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ABSTRACT 

This paper investigates the strength of the statistical relationship between various 

urban form characteristics and the carbon emissions that result from household electricity 

and fuel use.  Using data from the 100 largest metropolitan statistical areas in the United 

States, taken in 2000 and 2005, OLS regression methods are used to measure the 

correlations between per capita emissions from household energy use and independent 

variables describing both housing form and urban sprawl.  After controlling for 

differences in fuel mix, energy price, and income, the research finds significantly higher 

emissions associated with a greater incidence of detached single-family housing when 

compared against high-rise buildings containing twenty or more units.  Notably, it does 

not find the same effect for houses in smaller multi-unit buildings.  It also finds 

significantly lower emissions associated with an increased incidence of row housing 

when compared against detached single-family homes.  This analysis also finds a positive 

correlation between household energy emissions and both a history of greater rates of 

land conversion.  This paper concludes that the literature regarding smart growth and new 

urbanism should explore potential impacts on household energy consumption in its 

discussion of urban sprawl in addition to considering impacts on VMT and auto 

emissions.  It is likely that failure to do so results in an under-estimation of the potential 

emissions-cutting benefits of denser urban design. 
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Introduction 
 

Climate change is a pressing issue with the potential to cause significant negative 

impacts not only to the environment, but also to the global economy and to at-risk 

cultures as well.  Impacts have already been measured around the world, where research 

has discovered the loss of glaciers endangering water supplies, rising sea levels 

endangering coastal communities, and rising temperatures shifting ecosystems and 

disrupting the environmental services upon which billions of people depend.  At the heart 

of both the problem and the path to mitigation of climate change’s negative effects is our 

pattern of energy consumption, and the pollution that results.  The energy that individuals 

use in their daily lives for basic needs such as going from place to place, heating and 

cooling their homes, and cooking meals is also the source of the gases that are 

dangerously shifting the chemical content of the atmosphere: the carbon dioxide emitted 

from the burning of fossil fuels, biomass, and other energy sources is the primary cause 

of the changes that are producing these ecological impacts. 

Cities, and their particular characteristics of energy use, represent a growing part 

of this picture.  They also represent an increasingly important focus of any effective 

solution that the global community could adopt.  In 2007, the number of people in the 

world who live in urbanized areas exceeded 50% of the global population for the first 

time in history.  This represents a dramatic change in the importance of cities.  According 

to the United Nations Population Division, no more than 30% of the world’s population 

lived in cities in the year 1950.  By the year 2025, however, the figure is projected to 

reach 60% -- and keep growing.  The United States is even more urbanized: as of 2005, 
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fully two thirds of its population lived in the 100 largest cities alone (cities over roughly 

200,000 in total population).   

Questions about how cities are designed or redesigned, and questions about how 

and where to build housing, will confront policymakers across the country.  In addition to 

the trend toward urbanized living, the United States is expecting a huge expansion in 

population – almost 140 million additional people – in just the next forty years, according 

to the 2008 projections by the Census Bureau.  That population will require massive new 

additions to the existing housing stock.  In the next 50 years, this country will likely build 

new housing equivalent to 70% of the existing homes (Brown and Southworth, 2006).  

However, the research on the relationship between greenhouse gas emissions and 

urban form is unbalanced.  Most of the focus has been on the way that characteristics 

(such as density and the location of facilities like schools, retail and commercial sectors) 

affect the amount of driving that people do.  In short, most people have looked at how 

city design affects driving volume, and therefore affects total tailpipe emissions.  Less 

attention appears to have been paid to how urban design affects the amount of energy 

homes use.  Considering that past studies have found relationships between form and 

energy use (Ewing, Pendall and Chen, 2002, Nelson, et al., 2002, and Ewing and Rong, 

2008), and considering that residential energy use has been the source of over 20% of all 

energy-based emissions in the US, the relationship between urban form and residential 

energy use merits more study.    

Our policymakers’ approach to smart growth is similarly unbalanced.  

Policymakers generally do not consider housing type as a factor in household energy use.  
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Governments tend to focus on improving the energy efficiency of existing housing stock, 

pushing new efficiency technologies, and improving consumer information about energy 

use.  The parliament of New South Wales in Australia is a good example.  In 2004, it 

produced a report looking at energy consumption in residential buildings.  Their eleven 

policy proposals for new home construction included no discussion of encouraging 

attached or multi-unit housing, but did discuss improving energy efficiency through new 

technologies, higher building standards, and installing on-site renewable energy 

generation. 

 In England, the House of Commons’ Public Accounts Committee recently 

produced a report on residential energy efficiency, finding that it fell behind the standard 

met in much of the rest of Europe.  While the committee has set ambitious targets for 

reducing household energy use over the next ten years, and at the same time projects that 

over three million new homes will be built in that time, it does not contemplate the type 

of housing built or the density of communities as potential tools to rein in energy 

consumption.  The focus appears to be on better compliance with existing building codes 

and improving the efficiency of appliances. 

 In some cases, however, housing stock is considered.  In a technical paper 

prepared for the British Columbia Ministry of the Environment, Nicole Miller and 

Duncan Cavens (both of the University of British Columbia) specifically identified 

greater density and a greater proportion of multi-unit housing as important parts of any 

effort to reduce Vancouver’s total greenhouse gas emissions by 80% while still allowing 

for significant population expansion (Miller and Cavens, 2008). 
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 The Center for Neighborhood Technology also considered housing stock in its 

report, A Chicago Action Plan, in which it argued that housing stock is an important 

component in shaping the energy demand for the future of the city of Chicago and its 

surrounding areas.  However, the report only considers housing stock in terms of its 

impacts on transportation energy use and car dependency.  While the authors mention 

that buildings with shared walls and multiple stories are “inherently more efficient,” they 

disregard this factor when calculating housing form’s potential impact on carbon 

emissions.  The only policy responses to household energy use that the report envisions is 

retrofitting appliances, weatherizing houses, and improving building codes.  They do not 

consider what the impact of those “inherent” efficiencies would be.   

In this research project, I propose to examine what impact various characteristics 

of a city’s housing stock have on the city’s per-capita carbon emissions.  To what extent 

do free-standing homes correspond to higher household-based emissions than various 

categories of attached housing?  Are rented apartments associated with higher household-

based emissions than owned homes?  Do homes that are spaced further apart have higher 

or lower associated household-based emissions?  My goal is to measure the relative 

impacts on emissions of a number of different characteristics of urban housing stock, in 

order to learn more about which options present the most compelling opportunities for 

policymakers seeking to reduce a community’s carbon footprint.  I evaluate these 

questions in the U.S. context, utilizing data on the 100 largest metropolitan areas. 

The importance to policymakers of understanding the relative impacts of different 

housing characteristics lies in their need get the most “bang for the buck” when 
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attempting to incorporate green priorities into their decisions about city planning.  As a 

hypothetical example, the presence of a strong link between high levels of recent 

construction and high per-capita emissions from household energy use could indicate a 

particular problem with efficiency standards for new housing.  Also, information about 

the relative impacts of various housing and sprawl factors on energy demand and 

resulting emissions would give public officials an awareness of whether it is more 

effective to create tax incentives for developers to build on already-used land or more 

effective to create incentives for home energy-efficiency improvements.  By contributing 

to the understanding of the magnitude of the impacts that certain characteristics have on 

the “green-ness” of a city, I hope to contribute to a literature that can eventually provide 

support to policymakers who wish to make environmental concerns a part of their 

decision-making by providing a stronger basis for the adoption of green policies. 

Also, the arena of policy decisions that impact climate change is decentralized, 

particularly in the U.S.  State and local officials often control the types of fuel we use for 

energy, as well as efficiency standards for energy use.  Globally, different nations take on 

widely varying policy approaches to energy use and forest management.   Of interest to 

this paper, cities in the US control quite a lot of decisions that appear from the literature 

to greatly impact climate change.  The decisions over city design, over population 

density, over modes of travel within and even between communities all lie under the 

control of local officials.  As cities grow in importance and the country becomes a more 

urbanized nation (as a percentage of population), the decisions taken at the municipal 

level will only matter more.   
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The creation just this year of an accounting of carbon emissions specifically 

attributed to residential energy use in US metro areas (Brown and Logan, 2008) opens up 

an opportunity to examine how certain characteristics of our residential communities 

correspond to higher or lower per-capita energy use.  This allows policymakers an 

opportunity to develop an understanding through further study of these data of how 

various decisions they make can impact future demand for emissions, and then to take 

long-term emissions into account when deciding what building-code standards to adopt, 

how to zone new land for development, where to encourage or discourage development.   

While the authors of the Brookings Institution report and the associated working 

papers examined correlations with some types of housing and made use of some of the 

census data this analysis will use, this study will examine the same data from the 100 

largest metropolitan areas in the United States in 2000 and 2005 in ways the prior 

analysis did not: it will look more closely at a greater subdivision of housing stock to 

improve the understanding of the effects of housing type on emissions from household 

energy use, and it will use a regression analysis to take a broader look at the relative 

impacts of policy options related to housing, energy supply, and urban sprawl.   
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Literature Review 

 

Urban form is a subject earning substantial attention.  There is a field of advocacy 

surrounding enlightened urban design, seeking to direct policymakers toward a priority of 

encouraging whole livable communities.  This field, comprised of the “new urbanism” 

and “smart growth” movements, seeks to achieve denser, more walkable communities 

with short distances between home, school, work, commercial areas, and public services.  

