable as fixed effects, along with linear, quadratic random time effects. The p-
values are reported for evaluating the hypotheses proposed in section 3.1. Table 1 
includes the results for each study group’s energy-use behavior compared to the control 
group with respect to the baseline. 
 

Table 7. Occupants’ behavior change results compared to control group during the eco-
feedback study 

Groups 
Energy 
Consumption 
Level 

p-value Energy 
Variation 

Normative 
Comparison 

High 0.1066 -10.5% 
Medium 0.0930* 1.2% 
Low 0.0191** -2.5% 

Historical Comparison 0.1720 -3.8% 
*0.05 < p-value ≤ 0.1, marginally significant 
**p-value ≤ 0.05, significant 

 
The p-values obtained for each hypothesis assess the level of energy-use change with 
respect to the control group. In the normative comparison group, the medium energy 
consumers results marginally (i.e. 0.05 < p-value ≤ 0.1) reject the null hypothesis 2. It has 
to be noted that unexpectedly, the level of energy consumption was increased with 
respect to the baseline for medium energy consumers. The low energy consumers results 
statistically (i.e. p-value ≤ 0.05) reject the null hypothesis 1, while decreasing the level of 
energy consumption compared to the baseline period, implicating the effectiveness of 
normative comparison eco-feedback programs on low energy consumers. This finding 
contradicts the previous works published in the field of residential sector normative 
comparison feedback systems reporting the potential existence of a boomerang effect [6]. 
On the other hand, there is not enough evidence to reject the null hypothesis for high 
energy consumers in the same group. The historical comparison group, did not show a 
statistically significant change of behavior compared to both their baseline and the 
control group. Thus, we could not find enough evidence to reject the other null 
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hypotheses 3 and 4. In summary, the statistical status of the proposed hypotheses are as 
follows: 
 
• Hypothesis 1: Low energy consumers in the normative comparison group statistically 

changed their behavior after the study was launched. 
o Null hypothesis statistically rejected, energy consumption decreased. 

• Hypothesis 2: Medium energy consumers in the normative comparison group 
statistically changed their behavior after the study was launched. 

o Null hypothesis marginally rejected, energy consumption increased. 
• Hypothesis 3: High energy consumers in the normative comparison group statistically 

changed their behavior after the study was launched. 
o Null hypothesis is not rejected, energy consumption decreased. 

• Hypothesis 4: The historical comparison group occupants statistically changed their 
behavior after the study was launched. 

o Null hypothesis is not rejected, energy consumption decreased. 
 
The obtained results support our conjecture that responses to a uniform eco-feedback 
program by various groups categorized based on their energy consumption vary. If 
different energy consumption level groups respond differently to the same feedback, then 
it suggests we may need targeted and tailored approaches to induce energy savings in all 
categories of occupants regardless of their behavioral and characteristic differences. 
 
5.2. Notification Impact Analysis 
 
In this study, we recorded the duration and dates of logins made into the eco-feedback 
system for each user. 5 notifications were sent with 7 to 21 day intervals in-between as 
reminders to reinforce users’ engagement in the program. Since all of our groups passed 
the Kolmogorov-Smirnov normality test, we implemented a paired t-test to evaluate the 
aforementioned hypotheses in section 3.2. Table 2(a) demonstrates all p-values obtained 
for each group, for each notification, while Table 2(b) demonstrates the engagement 
variations averaged over three days prior to and after each notification. 
 

Table 8. Occupants’ engagement results during the eco-feedback program after each 
notification 

(a) Notification Dates 

Study Groups May 
7th 

May 
14th May 27th June 

17th 
June 
30th 

Normative 
Comparison 

Group p-values 

0.0533* 0.0090** 0.0304** 0.3282 0.0829* 

Historical 
Comparison 

Group 
0.3388 0.1661 0.3388 0.3388 NAN 

*0.05 < p-value ≤ 0.1, marginally significant 
**p-value ≤ 0.05, significant 
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(b) Notification Dates 

Study Groups May 
7th 

May 
14th 

May 
27th 

June 
17th 

June 
30th 

Normative 
Comparison 

Group Engagement 
Variations 

+0.48* +0.43** +0.26** -0.09 +0.13* 

Historical 
Comparison 

Group 
+0.08 +0.17 +0.25 +0.08 0 

*0.05 < p-value ≤ 0.1, marginally significant 
**p-value ≤ 0.05, significant 

 
The p-values obtained for the normative comparison group provides relatively strong 
evidence to reject null hypothesis 5. More specifically, when looking at the entire 
normative comparison study group, in 4 out of 5 notifications, the results marginally or 
significantly support the effect of notifications sent out during the study in increasing the 
level of engagement of the occupants in the program. Moreover, the average number of 
logins per person in these 4 instances increased after each notification compared to the 
previous 3 days. However, due to an uneven distribution of the intervals between 
notifications, the fourth notification did not statistically change the level of engagement 
and a decreasing trend in the level of engagement was observed for two potential reasons. 
First, the delay between the 3rd and the 4th notification is close to 3 weeks which is the 
longest lag in this study. Furthermore, referring to Fig 1, it could be observed that some 
occupants returned to the eco-feedback platform 1-2 weeks before they received any 
notifications from us, suggesting a potential periodic performance observation behavior 
shaping among occupants. Some values are reported as NANs in Table 2; that is a result 
of 0/0 p-value generated due to a zero variance obtained from having identical datasets in 
the t-test calculation, and implies the insignificance of the hypotheses test results. There 
is not enough evidence to reject the 6th null hypothesis. Thus, it suggests the lack of 
effectiveness of notifications sent out to the historical comparison group. In another 
attempt, we concatenated the responses to all five notifications sent out during the study 
for each group and subgroup, and conducted a paired t-test to evaluate the overall 
response to all five hypotheses proposed in section 3.2 regardless of their dates. Because 
of this, we restricted the constraint for significance to a p-value of less than 0.05. The 
results of statistical tests along with the average variation of engagement level in each 
group are provided in Table 3. 
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Table 9. Occupants’ engagement results during the eco-feedback program for all 
notifications 

Groups 
Energy 

Consumption 
Level 

All Notifications 

Normative 
Comparis
on Group 

Low 

p-values 

0.0318** 

Engagement 
Variation 

+0.17 
Medium 0.0132** +0.42 

High 0.0577 +0.13 
All 0.0003** +0.24 

Historical Comparison Group 0.0514 +0.12 
 **p-value ≤ 0.05, significant   

 
Table 3 demonstrates a strong support for rejecting null hypotheses designed for low and 
medium energy consumers in the normative comparison group and also all normative 
comparison participants as a single group (i.e. Hypotheses 5, 7, and 8), while the 
historical comparison group, and high energy consumers in the normative comparison 
group lack statistical support for rejecting the null hypotheses (i.e. Hypotheses 6 and 9). 
In other words, the overall effect on notifications sent in this study were stronger on the 
low and medium energy consumers in the normative comparison group, while not being 
statistically effective on the high energy consumers. Furthermore, the normative 
comparison group (as a single unit) was encouraged by notifications to login to their 
accounts and check their energy consumption. On the other hand, the historical 
comparison group did not show a statistical change of behavior as a result of received 
notifications. In the following section, we discuss the limitations of our study and suggest 
the future venues of research. 
 
6. LIMITATIONS & FUTURE RESEARCH 
 
There are a few limitations in this study which prevented us from further investigating the 
underlying causes of behavioral changes observed among occupants in the normative and 
historical comparison eco-feedback programs. First, there was no demographic 
information collected in order to find any potential correlations between energy saving 
patterns and occupants’ characteristics. Second, the length of the study was only 69 days, 
which does not provide sufficient information to determine the potential decay of 
occupants’ engagement and energy efficiency in the long-term. The number of occupants 
involved in this study was only 35. 12 employees participated in historical comparison 
feedback study, and 23 in the normative comparison. The limited number of sample data 
potentially increases the variance, while decreasing the reliability of the reported results. 
However, this sample was adequate to demonstrate the important variances in responses 
to and engagement with feedback across occupants. 

