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EXECUTIVE SUMMARY

Energy benchmarking allows building owners and managers to quantify how much energy their
buildings consume and how much they are spending on utilities to find areas of potential savings.
This process is only valuable to owners if they have a consistent framework to determine which
buildings in a multifamily real estate portfolio are operating efficiently. Bright Power believes that
the most meaningful framework is to compare buildings to ones with similar energy and water
consumption needs. For example, buildings that are structurally quite different or are in different
climate regions would not be expected to require the same amount of energy to operate, and thus
buildings should ideally only be compared to "peer" buildings to identify whether or not they are
operating efficiently. Bright Power has recently updated its EnergyScoreCards building grades
algorithm to more closely model the concept of a peer building and account for more granular
regional differences in building characteristics and operation. This allows building owners to
better identify opportunities for savings within their portfolios and target their resources towards
those buildings with the greatest likelihood of improvement.

In order to create our new, more sophisticated algorithm, we:

• Collect and clean consumption data and building characteristics from 30,000 buildings
• Create a Random Forest Regression model to predict each building’s consumption based on

its characteristics
• Determine regional divisions with statistically distinct consumption patterns, which could

be influenced both by climate and other characteristics such as regional construction types,
rental markets, and local property management styles

• Assign each building a grade based on its energy and water performance compared to peer
buildings in the same region
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Bright Power has chosen to publish this report detailing our updated grading methodology
to provide insights and transparency to our clients and partners, and to advance the industry
literature around energy analysis methodologies for multifamily buildings. Through proactive
discussions we have had throughout the industry, we know that assigning straightforward letter
grades to rate building performance motivates owners to make improvements in the buildings
with the greatest potential for consumption and cost savings. After all, just as no one wants to eat
at a ’D’ restaurant, no one should be happy living in or operating a ’D’ building. As a growing
number of real estate companies, energy service providers, utilities, and municipal and state
governments undertake benchmarking, Bright Power supports ongoing research and development
as it is critical to the long-term effort of improving building design, construction, and operation,
reducing carbon emissions, and improving health, comfort, and affordability for residents.

I. Introduction

In recent years, several cities, including Atlanta, Austin, Berkeley, Boston, Cambridge, Chicago,
Evanston, Washington DC, Kansas City, Minneapolis, New York, Philadelphia, Portland (both
Maine and Oregon), Seattle, and all of California and Washington States, have passed laws
requiring building owners to annually benchmark and disclose energy use1, totaling more than
10.7 billion square feet of floor space2, much of which consists of multifamily housing. In
addition, several companies and organizations "score" or "grade" a building’s energy use as
compared with their peer buildings’, in order to identify how efficiently they are operating. There
are many differences between the methodologies employed by Bright Power, Wegowise3 and
Portfolio Manager4 for grading buildings, but all essentially take in utility bill data and building
characteristics and give each building a score to encapsulate how efficiently it is operating5. These
scores can then be used to target the best opportunities for energy and cost savings within a
real-estate portfolio.

Bright Power is an energy and water management firm focused on providing services for
multifamily buildings, including an energy benchmarking service, EnergyScoreCards. Bright
Power’s EnergyScoreCards database is one of the largest multifamily building datasets in the
industry with nearly 30,000 buildings encompassing more than 850,000 units grouped into 8,300
properties. We consistently update the data analysis and modeling algorithms used by the
EnergyScoreCards software, both as new techniques become available and as the increasing size
of our dataset has allowed for more sophisticated analysis. The update described in this paper is
one of the most significant improvements to the EnergyScoreCards grading algorithm and allows
for better insight into how a building is performing with respect to its potential.

The algorithms used by EnergyScoreCards and Portfolio Manager (for the ENERGY STAR
score) are both based on multi-variate regression models. However, EnergyScoreCards only
grades buildings against others in the same region, uses a more sophisticated type of regression

1http://www.buildingrating.org/graphic/us-building-benchmarking-policy-landscape
2http://www.buildingrating.org/graphic/us-building-area-covered-annually
3https://www.wegowise.com/score
4https://www.energystar.gov/buildings/facility-owners-and-managers/existing-buildings/use-portfolio-

manager/understand-metrics/how-1-100
5http://www.smartbuildingscenter.org/sbcwp/wp-content/uploads/2015/09/SBC_VEAT_CaseStudy_Multifamily_lowres.pdf
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model, and allows grading on the "owner-paid" portion of energy use without having to obtain
tenant consumption or whole-building data. The model is updated periodically as our dataset
grows allowing it to become more accurate over time. In addition, EnergyScoreCards assigns
grades in quartiles (A, B, C, D), instead of on a linear 1-to-100 scale. We believe that even as our
models become increasingly accurate, assigning a 100-point level of granularity to the rating can
misrepresent how well a handful of building characteristics can predict something as complex as
energy consumption in multifamily buildings. By using larger grading buckets (quartiles), we
hope to focus building owners on clear differences in performance rather than worrying about
one or two points on a linear scale.