The touted benefits include lower obesity, better community cohesion, greatly reduced 

emissions from transportation, shorter commuting times to work and school, and a 

number of other life-improving outcomes.  (See www.smartgrowthamerica.org and 

www.newurbanism.org.)   

The bulk of the research on urban form and energy has considered its effect on the 

amount of vehicle travel that urban form requires by virtue of putting people further and 

further away from their regular destinations.  People in low-density communities where 

housing is separated from other land uses must drive further to get to where they need to 

be.  Also, they must drive, rather than walk, and so the energy intensity of transportation 

rises even faster as more trips are in vehicles.  Brownstone and Golob (2009), in a paper 

in the Journal of Urban Economics, observed a correlation between a decrease in housing 

density and an increase in miles driven and gas bought.  Less-dense California 

communities saw residents drive 1,200 more miles per year than those in comparable 

communities that were denser by an additional 1,000 houses per square mile. 
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The research on the impact of housing type and density on housing energy use has 

mostly been done recently.  Kahn (2000) used residential energy-use data to compare 

energy consumption in the home by urban households and suburban households, and 

found no significant difference between the two.  Ewing, Pendall and Chen (2002) took 

issue with Kahn’s categorization of urban and suburban, arguing that a poorly-defined 

categorization of urban form leads to the comparison of fundamentally like groups with 

only superficial distinctions. 

Reid Ewing and Fang Rong (2008) make the case for the importance of sprawl’s 

effect on household energy use and carbon emissions, pointing out that total household 

energy consumption rivals total transportation energy consumption, both in scale and in 

carbon emissions.  (The authors use data developed by the Energy Information 

Administration on energy use by end-use sector1 to argue this point of scale.  By that 

measure, EIA data actually show transportation to represent about 30% greater total 

energy use – a fact which Ewing and Rong do display in tables.) Ewing and Rong (2008) 

found that energy consumption in households goes up with incomes, goes down with 

energy prices, and varies by the ethnicity of the occupants.  After controlling for those 

and other factors, they found a strong relationship between housing type and energy 

consumption.  Single-family detached housing used far more energy (over 50% more for 

heating, and 26% more for cooling) than comparable homes in multi-unit buildings.  

Larger homes, as measured by heated and cooled square footage, used significantly more 

energy than comparable smaller homes.  In their conclusion, Ewing and Rong argue that 

                                                           
1 The Authors specifically cite this table displaying energy consumption by sector: 
http://www.eia.doe.gov/aer/txt/ptb0201a.html.  



 

 9 

 

pursuing compact development can save almost as much household energy use as it can 

in transportation energy use. 

Not everyone agrees.  John Randolph (2008) questions the soundness of the 

regressions in Ewing and Rong’s (2008) analysis in his responsive comment.  Randolph’s 

concerns are with the quality of the data used, as well as the methodology that Ewing and 

Rong use to combine four different data sources and then to generate results.  He finds 

their results untrustworthy and their methodology both unclear and unpersuasive.  He 

disputes that compact urban form can induce reductions from household energy use that 

would be on par with the reductions they induced from reduced VMT.  He also disputes 

what he perceives as a misrepresentation of the relative importance of energy-efficiency 

measures for cutting household energy use.  Holloway and Bunker (2005), using a survey 

approach, found that most of the emissions difference between urban and suburban 

communities came in the form of increased auto use in the suburbs.  However, their 

research was focused on six selected communities in or near Sydney, while Ewing and 

Rong (2008) were using national household-level data sets in the United States.  Closer to 

home, however, Norman, MacLean and Kennedy (2006) also argued that most of the 

benefit of denser urbanized communities would come in the form of reduced emissions 

from auto use.  The implication for policy, from their point of view, was that efforts to 

develop and urbanize in sustainable ways should focus primarily on reducing vehicle 

miles traveled.  Their work relied on two case studies of communities in Toronto.   

Additionally, the Ministry of the Environment for Finland also appears to 

downplay the negative effects of detached single-family housing.  In its 2002 report on 
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urban form and greenhouse gas emissions, the Ministry projected that pursuing dense 

urban communities and avoiding sprawl could help Finland achieve nearly a quarter of 

the emissions cuts it is obligated to make under the Kyoto Protocol – and do so without 

reducing the proportion of detached single-family housing.  They did not assess the 

policy options for cost, but rather only for the ability of different types of urban form in 

reducing energy consumption, primarily from auto emissions.   

Indeed, there is not yet any consensus in the literature as to the magnitude of the 

difference in energy use between multi-family housing structures and detached single-

family homes.  A case study done by Vieira and Parker (1991) at the University of 

Central Florida found that average energy use in detached houses in that state was 85% to 

99% higher than the average energy use in attached buildings, when controlling for 

differences in occupancy.  The Department of Energy’s Energy Information 

Administration (1991), however, produced a different result: its analysis of data from 

1984, 1987 and 1990 showed that detached single-family homes used roughly 18-20% 

more energy than multi-unit homes, but used nearly 80% more than housing units in large 

buildings (those with more than five units).  While the EIA adjusted its figures for 

weather, it did not adjust for differences in square footage, income, or other controls that 

are often part of the comparison in other studies.  Apartments in multi-unit buildings have 

a smaller median room count and the median incomes for their occupants are lower in all 

100 MSAs according to the Census Bureau’s American Community Survey, so these 

results are likely overestimating the true impact of housing type on energy use.   
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As yet, only one study has been done on housing energy use with the benefit of 

the recently-developed collection of energy-use and emissions data from the 100 largest 

metropolitan statistical areas (Brown and Logan, 2008).  The presence of such a 

collection of data, measured at the same time and by the same methodology, opens up 

new opportunities to look at the impacts of urban form in a systematic way that produces 

reliable results that can inform discussions in communities around the country and 

potentially around the world.  This is preferable to simply adding more isolated case 

studies to the literature, and preferable also to national-level analyses that cannot 

incorporate the differences between and among various communities.   
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Hypothesis and Conceptual Model 

 

 This research will focus on two different but parallel models, both attempting to 

measure the correlation of several characteristics of housing stock and indicators of urban 

sprawl with variations in the per-capita carbon emissions from household energy use, 

measured for each metropolitan statistical area.  The first model is a smaller model with a 

simpler expression of housing stock that allows for a comparison of effects across two 

different years, 2000 and 2005.  The second model, utilizing data available only in 2005, 

examines housing stock in more detail, breaking multi-unit housing into several sub-

categories using data that are not available in the year 2000.   

 The hypothesis underlying this analysis is that communities with characteristics of 

greater density will show significantly lower per-capita household energy use (and 

therefore lower per-capita carbon emissions) from their residents than will communities 

with characteristics of sprawl.  Using an ordinary least squares (OLS) regression and data 

from 2000 and 2005 from 99 of the 1002 largest metropolitan statistical areas in the 

United States, this analysis seeks to measure whether these characteristics do in fact 

correspond to decreases in energy use and carbon emissions.  If they do show an impact 

on energy use and emissions, the second question of interest is whether or not they 

closely correspond to the magnitudes of the impacts estimated by Ewing and Rong 

(2008).   

                                                           
2 Because some of the data selected for these regressions were not available for the Honolulu MSA, which 
is contained within the top 100 metropolitan areas for which emissions data were collected, I excluded 
Honolulu from this study, reducing the sample size to 99. 
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 The independent variables used in this study fall into several categories: 

• Housing type: for the 2005-only model, various types of housing are included 

in this model, expressed as a percentage of total housing.  These include 

detached single-family homes, duplexes, homes in buildings of three to four 

units, homes in buildings of five to nine units, homes in buildings of ten to 

nineteen units, and homes in buildings of twenty or more units 

(Detachedpct05, Attachedpct05, MobileHomepct05, BoatVanRVpct05, 

Duplexpct05, ThreeFourpct05, FiveNinePct05, TenNineteenPct05, 

TwentyPlusPct05, TwotoNinepct05 and TenPluspct05).  For the comparison 

model, housing type is measured by the percentage of housing in multi-unit 

structures (MURate).   

• Urban Form and Sprawl variables: This model also includes variables 

expressing the median room size (medianrooms), the number of housing units 

per square mile (hudensity), the rate at which rural land was converted for new 

homes from 1980 to 2000, weighted by how much of the housing stock was 

built during that time (LUCWeighted),.  Also included here as an instrument 

for sprawl is the per-capita emissions from highway traffic within each MSA 

(TranspoAutoPCCF), because of the strong linkage between urban sprawl and 

increases in vehicle-miles traveled.  This variable was only available for the 

2005 year, and thus is only included in the extended model.   