 As reported in this paper, occupants did not exhibit uniform behaviors, and even 
demonstrated different performance levels while being in the same study group (i.e. 
normative comparison feedback group). Therefore, it highlights a great opportunity to 
investigate the methods and effect of tailored and targeted eco-feedback systems which 
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maximize the potential energy saving of each individual in buildings. The results suggest 
that targeted eco-feedback programs have a great potential to further improve the efficacy 
of energy efficiency programs through tailoring both the notifications and the 
psychological motivators applied to each individual. Furthermore, the feedback provided 
in previous studies/programs did not have any subject-oriented context or information, 
and did not consider individual schedules, duties, workstation appliances, and many other 
impacting elements. Therefore, it provides an opportunity to examine context-aware and 
timely feedback tailored based on each individual’s characteristics in these programs in 
future research. 
 
7. CONCLUSION 
 
In this paper, we conducted a comprehensive analysis and hypothesis test on occupants’ 
behavioral responses to normative comparison feedback programs, in addition to the 
impact of the notifications sent throughout the study on the level of engagement of each 
group of occupants. We categorized the occupants who participated in the normative 
comparison feedback program into three groups (i.e. low, medium, and high energy 
consumers) based on their baseline energy consumption, and tested 4 hypotheses to 
assess the existence of potential behavioral differences among occupants in response to a 
normative comparison eco-feedback study. The results reported a significant change of 
behavior for low energy consumers, while indicating a decrease in the level of energy 
consumption. The medium energy consumers did marginally change their behavior 
compared to the baseline, with an unexpected increase in the level of energy 
consumption. The implication of these results suggest the need for targeted and tailored 
eco-feedback, which treats individuals based on their behaviors, habits, characteristics, 
etc.  
 Multiple hypotheses tests were conducted to investigate the effectiveness of the 
notifications sent during the study on occupants’ engagement in the program (measured 
by the number of logins before and after each notification). The results support the 
positive and significant change of low and medium energy consumers’ engagement in 
normative comparison feedback based on their responses to the notifications. However, 
the high energy consumers’ engagement in normative comparison feedback did not 
significantly change under the influence of notifications. Moreover, when comparing the 
entire normative comparison group to the historical comparison group, the normative 
comparison group was statistically and positively affected by notifications while the 
historical comparison was not. To illustrate, the normative comparison group statistically 
responded to all notifications except the fourth one, whereas, the historical comparison 
group did not show any significant response to any of the notifications. The root cause of 
the lack of response to the fourth notification in the normative comparison group could be 
found in the longer interval between the third and fourth notifications. Furthermore, when 
concatenating the responses to all notifications, the statistical results further confirm the 
significance level of the normative comparison group’s response to notifications, while 
the historical comparison group did not achieve a significant result. 

 The major implications of the aforementioned findings are two-fold. First, the 
results supporting the variability of behavioral responses under the same normative 
comparison program demonstrate the need for new venues of research in developing 



54 
 

tailored and targeted energy efficiency programs in buildings. Second, the impact of 
notifications observed in this study initially emphasizes the importance of the nature of 
the program rather than the count and interval of the notifications. Though, the timing 
and the duration between the notifications can be an important factor as the 4th 
notification in this study did not receive significant response due to the potential longer 
interval. In conclusion, the contribution of this paper is in providing a comprehensive 
analysis on the effect of notifications on occupants’ engagement with an eco-feedback 
system, and claiming that the effectiveness of the notifications are highly dependent on 
external factors. Furthermore, we provide insight on variability of occupants’ response to 
similar normative comparison eco-feedback, which suggests that future research on eco-
feedback design, development, implementation, and analysis acknowledge and address 
user differences and incorporate tailored feedback to enhance the efficacy of eco-
feedback programs. 
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1. ABSTRACT 
 
As buildings become more energy efficient and automated, the role of occupants 
becomes more significant to assist buildings in reaching their full energy efficiency 
potential. Predicting occupants’ consumption behavior has been identified as one of the 
most challenging processes in energy efficiency programs and building management 
system operations. Thus, more accurate behavior learning algorithms for commercial 
buildings are needed to improve energy efficiency. In this paper, we propose a method to 
predict occupants’ energy-use behavior based on individual energy consumption profiles 
and assess its potential to increase the effectiveness of energy efficiency programs. The 
proposed method implements a support vector machine in order to model and predict 
occupants’ short term energy-use patterns and test hypotheses for the existence of a 
correlation between occupants’ entropy, efficiency and prediction accuracy. The results 
show an average accuracy of 83% for individual energy-use pattern prediction while 
being positively correlated with individuals’ energy-use behavior. The main contributions 
of this paper are: 1) proposing and validating a new method to predict individuals’ 
energy-use patterns based on their individual workstation-level energy consumption 
patterns, and 2) assessing the feasibility and potential of implementing this method to 
enhance the efficacy of energy efficiency programs to further induce energy efficiency.  
 
Keywords: Commercial Buildings; Energy Efficiency; Machine Learning; Occupant 
Behavior; Support Vector Machine. 
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2. INTRODUCTION 
 
The commercial building sector is responsible for a substantial portion of energy 
consumption in the United States. Recent research indicates that, despite technology 
improvements and tightened standards for this sector, the energy demand continues to 
grow at an annual rate of 0.8%; this is the fastest growth rate after the industrial sector 
[1]. The advent of advanced metering technology provides the possibility of building 
energy monitoring and feedback at various granularities. The most recent generation of 
wireless sensors facilitate the process of real-time plug load monitoring and feedback. 
Benefiting from the rich data acquired through these sensors, a thorough analysis on 
occupants’ energy consumption [2, 3], energy prediction [4, 5], and eventually a more 
accurate bottom-up building energy prediction could be conducted [6]. This not only 
could increase energy managers’ information about occupants’ energy-use, but would 
also enable them to provide more accurate feedback to occupants and increase the energy 
efficiency of the building. Building occupant-level energy prediction could significantly 
improve energy efficiency (EE) programs by providing targeted, personalized, and timely 
information regarding occupants’ behavior [7-13]. This information can considerably 
increase the effectiveness of such programs while providing a more pleasant user 
experience for EE programs (e.g. through eco-feedback systems). However, due to the 
high degree of uncertainty in predicting an individual’s energy consumption [14, 15], 
researchers suggest grouping these individuals to improve the prediction accuracy [16, 
17]. Yet, this recommendation is in conflict with the potential for advanced sensors to 
provide high precision and high resolution data (at the individual occupant level) on 
consumption in order to empower eco-feedback programs through targeting occupants, 
and enhance building management system control predictive models.  

In this paper, we approach the occupant energy prediction challenge from a 
behavioral perspective. We propose a method to predict individuals’ energy consumption 
behaviors at a workstation-level. We accomplish this by creating energy-use codebooks 
based on individuals’ historical energy-use, assessing the feasibility of designing a 
targeted EE program, and introducing a new approach to maximize the effectiveness of 
EE programs in commercial buildings. Lastly, to validate our method we tested two 
hypotheses: 1) there exists an interdependency between energy-use pattern prediction 
accuracy and occupants’ energy-use entropy, and 2) there exists an interdependency 
between energy-use pattern prediction and occupants’ energy efficiency. The results of 
these tests are critical to assess the efficacy of our proposed method to target inefficient 
occupants in commercial buildings. 
 
3. RELATED WORK 
 
3.1. Sensor-based Building Energy Monitoring 
 
Sensor-based energy prediction has gained popularity in both the commercial and 
residential sector with recent advancements in sensor-based monitoring. However, the 
body of research is more focused on less granular scales (e.g. building, zone, city, etc.) 
[16-21]. High resolution sensors facilitate the implementation of bottom-up approaches 
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which can potentially increase the prediction accuracy and provide diagnostics for 
identifying the areas of inefficiency in buildings [22]. Earlier datasets were captured at a 
relatively low resolution and building-level granularity, and energy prediction models 
were only capable of predicting building energy consumption at a high granularity [14]. 
Later, the metering technology was improved to a higher resolution by monitoring 
energy-use of central energy consumers in buildings such as HVAC systems, lighting 
systems, and domestic hot water systems [23-27]. Recent advancements in metering 
technology have provided an opportunity to meter end-user energy consumption at an 
appliance-level resolution. Despite these efforts on sensor-based energy feedback, there is 
still much research to be done to achieve metering infrastructure’s full potential to induce 
energy savings.  
 