In this white paper, Section II describes the EnergyScoreCards dataset and the methodology
behind the regression algorithm, Section III explains how this algorithm is used to gain insights into
building and portfolio performance, and Section IV concludes with some future considerations.

II. Methodology

EnergyScoreCards’ building energy grades are the best starting point for taking steps towards
saving energy and costs. These grades represent what is possible by altering "changeable" factors
that an owner or manager can fix, such as heating, cooling, lighting, and building envelope
technology, while taking into account "permanent" features of the building, like the age, the size,
or location. To this end, Bright Power has developed an algorithm to model each building’s
potential for energy savings based on its peers, which is determined based on the permanent
factors that have the greatest impact on energy efficiency.

The current industry standard for quantifying a building’s relative energy efficiency is its
Energy Use Intensity (EUI), defined as the total annual energy usage normalized by the gross
building square footage. This energy can either be measured as the "site" energy, which is used
at a building, or as the "source" energy, which is the energy required to produce the site energy,
including the transmission, delivery, and production losses of the type of fuel. EnergyScoreCards
uses site energy, since it better reflects how energy is being used in a building, and allows building
owners and managers to focus on their impact on site, rather than factors in the distribution
system that they cannot control. Furthermore, using source energy (with a national site-to-source
ratio) penalizes building owners for using electricity as the primary heating fuel, even as many
states and utilities are switching to cleaner forms of power generation. While there are some
strategies for changing the fuel mix at a property such as oil to gas conversions and cogeneration,
in general, site energy is a better indicator for the types of improvements feasible to most buildings.
For the remainder of this paper, Site Energy Use Intensity is used as a proxy for a building’s
overall energy efficiency. It is important to note, however, that Source EUI is used by others within
the building energy efficiency industry, including in Portfolio Manager’s ENERGY STAR score,
since that metric accounts for the total energy costs required to produce and distribute the energy
used on site.

For many buildings in our dataset, particularly those located in states that do not require
disclosing whole building energy data, EnergyScoreCards only has access to the owner-paid
portion of consumption data. In addition, property owners and managers are often more concerned
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with the portion of energy use that they are actually paying for. Thus, EnergyScoreCards calculates
EUIs based on both the owner paid portion of consumption and the whole building consumption
(if tenant data is available). Throughout the rest of this paper, unless otherwise specified, EUI will
refer to the owner-paid portion of energy consumption.

A. Dataset

The grading model is created using EnergyScoreCards’ building database, which includes both
detailed building information and millions of utility bills, thus encapsulating both many "perma-
nent" and "changeable" building features. This database includes 8,300 properties, consisting of
nearly 30,000 buildings and 850,000 housing units, with significant concentrations in the Northeast,
Midwest, West Coast, and Texas.

Before beginning analysis, the dataset is cleaned to make sure that any null or inaccurate
feature values do not influence the models. Initially, we want to look at as many features as
possible, but once it is determined which features have the largest impact on EUI (see next section),
only properties that are missing those pieces of information are removed to maximize the size
of the dataset. After data cleaning, more than 5,300 nationwide multifamily properties remain
(consisting of 22,000 individual buildings and 640,000 housing units) from which to create the
models.

B. Predicted Index Model

In order to understand a building’s potential for energy savings, a baseline is needed to represent
how much energy a similar building would use. To this end, the algorithm calculates a predicted
EUI for each property, which represents the EUI for a typical peer building, and then compares
the actual EUI to the predicted value to gauge how efficiently each building is operating. In
addition to calculating a weather-normalized annual EUI for each property, EnergyScoreCards
also calculates five other consumption indices broken down by end-use, which allows for better
targeting of building systems and equipment that may need improvement. The model assigns
grades for each of the following end-uses in addition to the EUI:

• Cooling Index (BTU6/SQFT/CDD7/yr)
• Heating Index (BTU/SQFT/HDD8/yr)
• Electric Baseload Index (kWh/unit/yr): defined as annual non-seasonal electric energy

consumption per unit (representing lighting, appliances, pumps, motors, and other non-
seasonal plug loads)9