• Variables relating to the cost of energy: Consumers are confronted with the 

costs of energy in different ways.  This model includes an energy price per 



 

 14 

 

unit of energy measured in cents per kilowatt-hour (ResPrice), and also a 

variable expressing the proportion of apartments in which the utility bills are 

included in the rent (WeightPctUtilsInclud).  The utility-bills variable is 

weighted by the inverse of the home ownership rate (a control variable in the 

section immediately below), because a high percentage of included utilities in 

a city that had a tiny apartment population would otherwise show a 

misleadingly small effect from that variable. 

• Control variables: various factors outside the field of urban design and 

outside the reach of policy are recognized to have a large impact on household 

energy use and on carbon emissions.  These include per-capita income (pci), 

the percentage of homes that are owned rather than rented (OwnerOccPct), the 

natural logs of total heating and cooling degree-days (lhdd and lcdd) for the 

year in question, and regional dummy variables to express the geographic 

location of communities around the country.  These factors are included in the 

model, in order to control for their impact and avoid allowing them to distort 

the observed effects of the variables of interest.   

• Fuel Mix: I include a variable (ResEEI) in both models expressing the 

variation in pollution intensity of the various fuel supplies used to provide 

household energy in each MSA.  The variable is measured as the number of 

British thermal units (btu’s) consumed per capita for every ton of carbon 

emitted per capita.  A higher number indicates a less carbon-intense fuel mix.  

This serves as a crucial control variable for the purpose of examining the 
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impact of housing form on emissions, but is a policy variable in its own right, 

and its impact in relation to the potential impacts of other policy variables is 

interesting to policymakers. 

The regression model for the comparison model, examining factors related to per 

capita emissions in both 2000 and 2005, is as follows: 

 

ResPCCFi = B0 + B1ResEEIi + B2ResPricei + B3MURatei + B4HUDensityi + 

B5LUCWeightedi + B6PCIi + B7 PctOwnerOcci + B8lhddi + B9lcddi + B10Northeasti + 

B11Midwesti + B12Southeasti + B13Southwesti 

 

 The model is also run with the weighted land-use conversion rate in quadratic 

form, to show how relationships between emissions and the independent variables differ 

between 2000 and 2005.  Expressing this variable in quadratic form may improve the 

model for two reasons.  First, to the extent greater land conversion allows for more 

energy-consumptive housing stock (via larger square footage or larger footprints), that 

effect is likely to diminish after a certain point, when housing becomes so widely spaced 

that limited land is no longer a limiting factor in design. Also, the variable may show a 

non-linear (positive but diminishing) relationship with emissions because more housing 

stock can be added in a dense fashion and still increase the value of the variable.  In fact, 

the regression results show that the strongest model for 2000 contains this variable in 

linear form, while the strongest model for 2005 contains the variable in quadratic form, 

and so I include both versions of each year’s model to show the difference. 
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The regression model for the 2005 year is as follows: 

 

ResPCCF05i = B0 + B1ResEEI05i + B2Attachedpct05i + B3MobileHomepct05i + 

B4BoatVanRVpct05i + B5Duplexpct05i + B6ThreeFourpct05i + B7FiveNinePct05i + 

B8TenNineteenPct05i + B9TwentyPlusPct05i +B10MedianRooms05i + B11Density04i + 

B12LUCWeightedi + B13LUCWeightedSqi + B14ResAutoPCCF05i + B15Price05i + 

B16WeightedPctUtilsInclud05i + B17lhdd05i + B18lcdd05i + B19PCI05i 

+B20PctOwnerOcc05i + B21Northeasti + B22Southeasti + B23Southwesti + B24Midwesti   

 

 The model is also run with the multi-unit variables merged into two categories, 

TwotoNinepct05 and TenPluspct05.  A third model is run with all the multi-unit 

variables, but replaces the TwentyPlusPct05 variable with the DetachedPct05 variable, in 

order to compare the results with alternate reference categories.     

 

Rationale behind the Housing Variables 

Some of the variables impact energy use directly, while others only do so 

indirectly.  Multi-unit housing is expected to impact energy use in two ways.  First, the 

presence of attached housing involves shared walls and a relatively small amount of 

surface area in proportion to the total living space.  Only some of the wall and ceiling 

area of these housing units faces the outside of the building for these units, while all of 

the wall and ceiling area faces the outside for detached single-family housing.  This 

should reduce the heating and cooling losses due to the temperature differential from 
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outside to inside the structure.  Second, homes in multi-unit buildings often share heating 

and cooling systems, which might reap efficiencies over the operation of individual units 

for each home.  . 

The median number of rooms in each city should vary positively with average 

housing size, and therefore should correspond positively with energy use and greenhouse 

gas emissions.  I expect this relationship because the median number of rooms should 

correlate with average housing size, which Ewing and Rong (2008) associate with greater 

energy consumption. 

Low housing density per square mile, as well as a history of converting a lot of 

land for relatively few new houses, should drive up energy use, but this impact will be 

indirect.  I do not think that the distance between one house and the next that would have 

a direct impact on either home’s energy use, but I expect that a relatively high density of 

homes per square mile should have the effect of constraining housing design (by 

constraining footprint and total square footage) in ways that reduce their energy demand.  

First, if lots are smaller, houses are more likely to be smaller themselves – and fewer 

square feet are strongly correlated to less energy consumption in the literature. Further, 

they are more likely to be spatially compact.  For example, a two-story house with a 

basement will tend to have a smaller surface area and fewer windows than a sprawling 

ranch house that contains the same amount of inside space.  Marginal changes in these 

values should have larger effects on energy use and emissions where housing is already 

dense, but smaller effects where housing is broadly spaced.  Adding an additional house 

to a block filled with small lots and small homes would likely pressure those homes and 
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lots to be smaller still, while adding an additional house to an area where each house sits 

on three acres is unlikely to constrain the size or shape of the other houses.  Therefore 

both of these variables are modeled in quadratic form.   

Because the literature on sprawl has established a link between using urban form 

and emissions from car travel, it is valid to include per-capita auto emissions as an 

instrument for sprawl.  The research to this point has not yet generated a consensus 

(despite healthy debate) around any particular operational model for urban sprawl 

(Ewing, Pendall and Chen, 2002, Ewing and Rong, 2008), and so I believe it appropriate 

to include a variable that measures a central component of the concept of sprawl, even if 

that variable is not strictly a housing or building characteristic.  The measurement of per-

capita auto emissions serves as a useful counterpart to density and housing type as part of 

the expression of sprawl in this model.   

Consumers of energy are expected to be (and have been shown to be) sensitive to 

the prices they face.  Therefore I expect that higher energy prices will drive down energy 

consumption, while higher incomes will drive energy consumption upward.  Along these 

lines, a higher proportion of apartments in which the landlord pays the utilities will drive 

energy consumption up, because the resident in that case does not face a marginal cost of 

consuming additional energy, and so is more likely to consume it freely (Levinson and 

Niemann, 2004).   

All factors mentioned here are expected to impact carbon emissions through their 

impact on the energy used by residents in these communities.  For this reason, the energy 
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emission intensity variable translates energy use into carbon emissions through its 

measurement of the fuel mix supplying household energy in each metropolitan area.  
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Data Description 

 

 Data for this analysis were compiled from several sources.   The data regarding 

greenhouse gas emissions from household energy use, as well as data used to derive the 

variable expressing emissions efficiency of energy, were obtained from a working paper 

by Brown and Logan (2008), entitled, “The Residential Energy and Carbon Footprints of 

the 100 Largest U.S. Metropolitan Areas”.  From this paper, I obtained estimates on per-

capita carbon emissions from auto and household energy use for 2005, and per-capita 

household energy consumption for both 2000 and 2005. 

 To estimate energy use and carbon emissions from electricity use, the authors of 

this report relied on a database developed by Platts Analytics, which assembled estimates 

of total energy sold by all utilities to customers within each of the 100 largest 

metropolitan areas.  Platts collects these data, as well as the data regarding the number of 

customers buying from each utility, annually from the mandatory filings that each energy 

supplier must submit to the Federal Energy Regulatory Commission.  The authors used 

these data to first estimate per-household energy use at the zip-code and county levels 

within each MSA, and then adjusted that data to account for household characteristics 

such as the number of people per home and the percentage of housing in which landlords 

pay utilities (resulting in the absence of a bill for that residence).  Once adjusted, the 

authors summed the county data to produce energy-consumption estimates from 

electricity for entire metropolitan statistical areas.     
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 Brown and Logan (2008) derived carbon emissions from electricity consumption 

using data regarding emissions intensity for each metropolitan area, reported for 2000 

and 2005 in the EIA’s Annual Energy Outlook reports for 2002 and 2007, respectively.   

 To estimate the energy use and carbon emissions from the use of other fuels, such 

as natural gas, heating oil or biomass sources, the authors relied on state-level data for 

average consumption rates of fuel, divided by types of housing.  Using census records to 

obtain numbers of housing type for counties within each MSA, they weighted the 

household averages for each housing type by the number of each housing type within 

each county, and generated a per-household and total energy use from fuels for each 

county.  To generate estimates for carbon emissions, they derived fuel volumes from the 

energy-use values they had developed, and multiplied the fuel amounts by carbon content 

coefficients established by the EPA.  (A more detailed explanation of the methodology is 

available in Appendix B of the working paper.)   