3.2. Building Energy-use Prediction 
 
In addition to sensor-based feedback approaches to understand energy use, various 
artificial intelligence (AI) approaches, such as machine learning algorithms, have been 
implemented to predict short and long term energy consumption of end-users in 
buildings. Early research in the commercial sector centered on ASHRAE’s prediction 
competition in 1994. That year, MacKay [28] won the energy prediction competition by 
applying a Bayesian non-linear regression and an automatic relevance determination 
algorithm. The main focus later shifted toward Neural Networks (NN) and SVM-based 
algorithms, which represent more robust modeling approaches. Numerous researchers 
established novel modifications of NN models for energy consumption prediction. 
Adaptive artificial neural network algorithms [29] and feed forward neural networks [30] 
are variations that have already been implemented in the literature for energy prediction. 
However, algorithms are not necessarily the only impacting factor in occupants’ energy 
prediction process. There is a substantial body of knowledge investigating the effects of 
various features impacting the training and testing of NNs. For example, Wong et al. [23] 
offered an energy prediction model by including building envelope type as a new input 
variable to train a model using artificial neural networks. The main differences in NN-
based studies are in the input variables, architecture, parameter optimization, etc. In the 
residential sector, several similar studies on energy forecasting have been conducted. 
However, according to Edwards et al. [31] who examined various machine learning 
algorithms to predict residential electricity consumption, the different load shapes 
between residential and commercial buildings prevent the same algorithm from being 
effective in both sectors. Furthermore, Li et al. [32] compared the strength of SVM and 
NN algorithms in hourly energy prediction of cooling systems and found SVM as a more 
accurate algorithm in energy prediction compared to NNs. Moreover, Dong et al. [33] 
reported the advantages of SVM compared to NN as smaller sample pool, structural risk 
minimization approach, and also the fewer number of parameters required to be 
optimized in training process. Therefore, researchers such as Fan et al. [19] proposed a 
data mining approach to develop the next-day energy consumption and peak power 
demand prediction ensemble algorithms. Ensemble algorithms benefit from a 
combination of ML algorithms to reinforce the learning process and combine multiple 
underlying basis models, including: multiple linear regression (MLR), auto-regressive 
integrated moving average (ARIMA), support vector regression (SVR), random forests 
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(RF), multi-layer perceptron (MLP), boosting tree (BT), multivariate adaptive regression 
splines (MARS), and k-nearest neighbors (KNN). In this work, the ensemble algorithm 
prediction accuracy outperformed the individual algorithms. There are other advanced 
methods used to predict occupants’ energy consumption in the residential sector such as 
[34, 35]. Variations of Markov processes (e.g. Hidden Markov Model, Random Markov 
field, Markov chain, etc.) have been used to develop more comprehensive prediction 
models with capability of considering prior, transitional, and emission probabilities in 
models. Among the aforementioned prediction methods, depending on the level of 
available information, type of data, and the length of data each method can outperform 
the others. Nevertheless, in this study due to incorporation of energy-use profiles, short 
length of study, and simplicity of SVM methods we decide to implement a support vector 
machine method for the sake of prediction. 
 
3.3. Utilizing Occupant-level Monitoring to Improve and Target Energy Efficiency 
 
There are a few studies that take advantage of high resolution end-user energy monitoring 
in residential and commercial buildings with a focus on energy analysis and energy 
efficiency. Chen et al. [36] utilized an appliance level real-time eco-feedback system to 
reduce energy consumption and analyze appliances energy-use in residential buildings. In 
a commercial building setting, Murtagh et al. [37] conducted an eco-feedback study with 
more than 80 participants, using historical comparison techniques to motivate occupants 
to save energy. Gulbinas et al. [2, 38] investigated the effect of real-time eco-feedback 
systems coupled with various psychological techniques on occupants’ energy 
consumption behavior in a commercial building. This study examined individuals’ 
energy consumption at a workstation level and provided novel metrics and insights to 
quantitatively evaluate occupants’ energy efficiency. Likewise, Bradley et al [39] studied 
the effect of eco-feedback systems on individuals’ energy consumption in an office 
environment. At a higher monitoring resolution, Yun et al. [40] designed an appliance-
level eco-feedback system (e.g. main desktop computers and monitors, servers, modems, 
routers, refrigerators, etc.) to improve the occupants’ energy awareness and efficiency 
through various psychological approaches. Moreover, Coleman et al. [41] implemented 
an appliance-level personalized eco-feedback system to promote energy efficient 
behavior in commercial buildings. These aforementioned studies provide high resolution 
and personalized feedback such that each occupant can observe the energy-use 
information related to their own appliances and workstations. In some cases, this includes 
normative comparison approaches that allow monitoring peers’ energy consumption as 
well. However, there are a limited number of studies that approached promoting energy 
efficiency in a targeted way to follow a “one size does not fit all” notion as endorsed by 
numerous researchers [7-13]. In other words, there is a gap of knowledge in that previous 
studies did not take into account occupants’ individual energy-use behavior to provide 
well-timed, personalized, and targeted energy efficiency feedback to induce further 
energy efficiency. 
 Building on this knowledge of existing high resolution and real-time eco-feedback 
systems [2, 38], we developed an energy-use behavior prediction algorithm which is 
trained based on individuals’ historical energy-use codebooks and predicts upcoming 
time interval energy-use behaviors at an individual-level. The ability to predict energy-
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use behavior can impact the design of targeted and sustainable feedback systems by 
providing useful information in a timely manner on potential inefficient energy 
consumption behaviors and transform the efficacy of EE programs in the near future 
through promoting curtailment behaviors and inducing higher levels of energy efficiency. 
For example, such a feedback system could learn and predict when each individual will 
leave the office and send timely and targeted notification reminders to users that are 
unlikely to turn off workstation-level equipment. In this study, we utilize a novel 
occupant classification method to group individuals by their energy-use patterns. Energy-
use data is segmented by workday and non-workday hours and energy-use codebooks are 
created for the morning (i.e. non-working hours), work hours, and evening (i.e. non-
working hours). Based on individually classified codebooks, separate models are trained 
using a support vector machine (SVM) algorithm to infer the future energy-use behavior 
of segmented clusters of occupants. The main purpose of developing such an algorithm is 
to leverage the abstracted energy-use profile of each individual and predict the future 
energy consumption patterns. These patterns, along with the prediction accuracy of our 
method, provide the information required to evaluate hypotheses designed to validate the 
proposed methodology. The hypotheses are as follows: 1) an interdependency exists 
between energy-use pattern prediction accuracy and occupants’ behavior, and 2) an 
interdependency exist between energy-use pattern prediction and occupants’ energy 
efficiency, are tested. 
 
4. METHODOLOGY 
 
A three step process was taken place as illustrated in Fig. 1. Data collection includes the 
energy consumption data captured through plug load monitors. The collected energy 
consumption data was classified for each individual using a 3-step process as described in 
section 3.2.2. Finally, a support vector machine algorithm used to train and predict 
individuals’ energy load patterns.  
 

 

Fig 2. Overview of the process 

 
4.1. Data Collection 
 
The data collection was conducted in a 6 story commercial building located in Denver, 
CO with approximately 115 full-time employees working in 27 non-profit organizations 



63 
 

in that building. The workstation appliances were not identical, however, desktop 
computers or laptops, desk lamps, and in some cases printers were most common 
appliances. All appliances were connected to a power strip as illustrated in Fig 1 and the 
power strip energy data was captured through commercially available wireless plug load 
monitoring sensors. Each group of plug load monitors depending on the location 
communicate via 900 MHz RF signal with a central router that uploads the data to our 
database through Ethernet connection. Please refer to [42] for further information 
regarding infrastructure of our experiment.  
 