• Fossil Fuel Baseload Index (mmBTU/bdrm/yr): defined as annual non-seasonal fossil fuel
energy consumption per bedroom (mostly representing Domestic Hot Water - DHW - usage)

• Water Index (gal/bdrm/day)
6British Thermal Unit, equivalent to 1 × 10−5 Therms
7Cooling Degree Days, defined as the average daily temperature - 65 degrees Fahrenheit
8Heating Degree Days, defined as 65 degrees Fahrenheit - the average daily temperature
9Note that the domestic hot water fuel type is considered as a factor in assigning a grade for this index
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B.1 Random Forest Regressor

To model these predicted indices, EnergyScoreCards uses a Random Forest Regressor10, which
is effective at fitting both numerical features (such as building square footage) and categorical
features (such as the type of heating fuel). A Random Forest Regressor is an ensemble model
in which many decision trees (see sample in Figure 1) are created and averaged to determine a
predicted EUI (or other index) for a particular property. The decision trees are constructed by a
series of if-then statements which divide the training data set in two at each decision point or
node, by asking a question using one of the model features (e.g. ’Was a property built before
1950?’). At the end nodes of these trees (or leaves), all of the properties that were split the same
way are averaged together to give a predicted EUI value.

Each tree is unique due to the introduction of randomization in two ways. First, each tree is
constructed using a randomized sample of the training data, selected with replacement (meaning
a given sample can be included multiple times). Second, as the tree is created from trunk to leaves,
each successive decision node splits the data into two subsets based on the "best" split chosen
from a random subset of the features (the "best" split is defined by the feature and criterion which
minimizes the variance among the node’s subsets).

Figure 1: Portion of a sample decision tree

The same data can be used for training, test validation, and fitting, because the Random
Forest uses bootstrapping11. This technique greatly reduces overfitting, which is one of the
main advantages of using a Random Forest Regression algorithm. Using the trained model, the
predicted EUI for a property is calculated by traversing each of the individual trees to the end to
get an EUI value, and then averaging that value over all of the trees.

Before choosing the Random Forest Regressor, several types of linear regression models are
tested, including unregularized and L1 (Lasso) and L2 (Ridge) regularized regressions, but the
Random Forest Regressor has much better performance, as quantified by the model r2 and
out-of-bag scores, even after model parameter optimization.

The r2 score is a commonly used method to validate regression models and is defined as:

1 −
∑(ytrue − ypredicted)

2

∑(ytrue − ȳtrue)2 (1)

where ȳ is the mean value of y, the numerator is the regression sum of squares, and the denomi-
nator is the residual sum of squares. The r2 metric can be thought of as how well a model fits the

10http://scikit-learn.org/stable/modules/ensemble.html#forests-of-randomized-trees
11https://en.wikipedia.org/wiki/Bootstrapping_(statistics)
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data compared with just using the average. The out-of-bag (OOB) score is defined as an r2 score
where each data point’s training data (the data used to construct the model) is excluded in its own
prediction, essentially equivalent to a cross-validation score.

Before predicting each building’s EUI based on its features, the dataset is split into groups
that have different distributions of EUI values according to the payment code of the building12,
essentially what portion of energy the EUI is actually measuring if not whole building. The dataset
is split by the payment code instead of fitting it as the other features, because the EUI for different
metering structures is an intrinsically different measurement. After splitting the dataset, a separate
Random Forest model is created for each payment code subset.

B.2 Feature Selection

After bucketing by payment code, we determine which building features are significant for
predicting the EUI by ranking each training feature by its relative importance (with a value
between 0 and 100%, and a higher value meaning a greater significance). This importance value is
calculated by how close a feature typically sits to the trunks of the decision trees. For each payment
code subset, we train a Random Forest model using all potential features that do not appreciably
reduce the size of the dataset and then keep the features that have a relative importance of more
than ∼1% in any of the models. Table 1 shows these feature importance values for the three
main payment code groups. Note that there is a great deal of variation in feature importances
between the different groups partly because the EUI for the different payment codes is measuring
a different portion of energy consumption in a building, but also because buildings with different
payment codes often have different typologies. For instance, while heating fuel is very important
for the master-metered model, it is not significant for the other two payment codes. For the
owner-paid common area model, this is likely due to the fact that heating is a small fraction of
total owner-paid consumption, and for the owner-paid heat and DHW model, this is due to the
fact that very few properties with that metering configuration have electric heating.