 The value I use in this paper for emissions from household energy use is the sum 

of the per-capita emissions estimated for electricity use and for fuels use from Brown and 

Logan (2008).   

 For a measure of carbon emissions due to vehicle use in each MSA, I rely on 

estimates created in another working paper from the Brookings Institution.  This time, the 

data were drawn from Southworth, Sonnenberg, and Brown’s paper (2008), “The 

Transportation Energy and Carbon Footprints of the 100 Largest U.S. Metropolitan 

Areas.”  These estimates were achieved by first using Federal Highway Administration 

data to establish daily averages for vehicle-miles traveled for each county included in the 
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metropolitan statistical areas involved.  That data were then combined with data from the 

Oak Ridge National Laboratory’s Transportation Energy Data Book to develop average 

fuel consumption values for cars.  National-level data on fuel mixes used by cars across 

the country were included to ensure that the emissions reflected the ratios of gasoline, 

ethanol blends, and diesel in the national fuel mix.  This measurement is not one of the 

components of emissions from household energy use, but is a component of an aggregate 

per-capita vehicle emissions variable that the authors generate (I do not use that 

aggregate vehicle emissions variable in my model).   

Several variables were taken from the Census Bureau’s 2007 State and 

Metropolitan Area Data Book.  This source supplied the number of housing units in 2000, 

the housing density in 2000, the home ownership rate in 2004, and the percentage of 

housing units in buildings of two or more units (multi-unit housing, for short) in 2004.  It 

also contains the data describing the number of acres converted from rural use per new 

house built from 1980 to 2000, as well as per-capita income values for 2000 and 2005.  

The 2000 variables were taken from the decennial census in 2000, and the 2004 data were 

developed through the Census Bureau’s established methodology for population and 

housing estimation in non-census years.  For those years, the Census Bureau uses the 

decennial census as a baseline, and uses responses from surveys of county government 

data to estimate the number of new houses constructed, the number of new mobile home 

placements, and the number of housing units lost.  The Census Bureau relies on counties 

to submit these data, and imputes values where full data are not submitted.  This work is 

done by the Manufacturing and Construction Division (MCD), and the full methodology 
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is available at the Census Bureau’s website: http://www.census.gov/popest/topics/ 

methodology/2007-hu-meth.html.   

Housing data from the extended model for the year 2005 came from the Census 

Bureau’s American Community Survey (ACS).   This includes the variables describing 

housing type (RVs/vans, detached houses, duplexes, and the rest), as well as the variable 

describing the median number of rooms of the homes in each MSA.  The ACS collects 

data continually through an ongoing mail survey process.  The survey methodology is 

similar to Don Dillman’s widely-adopted method for mail surveys (Dillman, 1991), and 

consists of a pre-notification letter, a survey questionnaire, a reminder card, and a second 

questionnaire for non-respondents.  The ACS goes beyond Dillman’s approach in its 

efforts to minimize non-response and incomplete response problems, first through 

telephone interviewing attempts to households that fail to respond to the mail 

questionnaire, and finally through direct site visits by field representatives to a third of all 

non-responding households.   

For the year 2000, however, the ACS only collected observations for housing type 

and number of rooms per MSA from a few specific test sites.  Thus, I lacked these data 

for a sufficiently large subset of the MSAs in my sample in the year 2000.  Thus, I only 

include these variables in the 2005 regression.   

The Census Bureau publishes the standard errors for all of the values utilized in 

this analysis, and while they are small, they are in some cases very large compared to the 

measured quantity of housing types.  In many of the smaller metro areas, infrequent 

housing types had larger reported standard errors than the actual number of households.  
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However, this occurred almost entirely with the category counting boats, RVs and vans, a 

category of housing which is not central to the question of how differences in emissions 

from household energy use correspond with variations in established housing stock.  By 

contrast, the standard errors for other categories usually stayed below one percent of the 

measured number of households of any given type.  

Weather data were taken from the National Climatic Data Center (the NCDC) at 

the website of the National Oceanic and Atmospheric Administration.  Because 

metropolitan areas often cover many counties and much more geographic territory than 

cities do, I elected to use data at the climatic-division level, rather than data from any 

individual weather station within the metro area.  (Divisions are subparts of states, and 

there are anywhere between one and ten divisions per state.)  For example, the Riverside-

San Bernardino-Ontario MSA in southern California includes all of San Bernardino 

County, and thus extends from near the west coast all the way to the Nevada and Arizona 

borders.  To use data from Riverside alone would misrepresent the average temperature 

for the larger MSA.  The climatic division for that area provides a more appropriate, and 

consistently available, estimate, obtained by averaging temperature readings taken three 

times per day at dozens of monitoring stations throughout each division.  (A full 

methodology is available at NOAA’s website: http://www7.ncdc.noaa.gov/ 

CDO/DIV_DESC.txt.) 

Divisions lie strictly within state boundaries, while MSAs often cross state 

boundaries, and in some cases include counties in three states.  In cases where an MSA 

extended across a state line, and thus into a second division, I selected a single climatic 
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division and applied its averages to that MSA.  I did so by taking into account which 

division had the greater share of population.  Of eighteen MSAs with counties in more 

than one state, all had a clear preponderance of total population in one division.  For 

example, the MSA surrounding Louisville, Kentucky lies mainly in Kentucky but also 

includes a county in Indiana.  Its population is mainly in Kentucky, and so I used data 

from the climatic division in northern Kentucky covering Louisville itself, and 

disregarded the division in southern Indiana. 

For energy prices, I rely on the Energy Information Administration’s tables of 

historical retail energy prices for states, listed by year.  These prices are measured with 

all taxes included, thus representing the actual out-of-pocket gross price the consumer 

faces.  As with weather data, where MSAs covered more than one state, I applied the 

prices of the state containing the majority of the population.  No MSA was evenly split 

over two states; those with counties in more than one state were always predominantly in 

one state.  Further, energy prices rarely varied significantly between adjacent states.  For 

example, in the case of New York City, the MSA for which extends into New Jersey and 

Connecticut, the measured prices for those two states were similar to the price measured 

in New York.   

Data for per-capita income by MSA are provided for every year back to 1969, 

through the Regional Economic Information System maintained by the Bureau of 

Economic Analysis.  It is derived from Census Bureau data.  The data can be found at 

http://www.bea.gov/regional/reis/mrius.cfm.   
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In the models constructed for this thesis, three of the variables are specially 

created.  The first is a weighted land-use conversion rate.  The model hypothesizes that a 

history of high levels of sprawl will result in a housing stock that is more consumptive of 

energy, even after controlling for the proportions of different housing types.  The variable 

describing land-use conversion rates indicates how much rural land was converted for 

each new home, but does not indicate what proportion of the housing stock is 

characterized by that sprawl rate.  As a consequence, a city that grew very rapidly during 

the 1980s and 1990s would be indistinguishable from a city that grew only slowly during 

that time, and if the two had the same per-house sprawl rate, this expression of sprawl 

would treat them as equal.  In actuality, the fast-growing city would have much more of 

its housing stock represented by that period than the slow-growing city would.   

To rectify this problem, I used data from the American Community Survey to 

establish the number of housing units built during the period from 1980 to 2000.  I then 

divided that value by the measured number of total housing units in 2005, to establish a 

percentage of the housing stock to which the land-use conversion variable applied.  I 

created the weighted land-use conversion rate variable by multiplying the percentage of 

housing built during that time by the land-use conversion rate.   

A similar problem presents itself in the case of the variable expressing the 

percentage of rental units for which landlords paid utility bills.  In this case, the 

percentage of housing to which this variable applies was not reflected in the variable. As 

a consequence, cities with little rental housing and cities having a great deal of rental 

housing risked being treated equally.  I use data from the American Community Survey 



 

 27 

 

on the percentage of housing occupied by renters and multiplied the proportion of 

utilities-paid apartments by the proportion of rental properties overall.  I include this 

weighted utilities-paid variable, rather than the straight utilities-paid variable, in the 

model.   

 In the third case, I separate the effects of variation in the emissions intensity of 

energy sources from the effects of housing form and urban sprawl.  To accomplish this, I 

generate an energy emissions index by dividing the per-capita energy consumed from the 

combination of electric and fuel sources for each MSA by the per-capita emissions as 

estimated by Brown and Logan (2008).  The resulting variable, expressing the number of 

btus consumed per metric ton of emissions, should strip the housing form and sprawl 

variables of any influence by variations in the carbon intensity of energy sources.   

 Finally, because a number of variables are not available for the Honolulu MSA in 

forms that are consistent with their measurement in other MSAs, I exclude Honolulu 

from these  models, resulting in only ninety-nine of the top 100 MSAs being considered 

in my models.   