4.2. Classification and Prediction 
 
The proposed method consists of three key elements described in the following sub-
sections. First, occupant energy-use behavior is classified and individual codebooks (i.e. 
individual energy-use profiles) are generated. Next, a support vector machine is used to 
learn the occupants’ energy-use behavior using a set of features. Finally, energy-use 
predictions at various resolutions are tested and compared. A main goal of our algorithm 
is to leverage the existing occupants’ energy consumption profiles created through 
incorporation of multiple modified K-means clustering algorithm on individuals’ energy 
consumption by [2] to predict future energy consumption of each individual. The 
overview of the algorithms used in [2] are provided in the following subsections. We can 
then evaluate hypotheses that validate the potential of the approach to enhance energy 
efficiency programs through predictive models.  
 
4.2.1.  Daily Load Classification 
 
Occupants generally follow specific energy-use patterns based on various factors (e.g. 
working hours, duties, appliances, energy efficiency, etc.). Thus, an individual’s energy-
use behavior is a variation of a specific set of energy consumption load shapes which 
slightly vary on a daily basis. The energy load shapes are highly dependent on 
individuals’ energy consumption pattern, work hours, and also the equipment used at 
each workstation. These repetitive patterns enable codebooks (i.e. energy-use profiles) to 
be created for each occupant that capture the variability of the entire set of an occupant’s 
load shapes over time [2]. This method could help reduce uncertainty in the predictability 
of occupants’ complex behavior [43, 44]. A !  -means clustering method is implemented 
for the means of classification due to application simplicity and the level of accuracy 
required in this study to distinguish the general pattern of occupants energy consumption. 
The !  -means clustering algorithm is to classify !   points in !   dimensions into !   clusters 
conditioned such that the sum of squares of data point distances to the assigned cluster is 
minimized. The algorithm requires the dataset and a set of !   initial random cluster 
centers to start. The procedure is to search for !  -partitions with locally optimal Euclidean 
distances by moving points from one cluster to another [45]. In our research, the !  -
means clustering algorithm will classify the data points into categories based on hourly 
energy-use values captured from workstations over each day. The appliances connected 
to the power strip at each workstation are not identical, and are usually consisted of a 
desktop computer or laptop, desk lamp, and in some cases a printer. Each classification 
follows an iterative process combined with a set of thresholds to check the closeness of 
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the cluster centers and determine the !   value. The range of !   starts from 10 and can go 
down to 1 based on each iteration’s result and the closeness of the clusters. These 
thresholds will prevent the disaggregation of similar patterns into separate clusters for an 
individual [2]. The authors refer readers to [2] for further details on the clustering 
algorithm implemented in this paper. Fig. 2 depicts (a) a sample codebook representing 
the most dominant energy consumption patterns collected from (b) a non-shared 
workstation through the duration of the study (i.e. approximately three months) for an 
individual employee.  
 

 

Fig 3. (a) Represents employee #49's energy-use codebook, and (b) illustrates a typical 
non-shared workstation 

4.2.2. Segmented Load Classification 
 
The classification is performed at various stages and resolutions. First, we classify 
working and non-working days of the week based on pre-set thresholds which check the 
shape and absolute value of energy loads during the day [2]. Workdays are defined as the 
days with a large variation of energy-use [2] and each day’s data should pass through the 
same set of filters. The shape filter assures that there is at least a 15% increase in 
normalized load shapes and the value threshold checks the absolute difference between 
the maximum and minimum energy value in each day which has to be greater than 5 
watts based on the minimum energy consumption of appliances connected to the smart 
meter. The second energy-use filtering layer is to assure the prevention of noisy cluster 
variations in user codebooks by enforcing a minimum threshold on cluster load values 
[2]. At the second stage, each working day will be segmented into two categories; work 
hours and non-work hours. The working hours and non-working hours are disaggregated 
by a k-mean clustering algorithm using Euclidean distance as a separation measure. 
Finally, the energy profiles are classified when each day’s data is segmented to three 
categories; morning (i.e. non-working hours, before an occupant starts to work), work 
hours, and night (i.e. non-work hours, after an occupant leaves the building). Each 
classification is combined with a set of thresholds as explained in the daily load 
classification section. The daily segmentation is conducted only on working days, as non-
working days are mostly flat-shaped and there are no working hours to be separately 
classified. Fig. 3 illustrates an overview of the segmented classification.  
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Fig 4. Classification process overview 

 
4.2.3. Prediction Algorithm 
 
As previously mentioned, there are several areas which could potentially benefit from 
occupant behavior prediction (e.g. tailored EE notification, office appliance diagnosis, 
more accurate bottom-up energy prediction, etc.). To learn specific models for each 
occupant, a multi-class one-vs-one Support Vector Machine (SVM) classifier was 
implemented. A discriminative machine learning algorithm which not only classifies 
based on the patterns but also optimizes the decision boundaries [46], is necessary to 
create more accurate models when dealing with inseparable sets of classes. For each 
occupant !" 	∈ 	%   [where !   is the pool of all occupants], we trained a multi-class SVM 
classifier using given training data {"#, %#}  . For this classifier,	"# 	 ∈ 	%&-()*#+   , and !"-$%&'(    
includes all training data points and possible labels are !" = 	 {1,2,3, … n	}   [where !   is the 
number of energy-use cluster centers (i.e. energy-use patterns) each individual has]. One 
of the major advantages of SVM is the ability of the algorithm to fit models to the 
datasets which contain outliers and noise. The concept of slack variables ξi  helps in 
fitting decision boundary hyperplanes within a soft margin approach. The SVM 
optimization problem with a linear kernel can be written as:  
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In (1), !   represents a penalty constant which controls the trade-off between the margin 
size and the training error, and !   represents the normal vector to the hyperplane. As a 
rule of thumb [47], a 5-fold cross validation is used to split our dataset into disjoint 
training and testing sets with 80% and 20% shares, respectively. During the testing phase, 
we predicted the labels {1,2,3, … , n}   for each testing example !" ∈ 	%&'(&    with respect to 
the trained hypothesis for all existing occupants. Implementing a kernel to map the data 
into a higher dimensional feature space can help to improve the classification 
performance. Thus, a Gaussian Radial Basis Function (RBF) was chosen over other 
kernels such as linear, intersection of histograms, polynomial, and chi-square kernels due 
to a better performance in the prediction. Equation (2) represents the general form of 
RBF, in addition to the special case of Gaussian kernel. 
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4.3. Daily Energy-Use Prediction 
 
Individuals follow a certain set of energy-use patterns on a daily basis and each energy-
use codebook is different from other occupants. In order to learn energy-use codebooks 
for each individual, we clustered energy-use patterns for each occupant to create a 
reduced set of representative daily energy-use load patterns. Furthermore, we took 
advantage of additional information such as time, working/non-working day, previous 
day’s energy-use pattern, and energy value to create a robust model predicting the next 
day’s energy consumption pattern. A 27 dimensional feature vector (i.e. 25 for previous 
days energy data points, 1 for previous day, and 1 for previous day’s working status), is 
abstracted to a 3 dimensional space using our classification algorithm [2] and used as an 
input and mapped through a RBF kernel in order to train the SVM model. The next day’s 
energy-use pattern (i.e. output) is predicted through a 5-fold cross validated process, and 
the accuracies are calculated. Fig. 4 provides an overview of the process.  
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Fig 5. Daily energy-use prediction overview: (a) SVM model training process, and (b) 
energy-use behavior inference process 

 
4.4.  Segmented Energy-Use Prediction 
 
The daily profiles were next classified into working vs. non-working hours. There are 
three segments in each day starting with “morning”, before occupants enter the building 
and start using the appliances at their workstation (i.e. morning non-working hours). This 
segment usually starts at 12:00 am and ends in the morning between 8 to 10 am. The 
second part of the day is “working hour” which usually starts between 8 to 10 am and 
ends around 5 to 7 pm. In these hours, occupants are using their appliances and the 
energy-use level is higher than non-work hours. The last segment, “night” non-work 
hours, represents the hour range in which occupants leave the building and appliances are 
usually off or enter power saving mode. All ranges represent approximates of typical 
schedules and may vary based on the occupants’ behavior and working hours. This 
segmentation helps to perform a more precise classification and create more detailed 
energy-use codebooks. Energy-use data for each occupant was classified for each part of 
the day as depicted in Fig. 3 and this became part of the input data to train a model based 
on the occupants’ energy-use behavior. We include classification results in the training of 
specific models for morning and work hours for each occupant (total of two models per 
occupant) in order to predict the upcoming period’s energy-use behavior. The features 
used to train the SVM models are energy-use clusters and the day of the week. Fig. 5 
provides an overview of the algorithm. 
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Fig 6. Segmented energy-use prediction overview: (a) SVM model training process, and 
(b) energy-use behavior inference process 