From Table 1, it is clear that the dominant feature affecting the EUI in the first two models is
the average apartment size, with significant contributions for all three models from year built, total
area, heating fuel (for master-metered), and # floors (for owner-paid common area). Interestingly,
even though the EUI is already normalized by property square footage, total area is still a strong
predictor of EUI, implying a non-linear relationship between energy usage and building area. We
should also note that many of the features encode similar information, such as heating degree days
(HDD), cooling degree days (CDD) and region. So while the relative importance of the number of
heating degree days might not seem significant, much of that information is also included in the
two aforementioned features.

The same feature selection process is repeated for each of the end-use indices with a few more
features added to represent the payment code and fuel used for each relevant end-use.

12The payment code represents the metering structure of a property, indicating which of four end-uses (in-unit electricity,
cooling, heating and domestic hot water) are paid for by the owner vs tenants. This is especially relevant for the
EnergyScoreCards dataset, since most of the utility data represents only the owner-paid portion, so buildings with different
payment codes have EUIs that include a different portion of the building’s total energy use.
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Feature Master-metered Owner-paid heat Owner-paid common
(OOOO) and DHW (TTOO) areas (TTTT)

Avg. apartment size13(sqft) 27 23 9
Year built 8 19 13
Total area (sqft) 6 14 3
Cooling degree days 6 3 4
Heating degree days 4 2 4
# Bedrooms 9 9 4
# Floors 8 3 22
Heating fuel 22 1 1
Building type 1 0 3
Region14 6 3 4

Model r2 0.62 0.56 0.52
# of Properties 1140 2874 827

Table 1: Random Forest Regression model feature importance values for three different models defined by payment code:
master-metered, owner-paid heat and DHW and owner-paid common area. Features with a higher value are
more significant for predicting a building’s EUI. Note that some features are complementary. For example the
number of cooling degree days (CDD), heating degree days (HDD) and region all provide similar information,
and may be somewhat redundant with each other. The model strength, encapsulated by the r2 value and the
number of properties in the cleaned dataset by payment code are also shown.

B.3 Model performance

Models trained using the features selected in the previous section are evaluated using the r2

and OOB scores. While there is some variation among the data subsets, most models have an
OOB score around 0.2-0.5 and an r2 score around 0.4-0.7, with worse scores for poorly populated
payment code subsets. Figure 2 shows the OOB-predicted residuals vs the EUI. It is important to
note that we are not necessarily looking for models that predict the EUI of each building perfectly
(which would be suggested by residuals near 0), since that would imply that a building’s energy
use only varies due to permanent building features, and there is no variation due to design and
installation of energy-using equipment, building operation and maintenance, or tenant behavior.
Furthermore, any departure from a perfect EUI prediction is where we get the information about
how a building is performing in terms of fixable factors. So the most important thing to look
for in the residual plot is a relative symmetry around a residual of 0, which would imply that
our model isn’t systematically under- or over-predicting the EUI. Therefore, based on the y-axis
symmetry of this plot and the relatively high r2 and OOB scores, our models are doing fairly well.

B.4 Regional Model

In addition to differences in energy consumption due to the building features used to train the
models, there can be a great deal of variation in the energy required to operate a multifamily
building based on regional factors. These may include not only climate, but regional construction

14Defined as total multifamily square footage / number of units, so it includes the contribution from common areas.
14The determination of grading regions is discussed in section B.4
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Figure 2: The model residual vs the OOB-predicted EUI, along with the best linear
fit. Note there is a cutoff line on the upper part of the main group
of points as the EUI cannot be negative. There is also an apparent
heteroscedasticity15in the residual distribution, as the same percentage
difference between the actual and predicted EUIs leads to larger residuals
as the predicted EUI increases. This may also be due in part to systematic
underreporting of utility accounts, whereas overreporting is essentially
non-existent.

types, specific equipment favored by local architects, engineers, and contractors, and styles and
culture among local property managers, rental markets, etc. We therefore want to include region as
a model parameter. To determine the most statistically significant regional groups, we calculate the
normalized EUI for each property (actual EUI divided by predicted EUI) from a Random Forest
model trained on nationwide data from the most populous metering structure (owner-paid heat
and DHW), and examine how this normalized EUI is distributed geographically. Any remaining
variation in the normalized EUI should be due to either regional or behavioral factors.