 One positive aspect of these sources of data is that the housing data, while not 

measured at the household level, avoid two of Randolph’s (2008) critiques of Ewing and 

Rong (2008): using housing data with small sample sizes and using data sets with very 

different sampling frames.  Ewing and Rong used data from the EIA’s 2005 Residential 

Energy Consumption Survey, which sought to describe the entire US housing stock 
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through a sample of only 4,381 households.3  The American Community Survey, by 

contrast, surveyed approximately three million households, or nearly three percent of all 

households, that year.  Avoiding the RECS, with its significantly non-random method of 

carefully selecting a small sample of households to represent a sought-after composition, 

and using the ACS and Census data instead, is also beneficial from a sampling-frame 

perspective: the data for housing stock and for carbon emissions of a given MSA are 

assembled by aggregating sample data from each county within that MSA.  While the 

data collection at the county level is not the same, this similarity at least ensures that the 

estimates for emissions and the estimates of housing stock characteristics are measuring 

the same populations in similar ways. 

 

                                                           
3 See the RECS website for further methodological explanation: 
http://www.eia.doe.gov/emeu/recs/recs2005/c&e/detailed_tables2005c&e.html 



 

 29 

 

Summary Statistics 

 

Tables 1 and 2 report the mean, the maximum value, and the minimum value for 

each variable utilized in my regression analysis. Table 1 reports this information for 

2005, while table 2 reports this information in the year 2000.  The second column in each 

of the two tables reports these values for the overall sample of 100 cities, while column 3 

reports the same information for the 50 lowest per-capita emitters; the last column in each 

table reports parallel information for the 50 highest per-capita emitters.  From these 

tables, we can see that overall per-capita emissions from household energy use for the 

100 cities in my sample averaged 1.002 metric tons of CO2 per person in 2005, falling 

from 1.035 metric tons per person in 2000.  Sixty-four of the 100 cities saw their per 

capita emissions from home energy use drop, with the rest experiencing an increase in the 

per-person average.  The Washington, DC area was the highest emitter on a per-person 

basis in both years and its per-capita emissions grew, rather than shrank, from 1.735 

metric tons to 1.958 metric tons.   

An examination of the MSAs in the data set strongly suggests that individual 

MSAs, even nearby MSAs, face differing factors influencing their emissions.  Los 

Angeles, which held the lowest-per-capita emissions mark at 0.376 metric tons per person 

in 2000, rose about 4% to 0.391 by 2005.  By contrast, Bakersfield, CA, sitting just over 

100 miles away, took over the lowest spot in 2005 when it showed a dramatic drop from 

0.433 metric tons per person in 2000 to 0.350 metric tons per person just five years later.  

Bakersfield’s experience constitutes a 19% drop in just five years, which is dramatic and 
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raises interest in finding out which explanatory factors also changed significantly over 

that time period.  Its per capita energy use also dropped by about 15%, so – based on 

initial evidence - any change to a cleaner fuel mix seems to only be responsible for a 

minority of the change.   

Other MSAs in the data set also had large decreases from 2000 to 2005, 

approaching 20 percent reductions, while a few had large increases nearing 20 percent.  

Cincinnati’s housing-based emissions jumped a full 20%, while its energy use only 

jumped about 17%.  In fact, at both extremes, emissions changed more dramatically than 

energy use.  This is an early indicator that fuel mix, in addition to being a control variable 

for the purposes of this model, can manifest changes quickly enough to also be viewed as 

a potentially relevant policy variable.   

 Returning to Tables 1 and 2, we can see that the amount of energy cities 

consumed per ton of carbon emitted, captured by the energy emissions index, varied 

widely in 2005, from 185 million btus at the highest (Los Angeles) to only 43 million 

btus (Washington, DC area).  But variance in sources is not the whole story.  When 

splitting the sample into higher and lower per-capita emissions groups, the 50 highest 

emitters averaged below 61 million btus for each metric ton of emissions, while the 50 

lowest emitters averaged 85 million btus – they got 35% more energy for each ton 

emitted.  In 2000, the fifty highest emitters averaged below 59 million btus per metric 

ton, while the lowest fifty emitters averaged over 78 million btus – about a 32% 

difference.  Interestingly, the low emitters made more of an efficiency improvement over 

the intervening five years (getting an additional 7 million btus for each metric ton of 
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carbon emissions in 2005 over what they got in 2000) than the high emitters (only 2 

million more btus per metric ton).   

 As an aside, only electricity got cleaner.  The 100 cities collectively got 62.5 

Mbtu’s/person for every metric ton they emitted from electricity use in 2000.  In 2005, 

that number moved to 65.1, so they were burning 3 million btu’s for each metric ton of 

carbon they emitted.  The mix of other household energy fuels (such as natural gas, 

heating oil, or wood) did not get cleaner in that time.  The 100 cities collectively got 67.1 

Mbtu’s/person per metric ton they emitted from fuels in 2000, a figure which held steady 

in 2005.  Fuel use fell as a percentage of total energy supply to homes, and it supplied 

less energy per person.   

Per Capita GDP in 2005 from the 100 MSAs in the sample averaged $43,840, and 

splitting the data into higher and lower emitters did not produce meaningful shifts in the 

average (the two were within $500of each other).  However, the lower emitters were 

more widely scattered, having a standard deviation of $12,081, while the higher emitters 

were more bunched, having a standard deviation of only $7,890.   

Residential energy price shows an interesting result in the summary statistics.  

The average energy price for the lowest 50 emitters is a full 20% higher than for the 

highest 50 emitters in both 2000 and 2005.  This suggests that price sensitivity may be a 

variable to watch in the final analysis. 

 Per capita income over the entire sample grew dramatically –a total of over 16% 

($30,632 to $35,554) from 2000 and 2005.  Interestingly, the half of the sample with 

lower emissions from households held a consistent advantage in per-capita income of 
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about $1,000 in both years measured (2000 and 2005).  This is despite wide variations 

from city to city – rates of increase range from 15% to nearly 50% over that time.   

 The population-density data reported in Tables 1 and 2 are immediately 

interesting.  Population density for the 50 lower emitters in the sample was about 57% 

higher in 2000 and 2005 than the 50 higher emitters.  This number barely varied, staying 

between 56% and 58%, despite the fact that overall, the group grew very rapidly, and that 

cities varied widely in the changes in density they experienced.   

 Based on the summary statistics, housing-related variables also appear to be 

correlated with per-capita emissions.  The 50 lower emitters had far higher housing 

density overall (about 35% in both 2000 and 2005), and higher rates of multi-unit 

housing (about 16%) than the high carbon emitters.   

Looking at the 2005 extended model, detached housing (which I hypothesize to 

be a driver of increased emissions) does indeed represent, on average, four percent more 

of the housing stock for the 50 highest emitters than it does for the 50 lowest emitters.  

On the other hand, I expect highly-dense forms of multi-unit housing (five to nine units, 

ten to nineteen units, and twenty or more units) to correspond with lower emissions.  The 

summary statistics are in line with my hypothesis for two of those three categories, but 

the ten-to-nineteen-unit housing appears to represent more of the housing stock in the 50 

highest emitters than it does in the 50 lowest emitters.   

The weighted land-use conversion rate is dramatically lower for the lowest 50 

emitters, indicating the possibility of a strong relationship between a history of sprawl 

and present-day emissions. 
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The average value for the median rooms per household is lower for the lowest 50 

emitters, which is entirely in line with the literature on this subject.  Smaller spaces are 

expected to require less energy to heat and cool. 

 

 



 

 34 

 

Table 1:  Summary Statistics for Regression Variables in 2005 

2005 Data Overall (n=100) Low Emitters (n=50) High Emitters (n=50) 

 Mean 
Max & 
Min 

Mean 
Max & 
Min 

Mean 
Max & 
Min 

2005 per-capita housing 
emissions 

1.002 
(0.334) 

1.958 
0.350 

0.762 
(0.259) 

1.033 
0.350 

1.242 
(0.200) 

1.958 
1.038 

2005 Energy Emissions 
Index 

72.773 
(24.245) 

185.872 
43.812 

84.886 
(28.928) 

185.872 
51.059 

60.659 
(7.164) 

76.827 
43.812 

2005Per Capita Auto 
Emissions 

1.090 
(0.182) 

1.483 
0.664 

1.060 
(0.206) 

1.483 
0.664 

1.121 
(0.150) 

1.402 
0.767 

2005 Per Capita Income 
35,554.27 
(6,446.74) 

68,840 
19,926 

36,085.42 
(8,274.66) 

68,840 
19,926 

35,023.12 
(3,863.08) 

49,442 
27,927 

Percent detached housing 
in 2005 

61.758 
(7.547) 

75.909 
36.712 

59.906 
(7.564) 

72.628 
36.712 

63.574 
(6.956) 

75.909 
44.098 

Percent duplex housing in 
2005 

4.150 
(3.341) 

19.930 
1.042 

4.161 
(3.806) 

19.930 
1.042 

4.140 
(2.853) 

12.796 
1.156 

Percent 3-4 unit housing in 
2005 

4.846 
(2.156) 

14.575 
1.993 

5.016 
(1.887) 

10.813 
2.736 

4.679 
(2.398) 