 
4.5. Validation 
 
In order to evaluate the interdependence of occupants’ energy-use behavior and the 
accuracy of energy prediction models and validate our method, we tested two hypotheses: 
1) energy-use pattern prediction accuracy and occupants’ energy-use entropy are 
interdependent and 2) energy-use pattern prediction and occupants’ energy efficiency are 
interdependent. The results of these tests are critical to assess the efficacy of our 
proposed method to target inefficient occupants in commercial buildings. These tests 
further validate the applicability of such a method to EE programs (e.g. tailored EE 
notification systems) in order to target the occupants with the highest energy saving 
potential. The hypotheses are focused on two types of behaviors previously defined by 
Gulbinas et al. [2] as described in section 3.4.3 of this paper—energy efficiency and 
energy-use entropy. 
 
4.5.1. Hypotheses 
 
Hypothesis 1: Occupants’ energy-use entropy value is positively correlated with energy-
use behavior prediction accuracy. 
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Hypothesis 2: Occupants’ energy efficiency value is positively correlated with energy-use 
behavior prediction accuracy. 
 
4.5.2. Hypothesis Testing 
 

In this section we implement the behavioral measures (i.e. energy efficiency and entropy) 
based on energy-use patterns of commercial building occupants studied in [2]. Once time 
across all analyzed days has been effectively decomposed into various segments (e.g. 
morning non-work hours, work hours, night non-work hours), and the energy-use for 
each segment is separated into distinct clusters, as illustrated in Fig. 3, we calculate 
values representative of a building occupant’s energy efficiency and energy-use entropy. 
Occupants’ energy efficiency is defined as the percentage of time each individual spends 
in the lowest energy consumption cluster. The low energy clusters are defined based on a 
threshold, in this case is 7Wh based on an estimate of average power consumed by 
workstation appliances in off state. The formula used to calculate the level of energy 
efficiency is provided in [2]. And energy-use entropy is a measure of disorder or 
uncertainty of energy consumption and a function of the number of times each occupant 
changes energy-use clusters for each segment of the day over the course of study [2]. The 
occupants’ energy-use entropy, !"		, is calculated as follows: 
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Where !"		 is the entropy of segmented range, !		, that has a length of ℎ"		 hours and a total of 
!		 different behaviors (i.e. clusters) obtained from the clustering algorithm. !		 is the total 
number of ranges that entropy is calculated for. Please refer to [2] for further information. 
Fig. 6 illustrates the mapping of occupants’ classification based on energy efficiency and 
energy-use entropy. 
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Fig 7. Occupants’ classification based on: (a) energy-use entropy values and (b) energy 
efficiency 

 
As presented by Fig. 6(a), occupants are separated into three quintiles, low entropy, 
medium entropy, and high entropy. Fig. 6(b) illustrates the classification of occupants to 
three quintiles based on the maximum energy consumed in the lowest energy cluster and 
two categories based on the percentage of time spent in the lowest energy consumption 
cluster. Based on calculated entropies and energy efficiencies and energy-use behavior 
prediction as described, we calculate p-values which are the probabilities of getting a 
correlation as large as the observed values by random chance, when the true correlation is 
zero. Furthermore, we analyze the prediction accuracies for each group of people to find 
the best target group that fits a tailored EE notification system. For example, if energy 
prediction accuracies are low for the group of inefficient occupants, chances are low to 
engage these individuals in implementing energy efficient behavior through a predictive 
and targeted notification system. 
 
5. RESULTS AND DISCUSSION 
 
We utilized LIBSVM [46], an open source machine learning package in order to train and 
infer energy-use behaviors. Energy-use prediction results were obtained through a 5-fold 
cross-validation process and the average of all four accuracies will be reported. A 
confusion matrix and a precision-recall graph were generated for each occupant to 
evaluate the performance of the model. We refer the reader to [48] for further information 
on the details of this evaluation method. The predicted energy-use behaviors will be 
compared to the ground truth data captured by our smart sensors and the coefficient of 
variation (!"  ) of the root means square errors, !"($%&')  . !" #$%&    is defined as: 
 

!" #$%& =
1

) − 1 (,--,-)01
-23

,  
 

(5) 
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where !"    is the predicted/clustered value, !"    is the observed value, !   is the mean of the 
observed values and !   is the total number of observations.  
 
5.1. Classification Results 
 
Initially, clustered energy-use patterns were mapped to the associated cluster centers in 
order to evaluate the accuracy of the clustering process. The set of cluster centers 
represent a simplified set of representative profiles. There is a cost associated with 
simplification and that is an increase in the coefficient of variation. In other words, the 
clustering process facilitates the task of occupants’ energy-use behavior prediction; 
however, predicted energy-use values could vary slightly from the real values. The 
average !"   calculated based on the cluster centers and ground truth data is 74.07 with a 
lowest value of 9.60. This is not the best obtainable result based on our classification 
method, since we did not optimize the CV error-prediction accuracy trade-off; however, 
when plotting the !"   values of each occupant on the Y-axis, and plotting the number of 
cluster centers for each occupant on the other axis, it is observed that more cluster centers 
results in lower !"   values. Therefore, it could be interpreted that occupants’ consistency 
with specific energy consumption patterns affects the energy-use pattern prediction 
accuracy and also the energy-use value prediction error.  
 
5.2. Daily Prediction 
 
A SVM model was trained for individual occupants based on all the working and non-
working days’ energy-use. Each model was trained based on the automatically labeled 
clusters (i.e. energy-use patterns) and evaluated based on a disjoint set of data to prevent 
overfitting of the models. The overall accuracy of daily energy-use behavior prediction 
was 81.70% with the highest prediction rate of 100%. In order to demonstrate the trend 
between the prediction accuracy and number of clusters for each occupant, a box plot is 
graphed in Fig. 7. These results show a decrease in the energy-use prediction accuracy as 
the number of cluster centers increases. Therefore, there is a trade-off between the 
energy-use behavior prediction and our classification !"  . The higher the number of 
cluster centers there are for each occupant, the lower the !"   is. On the other hand, the 
higher the number of cluster centers there are, the lower the prediction accuracy is. We 
therefore seek to determine the optimum points at which our system reaches its maximum 
performance by bounding the number of cluster centers [49]. This approach effectively 
captures occupant energy-use behavior, and increases the energy value prediction 
accuracy of our system. 
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Fig 8.Daily energy-use prediction accuracy vs. number of clusters for each individual 

 
Another measure by which we can evaluate our prediction algorithm is a confusion 
matrix. Confusion matrices present the false positive detections and the rate of confusion 
among various patterns for each occupant. This would help us identify the most confused 
patterns and find the source of confusion to improve the classification and prediction 
algorithms. Based on our investigation, the misclassifications in our model happen 
because of similar energy shapes and values in the training dataset, similar repetitions of 
the same patterns on the same day of the week, and lack of sample data. Fig. 8 illustrates 
a sample data analysis for occupant #49 in which the average prediction accuracy is 
78.4%. Based on the confusion matrix, the maximum confusion was between clusters 
number 2 and 1. The energy-use cluster centers are presented in Fig. 8(a). Cluster #1 and 
#2 are very similar in terms of shape and value; however, cluster #2 has been repeated 
thirteen times more than cluster #1 in our dataset and this encouraged our algorithm to 
choose cluster #2 more confidently under similar conditions. 
 