Initially, we look at several existing U.S. climate divisions, including CBECS16, Census, IECC,
and LBNL17 zones, to examine if any show statistically significant variations in the distribution
of the normalized EUI from our dataset. While the Census and CBECS regions perform the best
from these existing divisions, we find that they do not sufficiently explain the regional differences
found in the normalized EUI data, and therefore opt to model our own regions.

To model the regions, we use an Agglomerative Clustering algorithm that searches for spa-
tially continuous regions with statistically similar normalized EUI values. Figure 3a shows the
normalized EUI for each county, which is the basis for this model. The clustering algorithm is
run several times with different numbers of clusters, and for each run, the cluster cohesiveness
is determined by the sum of the squared differences between the EUI values within each cluster.
The cluster cohesiveness is minimized at 7 clusters, and we slightly modify that model to allow
for most states to be part of only one cluster for our final grading regions (see Figure 3b). As a
control, the cluster cohesiveness is also calculated for the Census and CBECS zones, and is found
to be higher (i.e. less cohesive) for both. With the final modified cluster model, we are now able to
calculate the predicted EUIs for all properties in our database using the region as model feature.

15https://en.wikipedia.org/wiki/Heteroscedasticity
16https://www.eia.gov/consumption/commercial/maps.php
17https://windows.lbl.gov/estar2008/LBNL-ESTAR-8.13.08-B-National%20Model.pdf
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(a) Geographic distribution of normalized EUI values for each
county.

(b) Cluster grouping based on the agglomerative clustering model.

C. Assigning Grades

Once the predicted EUI is calculated for each property, the property’s total and end-use consump-
tion values are graded based on how the building performs compared to its predicted needs. Each
property is assigned a grading index for each end-use as,

GradingIndex =
ActualEUI

PredictedEUI
(2)

The Grading Index is then ranked and divided into quartiles separately for each metering code
and region, and a property’s grade is assigned according to which quartile it falls into. When
calculating the predicted EUIs, we combine properties across all regions and use region as a
model feature, in order to increase the sample size as much as possible to improve model accuracy.
However, when we calculate the grades, we want to explicitly separate out properties by region,
because we only want properties to be graded against others in their region. Figure 3 helps
visualize how the parameter space of actual and predicted EUI is divided up into grades. Note
that there is more of a tail on the lower end of the distribution of the grading index, which may be
due, in part to a systematic underreporting of energy data that occurs as building owners miss
individual utility accounts.

Figure 3: Histogram of Actual EUI / Pre-
dicted EUI for one of the largest
grading groups in the Ener-
gyScoreCards database. The
colored regions show the grades
assigned to properties in dif-
ferent regions of the parameter
space.
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III. Model Implementation

A. Grading in EnergyScoreCards

EnergyScoreCards grades are used to identify the properties in a portfolio that have the greatest
potential for improvement and savings. The algorithm allows properties to be graded based on
peer buildings with similar energy and water consumption needs, so every building should be
able to achieve an A or B rating, once it is performing as well as is possible for its building type. In
this way, the grades can be used to effectively target potential opportunities and more efficiently
direct audit resources where they are most likely to reap rewards.

One useful tool which allows building owners to understand how their properties compare
to each other and other buildings is the EnergyScoreCards My Properties In Context report (see
Figure 4), which ranks properties according to their Grading Index, within a given portfolio.

Figure 4: EnergyScoreCards’ My Properties in Context Report shows each property in a portfolio ranked by the Grading
Index, naturally splitting properties into their energy grades.

B. Insights into Building Efficiency

EnergyScoreCards’ grading model can help provide insights into what makes a building in-
trinsically efficient or inefficient, and what types of buildings are "peers" in terms of energy
consumption. In order to understand what building characteristics have the largest effect on
energy use, it is important to look at many different features simultaneously, as is done in our
Random Forest model. For example, there is not a clear linear relationship between building age
and efficiency, as buildings have not simply become more efficient over time (see Figure 5).

However, when multiple features are considered together, there are more obvious pockets of
parameter space that tend to house more or less efficient buildings. For example, Figure 6a shows
a correlation between old buildings with small apartments and relatively high EUIs, and Figure
6b shows the same trend for small buildings with small apartments.
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Figure 5: The Average EUI of typical mid-sized NYC buildings in 5-year age bins.

(a) (b)

Figure 6: EUI trend with multiple parameters simultaneously. (a) Median EUI for groups of buildings binned by
Average Apartment Size and Year Built, with the color of each circle representing the median EUI of the bin
and the size representing the number or properties in that bin. (b) The same for buildings binned by Total
Multifamily Area and Average Apartment Size.