14.575 
1.993 

Percent 5-9 unit housing in 
2005 

5.503 
(1.413) 

10.831 
1.925 

5.668 
(1.340) 

10.831 
3.230 

5.342 
(1.477) 

7.927 
1.925 

Percent 10-19 unit housing 
in 2005 

4.913 
(1.921) 

10.927 
1.114 

4.851 
(1.902) 

10.927 
1.226 

4.973 
(1.956) 

10.199 
1.114 

Percent 20+ unit housing 
in 2005 

7.314 
(4.183) 

26.998 
2.084 

8.352 
(4.963) 

26.998 
2.991 

6.297 
(2.953) 

14.676 
2.084 

Weighted Land-Use 
Conversion Rate 

42.04 
(34.53) 

127.17 
0.72 

28.30 
(28.62) 

124.22 
0.72 

55.78 
(34.71) 

127.17 
6.87 

Residential Energy Price 
2005 

9.99 
(2.66) 

20.70 
6.29 

11.06 
(2.95) 

20.70 
6.29 

8.93 
(1.81) 

13.64 
6.57 

Median Rooms 2005 
5.49 
(0.30) 

6.0 
4.7 

5.37 
(0.31) 

6.0 
4.7 

5.6 
(0.24) 

6.0 
5.2 

Housing Growth 00-04 6.9% 
(4.3%) 

22.1% 
1.2% 

7.5% 
(4.9%) 

22.1% 
1.3% 

6.3% 
(3.6%) 

16.5% 
1.2% 

2004 Housing Density 220.4 
(185.4) 

1,076.3 
17.8 

259.6 
(230.8) 

1,076.3 
17.8 

181.1 
(114.2) 

506.0 
38.6 
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Table 2:  Summary Statistics for Regression Variables in 2000 

 

2000 Data Overall (n=100) Low Emitters (n=50) 
 

High Emitters (n=50) 
 

Variable Mean 
Max & 
Min 

Mean 
Max & 
Min 

Mean 
Max & 
Min 

2000 per-capita housing 
emissions 

1.035 
(0.323) 

1.735 
0.376 

0.829 
(0.292) 

1.492 
0.376 

1.240 
(0.199) 

1.735 
0.787 

2000 Energy Emissions 
Index 

68.560 
(21.909) 
 

174.541 
31.258 
 

78.146 
(27.288) 
 

174.541 
31.258 
 

58.975 
(6.141) 
 

71.282 
41.422 
 

2000 Per Capita Income 
30,632.09 
(5,811.26) 
 

58,997 
18,572 
 

31,135.72 
(7,549.26) 
 

58,997 
18,572 
 

30,128.46 
(3,274.40) 
 

40,667 
23,916 
 

Ownership Rate 2000 
61.3% 
(4.4%) 
 

70.4% 
47.8% 
 

59.9% 
(4.7%) 
 

68.6% 
47.8% 
 

62.6% 
(3.6%) 
 

70.4% 
55.3% 
 

Residential Energy Price 
2000 

8.77 
(2.17) 
 

16.41 
5.13 
 

9.462 
(2.54) 
 

16.41 
5.13 
 

8.08 
(1.45) 
 

12.49 
5.47 
 

2000Adjoin Rate 
33.0% 
(6.2%) 
 

56.7% 
20.8% 
 

35.1% 
(6.7%) 
 

56.7% 
24.2% 
 

30.8% 
(4.7%) 
 

43.4% 
20.8% 
 

2000 Housing Density 208.26 
(181.71) 

1054.30 
15.40 

246.28 
(226.36) 

1054.30 
15.40 

170.22 
(111.90) 

492.90 
35.90 

 
 

Moving from a comparison of the top and bottom halves of the data set to a 

comparison of the top and bottom ten emitters, the data show some more striking 

differences in several of the policy variables.  In Table 3, comparing the top 10 and 

bottom 10 for the year 2000, the most noticeable difference is in the emissions intensity 

of energy.  The lowest emitters had consistently high levels of energy consumed per ton 

of emissions (never dropping below 96 million BTUs per ton), while the highest emitters 

had consistently lower levels (never rising above 57 million BTUs per ton). 
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When looking at the weighted land-use conversion rate, eight of the ten lowest 

emitters had scores below 40, and the highest was a score just over 72.  By contrast, the 

ten highest emitters saw much greater land-conversion rates during the 1980s and 1990s.  

Eight of ten scored above 40, with the highest scoring over 127.   

The percentage of housing in multi-unit buildings also shows a difference.  Six of 

the lowest ten emitters have over 30 percent of their housing in multi-unit buildings, and 

three have over 39 percent in multi-unit buildings.  By contrast, only three of the highest 

ten emitters have over 30 percent of their housing in multi-unit buildings, and none has 

40 percent.   

  The data from 2005 (in Table 4) show similar differences.  The emissions 

intensity of energy again differs dramatically between the two groups.  The weighted 

land-use conversion rates are again much higher for the highest emitters (six of ten scored 

over 40) than for the lowest emitters (for whom only two scored over 40, and five scored 

below 10).  The lowest ten emitters again have higher multi-unit housing rates – this 

time, eight of those ten MSAs have over 30 percent of their housing in multi-unit 

buildings, and four exceed 39 percent.  The highest ten emitters, again, show lower 

numbers: only three of those ten MSAs exceed 30 percent.
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Table 3: Ten Lowest and Highest Emitters from Household Energy Use for 2000 

(Comparative Model Variables) 

2000 Residential 
per-capita 
emissions 

Energy 
Emissions 
Index 

Residential 
Energy 
Price 
(cents/kWh) 

Multi-Unit 
Rate 

Housing 
Units per 
square mile 

Weighted 
land 
conversion 
rate 80-2000 

Ten Lowest Emitters 
Los Angeles, 
CA 0.376 97.103723 10.89 42.2 874.3 4.06 
Seattle,  
WA 0.383 159.835509 5.13 37.2 213.0 8.96 
Portland, OR-
WA 0.392 154.306122 5.88 34.0 118.3 27.89 
San Diego,  
CA 0.398 96.216080 10.89 39.6 247.7 13.92 
Boise City,  
ID 0.410 174.541463 5.39 25.2 15.4 72.88 
Riverside,  
CA 0.417 97.647482 10.89 29.0 43.5 27.13 
Oxnard,  
CA 0.420 97.276190 10.89 25.4 136.4 8.02 
Bakersfield, 
CA 0.433 98.332564 10.89 28.9 28.4 35.72 
Fresno,  
CA 0.442 99.730769 10.89 31.5 45.4 53.31 
San Francisco, 
CA 0.466 98.309013 10.89 41.0 649.7 0.98 

Ten Highest Emitters 
Kansas City, 
MO-KS  1.442 52.214286 7.04 25.7 97.7 57.56 
Toledo,  
OH  1.465 54.871672 8.61 29.9 176.3 54.76 
Oklahoma 
City, OK  1.484 52.421833 7.03 27.2 85.6 50.46 
Tucson,  
AZ 1.492 31.258043 8.44 38.5 39.9 1.79 
Tulsa,  
OK  1.492 52.369303 7.03 28.4 58.3 100.99 
Louisville,  
KY-IN  1.515 47.962376 5.47 28.5 119.0 103.21 
Youngstown, 
OH-PA  1.567 57.057435 8.61 22.9 150.7 127.99 
Indianapolis, 
IN  1.597 49.164058 6.87 28.2 166.9 41.28 
Lexington,  
KY  1.629 47.418662 5.47 33.6 118.5 79.85 
Washington, 
DC-VA-MD 1.735 41.421902 8.03 33.9 335.9 24.80 
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Table 4: Ten Lowest and Highest Emitters from Household Energy Use for 2005 
(Comparative Model Variables) 

 
2005 Residential 

per-capita 
emissions 

Energy 
Emissions 
Index 

Residential 
Energy 
Price 
(cents/kWh) 

Multi-Unit 
Rate 

Housing 
Units per 
square mile 

Weighted 
land 
conversion 
rate 80-2000 

Ten Lowest Emitters 
Bakersfield, 
CA 0.350 105.960 12.51 33.92 30.4 32.17 
Seattle,  
WA 0.356 164.270 6.54 34.79 227.0 8.08 
San Diego,  
CA 0.360 104.389 12.51 39.05 261.7 12.78 
Riverside,  
CA 0.372 108.849 12.51 29.14 47.9 23.85 
San Jose,  
CA 0.389 108.360 12.51 37.79 230.7 4.83 
Fresno,  
CA 0.390 110.418 12.51 39.74 48.0 49.63 
San Francisco, 
CA 0.390 105.346 12.51 39.50 669.1 0.94 
Los Angeles, 
CA 0.391 112.448 12.51 45.68 892.6 3.91 
Portland,  
OR-WA 0.393 151.789 7.25 34.29 126.3 24.97 
Oxnard,  
CA 0.394 107.698 12.51 29.46 143.2 7.46 