 

Fig 9. (a) Sample energy-use codebook for an occupant #49; (b) confusion matrix for 
energy-use prediction for occupant #49 
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A precision-recall curve was also plotted for each occupant to study the overall 
performance of our algorithm. This was done by dividing the predicted results based on 
their confidence score given by SVM and considering that each interval has the same 
number of sample data points. The ideal plot is the one which has a precision close to 1 
regardless of the recall value, this ideal condition shows that prediction accuracy is 
always 100% at all prediction confidence thresholds. As illustrated in Fig. 9, the precision 
rate drops as we increase the recall. When the recall rate is low, the decrease in the 
precision rate is extremely undesirable and shows the weakness of the model. In occupant 
#49’s case, the precision fluctuates around 80% for most of the recall rates below 80%. 
However, when the recall rate passes 80% the precision drops precipitously.  
 

 

Fig 10. Precision-recall graph for energy-use prediction for occupant #49 

 
To evaluate the prediction accuracy, we calculated the !"   for predicted energy-use 
clusters by benchmarking the ground truth data. The result shows a lower performance 
due to the existing inaccuracies in the prediction algorithm with an average !"   of 91.15 
and the lowest !"   of 14.03. The coefficient of variation is calculated for predicted 
energy-use clusters by benchmarking the associated ground truth cluster centers. The 
result shows an average !"   of 45.08 and the highest performance of 	"#	 = 	0  .  
 
5.3. Segmented Prediction 
 
After exploring the energy-use behavior prediction and coefficient of variation for daily 
predictions, we are proposing a higher resolution classification and prediction as 
described in section 3.3 on Segmented Energy-use Prediction. The prediction algorithm 
will be applied to each segment of the day, and later the predictions are combined 
together to present the daily energy-use codebooks. Based on the collected data in the 
morning, the work hour energy-use pattern is predicted (i.e. first scenario), and based on 
the work hour energy-use, the night hour energy-use data is predicted (i.e. second 
scenario). There is little need for morning energy prediction (i.e. non-working hours 
before employees go to work) since it is very unlikely that employees work over night or 
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come back to the office after they leave for the day. This assumes that the morning 
energy-use pattern should follow the previous night energy-use pattern.  
A multi-class one-vs-one support vector classifier was implemented to train mutually 
exclusive models for the aforementioned scenarios. The first one is to predict the work 
hour energy-use pattern and the second one to predict the night hour energy-use pattern. 
5-fold cross validated results are reported for each prediction based on disjoint training 
and testing datasets. The average accuracy of the work hour prediction model is 88.01% 
with the highest accuracy of 100% and an average prediction accuracy of 77.99% for the 
night hour energy-use prediction with the maximum accuracy of 98.08%. The work hour 
predictions obtained lower accuracy since there is more intra-class variability in work 
hour behaviors for each occupant. Occupants’ work hours energy-use behavior could 
vary from 2 to 7 different clusters, while non-work hour clusters typically varied between 
2 to 3. 
 Energy-use prediction accuracies were plotted versus the number of energy-use 
clusters for each individual. As graphed in Fig. 10, a decreasing trend of prediction 
accuracies for both (a) night hours and (b) work hour energy-use prediction can be 
observed while increasing the number of clusters. Therefore, the lower the number of 
clusters, the more accurate our prediction algorithm would work. 
 

 

Fig 11. Prediction accuracy of segmented model versus the number of cluster centers for 
each individual; (a) night hour and (b) work hour 

 
In addition to the prediction accuracy, the coefficient of variation (!"  ) is calculated for 
each occupant to observe how differences in the prediction compared to the ground truth 
data collected by the sensors. Fig. 11 graphs the 39th day energy-use prediction for 
occupant #80 superimposed on (a) the associated cluster centers and (b) the ground truth 
data. In this particular case, work hour and night hour energy-use predictions are both 
correct. Nevertheless, the prediction varies in terms of the value compared to ground 
truth data. As depicted in Fig. 11, our algorithm predicted that occupant #80 in all 
probability will forget to turn off the appliances at his/her workstation. This type of 
behavior could most likely be detected if an occupant has repeatedly forgotten to turn off 
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the appliances and this behavior could be observed enough times in the dataset to train a 
model. 
 The ability to predict occupant energy-use patterns which reflect certain behaviors 
provides useful information for energy efficiency (EE) programs and automated 
notification and feedback systems. Three !"   values are calculated to measure the 
goodness of our prediction algorithm in terms of energy values rather than energy-use 
patterns. As expected, cluster centers and the predicted clusters CV have the lowest value 
of 34.47 which outperforms the same CV value calculated in section B for the daily 
resolution prediction. The CV value calculated between cluster centers and the ground 
truth data (i.e. hourly energy data) was 48.03. Finally, the CV value calculated based on 
the ground truth data and the predicted cluster centers has the greatest value of 61.45 
compared to the previous two. However, all of these CVs outperform the daily resolution 
CVs as described in previous sections, which indicates a more accurate energy value 
prediction for the segmented prediction method. Remarkably, the energy-use behavioral 
prediction accuracy of 83.00% for segmented load prediction outperforms the prediction 
accuracy of 81.70% for the daily load predictions. A better performance by segmented 
load prediction algorithm suggests the benefit of higher resolution energy monitoring and 
creating more informative models to enhance EE programs through occupants’ behavior 
prediction and potentially providing more accurate bottom-up energy prediction 
approaches. 
 

 

Fig 12. Joint graph of segmented predictions for the 39th day of occupant #80 

 
5.4. Hypotheses Test Results 
 
In this section we present the results obtained from cross-validated SVM models for 87 
occupants for two different scenarios1 as presented in Fig. 12. Six different categories of 
occupant energy-use are modeled and tested separately. As illustrated in Fig. 6, these 6 
categories consisted of: low entropy occupants, medium entropy occupants, high entropy 
occupants, low energy consumers, medium energy consumers, and high energy 
                                                

1 First Scenario: using morning hour data as an input and predicting working hour 
energy-use cluster. Second scenario: implementing work hour data as an input and 
predicting night hours energy-use cluster. 
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consumers; determined by ranking occupants based on their performances in each 
category and dividing them into three quantiles. For each occupant a 5-fold cross-
validated accuracy was calculated and compared to the rest of the group members. Fig. 
12(a) presents the occupants’ energy-use entropy which has been linearly scaled from 
[0, 1]   to [100, 0]   for the sake of easier visualization and comparison with SVM prediction 
accuracies. Thus, we define energy-use predictability, which is a linear transformation of 
our entropy values, as the consistency at which an occupant follows particular energy-use 
load profiles. The closer the predictability value is to 100, the more consistent an 
occupant’s behavior is and vice versa. Equation (6) is the function used to transform the 
entropy to predictability data. The green bars in Fig. 12(a) represent the most consistent 
occupants, the blue bars show medially consistent occupants and the red bars are 
representative of occupants with low consistency in energy-use behavior. Fig. 12(b) 
demonstrates the prediction accuracies for each individual and is color-coded based on 
the predictability classification noted above. 
 

!"#$%&'()%*%'+ = 100	× 1 − 23'"45+   (6) 

 

 

Fig 13. Comparison of: (a) predictability and (b) prediction accuracy. 

 
Fig. 13(a) depicts the prediction accuracy for occupants with high predictability (most 
consistent energy-use behavior). Fig. 13(b) graphs medium predictable occupants and 
13(c) low predictable occupants. The SVM prediction accuracy obtained for various 
groups of occupants classified based on their energy-use predictability and energy 
consumption rate are presented in Table 1. Table 1(a) shows the accuracies for prediction 
of work hour energy, while Table 1(b) represents SVM prediction accuracies for night 
hour classification. It should be considered that the results presented in Table 1 might be 
slightly different compared to the previously reported results due to the randomness of 
the cross validation function in selecting the training and resting datasets. 
 Lastly, statistical significance of correlations between behavioral classification 
and prediction accuracies were calculated. The p-value obtained for energy-use 
predictability and prediction accuracy correlation is below 0.01 and the p-value 
calculated for energy efficiency and prediction accuracy turned out to be different for 
various scenarios. Obtained p-values for energy efficiency correlation ranged from 
0.00016 to 0.2257 for different conditions (i.e. scenarios). Therefore, more analysis is 
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required to evaluate a possible positive correlation between energy efficiency of 
occupants and energy-use behavior prediction accuracy. Moreover, a review of the high, 
medium, and low energy consumption categories defined based on occupants energy 
consumption quantiles indicates that the SVM prediction accuracies are in the same 
range. This indicates that there is strong potential for targeting high energy consumers 
through automated EE programs through accurate prediction of their energy-use 
behaviors.  
 