In fact, the distribution of EUIs is markedly different between old (before 1950), small buildings
(<100,000 sqft) with small apartment sizes (<1000 sqft) and new, large buildings with large apart-
ment sizes (see Figure 7a). These two groups of buildings have statistically distinct distributions
of EUIs, with a t-test p-value of 1 × 10−31. If one instead looks at the energy use per bedroom
(as a proxy for energy use per occupant) for these two subsets of building types (see Figure 7b),
they are markedly more similar. This suggests that the EUI trend is at least partly caused by the
differences in population density in the two types of buildings. That is, there may be more people
per square foot in older smaller buildings, and thus more energy used per square foot.

To explore whether or not density is the only driver of this trend, we can break down the
energy consumption into different end-uses. Since the buildings we are looking at have owner-paid
heat, DHW, and common-area electric, the primary end-use is heating energy, followed by DHW
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(a) (b)

Figure 7: Kernel Density Estimate distribution of (a) EUIs for two populations of properties: old, small buildings with
small apartment sizes (purple line) and new large buildings with large apartment sizes (green line), and (b)
energy per bedroom for the same two populations of properties.

usage, and electric baseload usage. If the trend above were due exclusively to tenant density, we
would expect that heating energy per square foot would look the same for the two populations
of buildings. However, as is evident from Figure 8a, old, small buildings still use more heating
energy per square foot than newer, larger buildings.

(a) (b)

Figure 8: Kernel Density Estimate distribution of (a) heating consumption per HDD per square foot for two populations
of properties: old, small buildings with small apartment sizes (purple line) and new large buildings with
large apartment sizes (green line), and (b) electric baseload consumption per square foot for the same two
populations of properties.

This is likely a reflection of the types of heating equipment that tend to exist in these two types
of buildings and their relative efficiencies (e.g. steam-heated radiators vs newer technology such
as PTACs). We can further explore the differences between these types of buildings by looking at
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the common-area electric baseload usage per square foot (total building square footage, see Figure
8b). Unsurprisingly, large, new buildings tend to have higher electric baseload consumption per
square foot, indicative of larger common areas and more amenities. While further discussion of
these trends is out of the scope of this white paper, these insights raise the question of whether
energy per square foot is the correct metric for evaluating a building’s energy use or whether the
industry should be tracking energy per occupant (which is much harder to measure), or even
energy use per unit or bedroom as EnergyScoreCards does. By looking at many different building
features simultaneously, our grading model is effectively accounting for these types of trends by
identifying and normalizing for the building features that have the largest impact on the EUI.

IV. Future Considerations

EnergyScoreCards grades allow building owners and managers to identify properties within their
portfolios with the greatest potential for utility savings. By allowing them to effectively target
their resources towards improving energy and water efficiency at the most lucrative properties
and for the most appropriate end-uses, the grades help maximize reductions in building operating
costs across a multifamily real-estate portfolio. These types of improvements can also increase
rental premiums and property value in addition to reducing costs18,19.

Bright Power’s models provide clear predictions as to how efficiently each building should be
able to operate. With the assumption that any building can receive an A or a B grade, our model
is testable and as we continue to implement more retrocommissioning and rehab projects, we
will begin to collect more ’ground truth’ into how well our model is performing. For instance, if
projects undergoing massive rehabs still have poor grades, we would likely need to modify our
model. This ground truth, as well as the natural growth of our dataset, will allow us to further
improve and refine our model over time. With this refinement, we will also need to focus on
identifying additional potentially useful building features (such as equipment and distribution
system types).

The grading of buildings against peers is becoming possible on a city-wide level for many
cities that have enacted mandatory energy and water benchmarking laws. These grades allow
cities and building owners to more efficiently target their resources to the buildings that are the
most in need of retrocommissioning, retrofits, rehabs, or operations and maintenance training.
As more and more cities enact these benchmarking laws and publicly disclose the consumption
data, we are able to further refine our models to make more accurate predictions as to how much
energy an efficiently run building requires.

Finally, it is important that as an industry, the building science community continues to
collaborate and improve statistical analysis methods for assessing energy use and measurement
and verification of energy savings. The sharing of the EnergyScoreCards model in this white paper
is done in the hope that it will lead to a broader conversation on methodology that will improve
the industry as a whole.

18https://www.appraisalinstitute.org/assets/1/7/Green-Building-and-Property-Value.pdf
19https://www.usgbc.org/articles/business-case-green-building
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