Ten Highest Emitters 
Baltimore, 
MD 1.358 63.716 8.46 29.02 414.9 14.41 
Oklahoma 
City, OK  1.358 56.746 7.95 32.05 90.2 46.33 
Tulsa,  
OK  1.424 56.595 7.95 28.64 61.0 93.09 
Dayton,  
OH  1.452 55.035 8.51 29.06 219.4 22.16 
St. Louis, MO-
IL 1.510 50.846 7.08 24.36 136.8 73.10 
Louisville, 
KY-IN 1.532 47.133 6.57 26.89 126.8 93.64 
Indianapolis, 
IN 1.632 49.251 7.50 27.27 183.5 35.90 
Cincinnati, 
OH-KY-IN 1.706 53.319 8.51 27.93 200.1 46.68 
Lexington,  
KY 1.715 46.953 6.57 34.22 128.5 70.56 
Washington, 
DC-VA-MD  1.958 43.812 9.10 31.32 361.4 22.46 
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In table 5, the housing stock variables from the 2005 year show some differences 

as expected, but tend in some cases to raise questions about whether housing type will 

actually correlate clearly with energy consumption and carbon emissions.  For example, 

the lowest ten emitters have less single-family detached housing than the highest ten on 

an overall basis, but the lowest emitter in 2005 (Bakersfield, California) had 72 percent of 

its housing in detached single-family homes, while the highest emitter (Washington, DC) 

had only 47 percent.  In fact, two of the top ten emitters (Washington, DC and Baltimore, 

MD) had relatively low rates of detached housing and relatively high housing density, but 

still emitted more than most other MSAs.   

That trend continued.  Of the highest ten emitters, those two MSAs went 

consistently against the grain.  The other eight showed values that were consistent with 

the hypothesis that low rates of dense housing forms would correlate with higher 

emissions from household energy use.  Those eight consistently had higher rates of 

detached housing than the lowest ten emitters, and they had lower rates of almost every 

type of multi-unit housing.  By contrast, Washington and Baltimore, by virtue of their 

dense construction, had high rates of all categories of multi-unit housing and low rates of 

detached housing. 
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Table 5: Ten Lowest and Highest Emitters from Household Energy Use for 2005 
(Housing Variables from Extended 2005-Only Model) 
 
2005 Percent 

Detached 
Housing 

Percent 
Row 
Housing 

Percent 
Three-Four 
Unit 
Housing 

Percent 
Five-Nine 
Unit 
Housing 

Percent 
10-19 
Unit 
Housing 

Percent 
20 or More 
Unit 
Housing 

Ten Lowest Emitters 
Bakersfield, 
CA 72.40 2.88 5.85 3.23 1.23 2.99 
Seattle,  
WA 59.13 3.94 4.07 6.05 8.01 12.35 
San Diego,  
CA 52.85 9.99 4.69 6.95 5.94 13.57 
Riverside,  
CA 67.74 4.59 4.47 4.46 2.88 5.56 
San Jose,  
CA 56.04 8.69 5.72 5.72 5.25 13.54 
Fresno,  
CA 67.19 3.23 8.05 6.42 2.54 4.90 
San Francisco, 
CA 50.18 9.67 6.79 6.85 6.21 14.54 
Los Angeles, 
CA 49.96 7.65 6.36 7.90 7.32 16.27 
Portland,  
OR-WA 62.01 4.17 4.30 5.43 5.94 10.15 
Oxnard,  
CA 64.37 11.57 3.81 3.94 3.69 6.01 

Ten Highest Emitters 
Baltimore, 
MD 45.29 28.38 3.09 5.85 7.84 5.77 
Oklahoma 
City, OK  70.71 3.06 3.95 6.37 4.78 3.79 
Tulsa,  
OK  70.27 1.92 3.77 4.23 4.77 5.31 
Dayton,  
OH  69.91 4.67 6.36 6.14 3.49 4.41 
St. Louis, MO-
IL 68.88 3.55 6.20 4.36 3.64 4.30 
Louisville, 
KY-IN 71.18 2.82 4.63 6.36 3.74 4.80 
Indianapolis, 
IN 68.97 6.28 3.89 6.74 5.11 4.64 
Cincinnati, 
OH-KY-IN 64.15 4.62 5.13 5.87 7.36 4.86 
Lexington,  
KY 65.74 5.02 4.66 6.09 5.55 5.31 
Washington, 
DC-VA-MD  47.03 19.24 2.45 5.47 10.20 13.66 
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Regression Results and Discussion 

 

 The results are reported in two tables.  Table 6 displays the results using variables 

available for both 2000 and 2005.  Table 7 compares three alternate specifications of the 

extended model for 2005.   

It is also worth noting that in Table 6, two alternative specifications of the model 

are shown for each year; the first model specification reported uses the weighted rate of 

land conversion in linear form, while the second specification reported uses it in 

quadratic form.  All references to the results of Table 6, unless otherwise specified, refer 

to the first model from 2000 and to the second model from 2005; these two were each 

stronger models than their respective alternatives. 

In the table for the extended 2005 model, Table 7, three different specifications 

are shown.  In the first column, all of the housing categories are compared against the 

reference category of single-family detached housing.  In the second column, the same is 

true, but the multi-family housing variables have been aggregated into categories of two 

to nine units and ten or more units.  In the third column, the category of housing in 

buildings of 20 units or more is held out as the reference category, and all the other 

categories are included.4   

                                                           
4 A full discussion of the alternate models and variables tested before reaching the models described in this 
section is available in Appendix 1 – Sensitivity Analysis. 



 

 42 

 

Table 6: Regression Results from Comparison Model for 2000 and 2005 

 2000 Model 
 

2005 Model 
 

Emissions Efficiency 
Index 
 

-0.00946 *** 
(0.00097) 

-0.00958 *** 
(0.00096) 

-0.00993 *** 
(0.00104) 

-0.00994 *** 
(0.00100) 

Energy Price 
 
 

-0.06493 *** 
(0.01173) 

-0.06472 *** 
(0.01161) 

-0.05687 *** 
(0.01023) 

-0.05786 *** 
(0.00987) 

% of homes in multi-unit 
buildings 
 

-0.00484 
(0.00401) 

-0.00357 
(0.00403) 

 0.00186 
(0.00380) 

 0.00410 
(0.00375) 

Housing Density 
 
 

-0.00013 
(0.00012) 

-0.00008 
(0.00012) 

-0.00028 ** 
(0.00013) 

-0.00018 
(0.00013) 

Weighted Land-Use 
Change Rate 
 

 0.00211 *** 
(0.00056) 

 0.00491 *** 
(0.00174) 

 0.00104 
(0.00062) 

 0.00633 *** 
(0.00203) 

Weighted Land-Use 
Change Rate (squared) 
 

---- -0.00002 * 
(0.00001) 

---- -0.00004 *** 
(0.00002) 

Per-Capita Income 
 
 

 1.74 x10-6 
(3.16 x 10-6) 

 2.73 x 10-6 
(3.18 x 10-6) 

6.06 x 10-6 ** 
(3.04 x 10-6) 

 7.40 x 10-6 ** 
(2.97 x 10-6) 

% of homes occupied by 
owners 
 

-0.00625 
(0.00596) 

-0.00457 
(0.00597) 

-0.00827 
(0.00575) 

-0.00555 
(0.00563) 

Heating Degree-days 
(logged) 
 

-0.02619 
(0.04167) 

-0.04135 
(0.04217) 

-0.00252 
(0.04806) 

-0.02731 
(0.04721) 

Cooling Degree-Days 
(logged) 
 

-0.04985 
(0.03814) 

-0.05319 
(0.03777) 

-0.01985 
(0.04602) 

-0.02849 
(0.04448) 

Northeast Regional 
Dummy 
 

 0.32525 *** 
(0.07599) 

 0.29864 *** 
(0.07678) 

 0.35611 *** 
(0.08943) 

 0.30966 *** 
(0.08787) 

Midwest Regional 
Dummy 
 

 0.19605 ** 
(0.07519) 

 0.16937 ** 
(0.07601) 

 0.15447 * 
(0.08859) 

 0.10972 
(0.08696) 

Southeast Regional 
Dummy 
 

 0.04643 
(0.07430)  

 0.04666 
(0.07766) 

 0.10641 
(0.08247) 

 0.06185 
(0.08116) 

Southwest Regional 
Dummy 
 

 0.01317 
(0.07838) 

 0.05674 
(0.08121) 

 0.01752 
(0.08546) 

 0.00601 
(0.08249) 

Constant 
 
 

 3.09360 *** 
(0.77979) 

 3.02072 *** 
(0.77247) 

 2.63080 *** 
(0.92962) 

 2.51123 *** 
(0.89723) 

Observations 99 99 99 99 
Adjusted R2 0.7986 0.8030 0.8065 0.8201 
F Test 30.90 29.53 32.41 32.92 
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Table 7: Regression Results for Extended Forms of 2005 Model 

  Version 1 Version 2 Version 3 Version 4 
Emissions 
Efficiency Index 
 

-0.00926 *** 
(0.00107) 

-0.00921 *** 
(0.00117) 

-0.00926 *** 
(0.00107) 

-0.00917 *** 
(0.00118) 