Table 10. SVM prediction accuracy for various occupant classes 

(a) Features: Morning hour energy data è Prediction: Work hour energy-use 
cluster 

Predictability 
Class 

SVM Prediction 
Accuracy 

Energy 
consumption Class 

SVM Prediction 
Accuracy 

High 
Predictability 

88.68% High Energy 
Consumption 

79.95% 

Medium 
Predictability 

78.32% Medium Energy 
Consumption 

72.82% 

Low 
Predictability 

63.79% Low Energy 
Consumption 

78.28% 

(b) Features: Work hour energy data è Prediction: Night hour energy-use cluster 

Predictability 
Class 

SVM Prediction 
Accuracy 

Energy 
consumption Class 

SVM Prediction 
Accuracy 

High 
Predictability 

90.02% High Energy 
Consumption 

84.23% 

Medium 
Predictability 

83.02% Medium Energy 
Consumption 

84.41% 

Low 
Predictability 

79.05% Low Energy 
Consumption 

83.41% 

 

 

Fig 14. Comparison between: (a) high predictable, (b) medium predictable, and (c) low 
predictable occupants’ SVM prediction accuracy 
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Occupants’ energy-use behavior predictability is a critical factor in capturing value from 
an automated EE program. However, it is important to predict inefficient occupants’ 
energy-use behavior as they have a relatively higher potential for energy savings. The 
best target for such systems are low efficient occupants whose behavior are highly 
predictable. Fig. 14 maps the occupants’ distribution in a 3×3   matrix based on the 
predictability and efficiency measures. Nearly 50% of low efficient occupants are highly 
predictable and 36.6% are medially predictable (i.e. occupants fallen into second 
predictability quantile); the rest fall into the low predictable category. In other words, 
there is potential to target over 85% of inefficient occupants through targeted EE 
programs such as tailored energy efficiency notification systems. Furthermore, over 50% 
of medially efficient occupants fall into the high and medium predictability classes which 
adds further potential conservation targets to the targeted population. Based on our 
estimate, up to 45% of the occupants could be targeted effectively with automated EE 
programs and the rest are either already highly efficient or are not using energy 
predictably. Therefore, based on the energy efficiency and predictability analysis 
conducted with respect to occupants’ energy-use pattern prediction accuracy, the 
proposed method has the potential to contribute to the advancement of EE programs by 
merging an occupant behavior learning algorithm with an individual-level energy 
consumption feedback system. Moreover, building on such energy-use behavior learning 
algorithms, a robust occupancy detection system [50] could be developed which 
significantly improves commercial building energy efficiency through optimization of the 
building management system operation. 
 

 

Fig 15. Occupant distribution map based on the energy-use behavior factors 

 
6. LIMITATIONS & FUTURE RESEARCH 
 
The research conducted in this paper is The data collection was conducted limited to 
assess occupants’ workstation energy efficiency potential. However, in commercial office 
buildings with decentralized lighting and HVAC systems controlled by occupants, the 
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impact of such EE programs can be extended beyond workstations. There are a few 
limitations which need to be addressed in order to improve the underlying algorithms in 
our method. It is not our intent to outperform state-of-the-art prediction algorithms. 
Improving upon prediction accuracy is, however, a planned area of future research. The 
SVM model may be improved by adding extra information, such as, demographic 
information of the occupants, occupancy sensor data, weather conditions, mobility 
patterns, and appliance energy-use disaggregation. Furthermore, there are instances 
where the system predicts false positives and false negatives. At this stage, we are only 
predicting atomic energy-use behaviors; however, in the future we could improve our 
model through implementing a Markov model and enable the prediction of long 
sequences of energy-use patterns and occupant behavior. This could potentially increase 
the accuracy of the prediction by creating conditional models based on a wide range of 
behavioral event probabilities. The focus of this work was not outperforming other 
energy prediction algorithms. However, to compare the accuracy of our method in bottom 
up energy prediction, we would like to compare the !"   values obtained from our 
prediction to other data mining and regression models in future research, including: 
support vector regression, random forest, multivariate adaptive regression lines, etc. 
trained based on the current dataset. Future research should seek to improve the current 
energy-use pattern prediction accuracy to a level where it can be used to implement this 
automated tailored notification system in experimental case studies to evaluate the result 
of targeted interventions on near term and sustained energy savings. Potential benefits of 
a predictive energy feedback system are in providing timely and tailored feedbacks to 
individuals based on the predicted behaviors to prevent inefficient energy consumption 
habits such as leaving on the lights, printers, and personal computers while not in the 
office. Moreover, if such predictive feedback program is combined with an online control 
system, it can facilitate remote energy savings through web, computer, and cellphone 
platforms. Another advantage of such EE programs can be found in more comprehensive 
predictive systems where machine learning algorithms are trained based on individuals’ 
classes and characteristics. This enables a targeted and tailored EE program based on 
psychological and demographic differences. To illustrate, one might be assigned to a 
normative comparison treatment, while other may achieve more energy-use reductions if 
targeted with monetary incentives. Unfortunately, our Institutional Review Board human 
subject research approval did not allow for collecting information regarding 
characteristics and demographics of the participants in our study. This may be an 
interesting avenue for future research. 
 
7. CONCLUSION 
 
Recent advancements in building technology and monitoring systems have definitely 
benefited building energy efficiency programs. However, considering that people spend 
more than 90% of their time indoors [51] coupled with the significant correlation 
between behavior and energy consumption [43], occupants remain a major factor that 
impacts building energy consumption and associated CO2 emissions. Occupant 
classification and behavioral analysis are new approaches that can better address the 
occupant behavioral inefficiency challenge and potentially empower prediction models to 
better learn and infer occupants’ energy-use behavior. Energy efficiency programs are 
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evolving toward more personalized data collection and analysis using higher resolution 
data. There is a need for increasingly automated energy efficiency programs through the 
integration of high technology hardware, robust software, and the fundamentals of 
behavioral science to handle the massive data streams extracted from buildings and 
occupants.  
 In this paper, we were inspired by previous studies in customer classification and load 
profiling [2, 52-54] and developed a method that integrates energy-use classification and 
prediction algorithms to predict individual energy-use behaviors in a commercial 
building. We found that nearly 50% of low efficient occupants are highly predictable, and 
another 36.6% are medially predictable. This high level of individual energy use 
predictability can result in a new approach to energy efficiency programs by predicting 
occupants’ behaviors and enabling predictive and relevant energy saving notifications. 
Sustainable behavioral change is a challenge that has not yet been thoroughly addressed, 
thus continuing to limit the effectiveness of behavior-oriented energy feedback systems 
[8, 37, 39-41, 55, 56]. The results presented in this paper hold definite promise for 
providing an automated and sustainable solution to occupant-level energy efficiency 
programs (e.g. automated tailored energy efficiency notification systems) and opening a 
new venue to enable targeted interventions by categorizing occupants based on their 
consumption behaviors. Moreover, merging these predictive models with already state-
of-the-art occupant energy feedback methods, such as an online appliance control system 
[57], energy-use disaggregation [41, 57-59], and cellphone-based feedback [60] can 
potentially induce higher levels of energy efficiency.  
 Future research should incorporate a more comprehensive version of the behavior 
prediction algorithm that is trained on additional occupant data including mobility 
patterns, comfort preferences, work schedules, demographics, and workstation energy-
use to examine whether more substantial and sustainable reductions in energy 
consumption can be realized through automated and targeted feedback. Occupant 
behavior learning algorithms not only will enable a cost-effective occupant-based energy 
savings in commercial buildings, but it also will empower the next generation of 
occupant-centered building management systems to operate more efficient and more 
intelligent as well as more comfortable buildings in the future.  
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5. CONCLUSION 
 
 
This dissertation provides a comprehensive review and analysis of energy feedback 
literature, challenges, gaps in knowledge, and opportunities in research methods. The 
analysis conducted on methods used in the energy feedback studies in Chapter 1 (i.e., a 
literature review), sheds light on the shortcomings of the current art of energy feedback 
studies. Despite a long history of energy feedback research, studies still exist that do not 
take the necessary steps to fulfill the minimum requirements of a reliable energy 
feedback study needed to provide a comprehensive and robust result. Therefore, as one of 
the most important takeaways of this research, I provide a list of major and necessary 
considerations for conducting energy feedback studies in Chapter 1. These considerations 
are vital to provide reliable analysis and results.  

I conducted a detailed investigation in the literature to identify the gaps of 
knowledge. One the most important identified gaps was a significant inconsistency in the 
research methods used in these studies and a lack of a systematic pipeline for researchers 
to use to conduct energy feedback research. The analysis indicated a lack of multi-
disciplinary collaboration and coordinated effort between researchers. In order to fill this 
important gap in knowledge, I propose a systematic, adaptive, and targeted energy 
feedback design and maintenance research vision that leverages all research methods (i.e. 
experiments, surveys, analytics, and simulations) and an open data sharing platform to 
enhance the efficacy of a targeted energy feedback program. 

Numerous researchers have recommended the importance of following a targeted 
and tailored feedback approach to enhance the effectiveness of energy feedback 
programs. In other words, there is an accepted notion that one size does not fit all. 
However, there is no quantitative analysis of dissimilarity of occupant responses to 
uniform feedback programs in the literature that has established the need for such 
targeted feedback. I conducted an analysis discussed in Chapter 2 on an energy feedback 
study conducted in a 6- story commercial building with more than 100 employees to 
address this gap in knowledge. The results suggest that providing a similar normative 
comparison feedback to occupants with different levels of energy consumption does not 
result in a similar level of energy savings and in some cases actually increases energy 
consumption. Therefore, I established a need for a targeted energy feedback program that 
treats each occupant differently based on their own energy consumption patterns, 
demographics, constraints, and characteristics. Also, I conducted a thorough analysis of 
the effectiveness of the notifications sent throughout the study to increase the level of 
occupant engagement in a feedback program. That analysis revealed a significant 
dependency of engagement level for the type of feedback that occupants were receiving 
(e.g., a normative comparison vs. historical comparison) rather than other components, 
such as content and timing of these notifications. 

Chapter 3 aimed to evaluate the effectiveness and potential of targeted feedback 
programs. I implemented two metrics to categorize the occupants based on their 
predictability and energy consumption level. Predictability was used since a targeted 
energy feedback program requires sufficient learning and understanding of users’ energy 
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consumption behavior. If a user does not have a predictable behavior, then the task of 
targeting and tailoring feedback will become extremely difficult and ineffective. Energy 
efficiency level was used as a second metric due to the importance of efficiency in any 
cost-effectiveness of feedback programs. For example, if a user is already categorized as 
highly efficient, it might not be cost-effective to send his/her feedback due to a relatively 
lower energy saving potential. Based on the aforementioned metrics, it can be reported 
that almost 46% of users in a building can become qualified to enroll in a targeted energy 
feedback study based on their predictability and energy efficiency. These results help 
researchers better understand the potential of such feedback programs and take a more 
cost-effective approach toward designing, executing, and maintaining their feedback 
programs in the future. 
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6. CONTRIBUTION 
 

The main contribution of this dissertation to the body of knowledge is found in three 
sections. In the first chapter, I contributed to the body of knowledge by conducting a 
comprehensive literature review on the known research methods used to carry out energy 
feedback studies and identifying the challenges, gaps in knowledge, and opportunities. I 
provided a thorough list of necessary considerations that researchers should take into 
account when conducting energy feedback studies. This contribution enables researchers 
to conduct multi-disciplinary energy feedback research and build off of each other’s 
studies via a systematic data sharing approach. Furthermore, I identified the 
methodological gaps of knowledge in the literature that can help researchers to better 
focus on filling those gaps instead of simply discovering them. Finally, I proposed a 9- 
step research framework vision, designed using the aforementioned gaps of knowledge, 
together with a step- by- step guideline, to help researchers follow a systematic and 
reliable pipeline when conducting comprehensive energy feedback studies. 
 One of the most important identified gaps of knowledge in Chapter 1 is the 
validation of the need for a targeted energy feedback program as recommended by 
numerous researchers. The second chapter of the dissertation then analyzed the energy 
use responses of occupants to a uniform energy feedback program and provided a two-
fold contribution: (1) establishing the need for a targeted energy feedback program due to 
a high level of variation in occupants’ responses to a uniform feedback program and (2) 
demonstrating that the effectiveness of the notifications sent throughout the study (in 
order to further engage occupants in these programs) is highly dependent on the nature of 
the programs rather than the duration and content of the notifications. In other words, if 
an energy feedback program is not engaging enough in the first place, regardless of the 
number, duration, and content of notifications, the level of user engagement will not 
increase simply by sending notifications. 
 The third contribution of this dissertation relates to estimating the potential of 
targeted energy feedback programs in actual experiments. As established in Chapter 2 
and supported by a large body of research, there is a need for a targeted energy feedback 
program to enhance the efficacy of energy feedback programs. Nevertheless, there is a 
gap of knowledge in identifying the actual potential of targeted energy feedback 
programs compared the use of non-tailored conventional programs. Chapter 3 of this 
dissertation contributes to the literature by estimating the potential of targeted energy 
feedback programs at the intersection of energy use behavior predictability and energy 
efficiency. As suggested by the literature studied, predictability and energy efficiency are 
the two major determinants of occupant behavior in targeted energy feedback programs. 
Chapter 3 reports that in a real world scenario, only 46% of occupants in a building can 
be targeted based on a low and medial level of energy efficiency and high and medial 
level of predictability. In other words, only 46% of occupants have a predictable behavior 
while still not being highly energy efficient. Therefore, the dissertation provides 
significant insight into cost benefit analyses of targeted energy feedback programs for 
future research. 
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7. BROADER IMPACT 
 
 
Advancement in technology has provided great opportunities to better understand 
occupant behavior and induce energy savings in buildings. High resolution smart meters, 
real-time feedback solutions, occupancy sensors, and many other new technologies have 
facilitated the labor intensive process of data mining and analysis to create a better future. 
The pinnacle of occupant energy efficiency, which is starting to gain traction even in 
industry, does not directly target energy production and consumption issues. Rather, 
investments from the government and the private sector are aiming at a reduction of the 
associated CO2 emissions of building energy consumption to leave a cleaner planet for 
generations to come.  
 Based on a report published by the Environmental Protection Agency in 2014, 
CO2 accounts for more than 80% of all the U.S greenhouse gas emissions from human 
activity. To further clarify, the human energy consumption footprint is not merely limited 
to buildings. Transportation, industry, agriculture, and other sectors are also highly 
affected by human behavior. At a broader level, people are inseparable elements of their 
society and their behavior has a significant impact on the design, operation, and 
maintenance of its infrastructure systems. Therefore, it is impossible to reduce the 
environmental impact of our infrastructure system design and operation (e.g. energy 
costs) without educating people further and improving their behavior.  

The findings of this dissertation may be a good example for other sectors to use to 
approach the design, execution, and maintenance of their feedback systems for reducing 
the carbon footprint of human activity through education and behavior improvement. The 
broader impacts of this dissertation can be found in the overall contribution of targeted 
feedback systems for defining human-infrastructure interactions in the society. We can 
educate, change, and learn human behavior through using similar systematic approaches 
as the one provided in this dissertation. Designing targeted and tailored feedback systems 
at the intersection of environmental psychology, data science, and infrastructure systems 
not only will have a substantial impact on the future of our planet and what we leave 
behind, but also have an impact on how we pass along our learnt lessons to the next 
generation and prevent man-made catastrophes, such as global warming. 
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