Price of Residential 
Energy 
 

-0.06405 *** 
(0.01130) 

-0.07255 *** 
(0.01177) 

-0.06405 *** 
(0.01130) 

-0.06872 *** 
(0.01158) 

Energy 
Policy 
Variables 

Percent of Rental 
Units,  
By Rate Utils 
Included 
 

 0.00036 ** 
(0.00015) 

 0.00030 * 
(0.00016) 

 0.00036 ** 
(0.00015) 

 0.00027 * 
(0.00016) 

Percentage of  
Mobile Homes 
 

-0.01418 ** 
(0.00685) 

-0.01492 * 
(0.00752) 

 0.00813  
(0.00847) 

-0.01575 ** 
(0.00756) 

Percentage of  
Boats, Vans, RVs 
 

-0.03769 
(0.30008) 

 0.01403 
(0.32856) 

-0.01539 
(0.30039) 

 0.01997  
(0.33119) 

Percentage of 
Detached Housing 
 

---- ----  0.02231 *** 
(0.00627) 

 0.00500 
(0.00499) 

Percentage of  
Row Housing 
 

-0.01113 ** 
(0.00458) 

-0.01045 ** 
(0.00497) 

 0.01118  
(0.00728) 

-0.01285 *** 
(0.00475) 

Percentage of  
Duplexes 
 

 0.00192 
(0.00701) 

----  0.02423 ** 
(0.00946) 

---- 

Percentage of  
3-4 unit housing 
 

-0.00332 
(0.01045) 

----  0.01899 * 
(0.01090) 

---- 

Percentage of  
5-9 unit housing 
 

 0.00870 
(0.01359) 

----  0.03100 ** 
(0.01272) 

---- 

Percentage of  
10-19 unit housing 
 

 0.02591 *** 
(0.01066) 

----  0.04821 *** 
(0.01352) 

---- 

Percentage of  
20+ unit housing 
 

-0.02231 *** 
(0.00627) 

---- ---- ---- 

Percentage of 
2-9 unit housing 
 

----  0.00166 
(0.00557) 

---- ---- 

Percentage of  
10+ unit housing 
 

---- -0.00734 
(0.00505) 

---- ---- 

Housing 
Stock 
Variables 

Median Rooms 
 
 

-0.03949 
(0.09037) 

 0.38748  
(0.09639) 

-0.03949 
(0.09037) 

 0.03149 
(0.09705) 

 
(continued on next page)
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Table 7: Regression Models for Extended Forms of 2005 Model (continued) 

 
  Version 1 Version 2 Version 3 Version 4 

Weighted Land-
Use Change Rate 
1980-2000 
 

 0.00723 *** 
(0.00192) 

 0.00620 *** 
(0.00203) 

 0.00723 *** 
(0.00192) 

 0.00605 *** 
(0.00204) 

Land-Use Change 
Rate, squared 
 

-0.00005 *** 
(0.00001) 

-0.00004 *** 
(0.00001) 

-0.00005 *** 
(0.00001) 

-0.00004 *** 
(0.00001) 

Per-Capita 
Automobile 
Emissions 
 

 0.01755 
(0.09051) 

 0.09006 
(0.09776) 

 0.01755 
(0.09051) 

 0.08239 
(0.09842) 

Sprawl-
Related 
Variables 

Housing Density 
per Square Mile 
(2004) 
 

 0.00003 
(0.00013) 

-0.00008 
(0.00013) 

 0.00003 
(0.00013) 

-0.00009 
(0.00014) 

Per-Capita 
Income 
 

 8.91 x 10-6 ** 
(3.01 x 10-6) 

 9.71 X 10-6 ** 
(3.23 X 10-6) 

 8.91 x 10-6 ** 
(3.01 x 10-6) 

 8.24 x 10-6 ** 
(3.11 x 10-6) 

Percent of Owner-
Occupied Homes 
 

-0.00168  
(0.00618) 

-0.00678 
(0.00629) 

-0.00168  
(0.00618) 

-0.00655 
(0.00634) 

Heating Degree-
Days (Logged) 
 

-0.12733 ** 
(0.05069) 

-0.11474 ** 
(0.05501) 

-0.12733 ** 
(0.05069) 

-0.09089 * 
(0.05311) 

Control 
Variables 

Cooling Degree-
Days (Logged) 
 

 -0.03108 
(0.04108) 

-0.00675 
(0.04479) 

-0.03107 
(0.04108) 

 0.00007 
(0.04492) 

 
Northeast 
 

 0.31403 *** 
(0.09787) 

 0.32380 *** 
(0.10692) 

 0.31403 *** 
(0.09787) 

 0.37045 *** 
(0.10315) 

 
Midwest 
 

 0.08211 
(0.07833) 

 0.08697 
(0.08584) 

 0.08211 
(0.07833) 

 0.09175 
(0.08647) 

 
Southeast 
 

-0.02774 
(0.08455) 

 0.01067 
(0.08930) 

-0.02774 
(0.08455) 

 0.03170 
(0.08891) 

Regional 
Dummy 
Variables 
(Western 
Region as 
Reference 
Case) 

 
Southwest 
 

-0.08501 
(0.07996) 

-0.03744 
(0.08529) 

-0.08501 
(0.07996) 

-0.05031 
(0.08555) 

Constant   3.33947 *** 
(0.94549) 
 

 3.07365 *** 
(0.98184) 

 1.10887 
(0.85330) 

 2.92509 
(0.98475) 

Observations  99 99 99 99 
Adjusted R2  0.8666 0.8381 0.8666 0.8355 
F Test  34.85 25.16 27.53 25.88 
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Discussion of Regression Results 

 

 It is valuable at the outset of this discussion to make a point about the scale of the 

dependent variable.  Per-capita carbon emissions from household energy use ranged in 

this sample from around 0.3 metric tons per person to a value over six times as high, 

nearing 2 metric tons per person.  The mean amount of per-capita carbon emissions in 

both 2000 and 2005 was almost exactly one metric ton, with a standard deviation at about 

0.3 metric tons, so the majority of metro areas emitted between 0.7 and 1.3 metric tons of 

carbon per person from household energy use.  The numbers from 2005 were slightly 

higher.   

  

Energy Policy Variables 

 

The Emissions Efficiency Index variable produced coefficients ranging from -

0.0095 and -0.0099 in 2005 and 2000, respectively, and remained highly significant in 

every variation of the model.  The value was slightly lower in the extended model – about 

-0.0092.  This means that as a city’s fuel mix becomes less carbon-intense (i.e. produces 

less carbon for every unit of energy generated), its per-capita carbon footprint from 

household energy use will shrink.  This is to be expected, because the ratio of energy to 

emissions was a factor used by the Brown and Logan (2008) to estimate carbon emissions 

from household energy use.  The coefficient in this model is not identifying a relationship 
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between independently-measured variables, but rather separating Brown and Logan’s 

estimate of emissions from household energy use into one of its component parts. 

 That said, it is worthwhile from a policy perspective to consider the impact of fuel 

mix.  To put the numbers into context, consider that the majority of MSAs in this sample 

have indices that cluster around 60 million btus for each metric ton of carbon emitted.  

By contrast, the MSAs in California are all closely grouped around 105 million btus per 

ton.  Despite the fact that Los Angeles households burned through energy at an 

impressive rate, they produced very low levels of carbon emissions – about a third of a 

ton per capita.  The Louisville, Kentucky metro area consumed almost exactly the same 

amount of energy per person, but generated over three times the per-capita carbon 

emissions.  

 Considering this result in the context of renewable portfolio standards, this result 

suggests that a 15-percent improvement in the amount of energy gained per ton of carbon 

(which can be fairly expected from a shift to 20% renewable energy, a target commonly 

selected by states that have established renewable-energy targets)5 would reduce per-

capita carbon emissions by between 0.075 and 0.08 metric tons per year from household 

energy use alone.   

 The coefficient for the Energy Price variable was highly statistically significant, 

and indicates real price sensitivity on the part of energy consumers.  The results ranged 

between -0.0057 and -0.0064 in the comparative model and between -0.0064 and -0.0072 

in the extended 2005 model.  These indicate that for every cent that the kilowatt-hour 

                                                           
5 For relative carbon intensities of various electricity sources, see Sovacool (2008),   
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price rose, household energy consumption fell by nearly a tenth of a ton per person per 

year.  This is a large change, when we consider that most metro areas had average per-

capita footprints between 0.7 and 1.3 metric tons per person per year.   

This suggests that higher prices may significantly curb energy use and 

consequently carbon emissions.  Much of the discussion of controlling individual energy 

consumption has been around improving consumers’ control over their consumption by 

incorporating programmable thermostats and smart meters into the homes.  Others have 

proposed schemes of real-time price adjustment with immediate information 

transmission, so that price can respond to load demand and consumers can adjust the 

timing of their consumption in ways that mitigates peak-demand problems.  This analysis 

further supports the notion that using price to control demand is a policy option that 

shows promise.   

Significantly, the result also strongly suggests that a moderate, incremental 

increase in energy pricing can achieve, in short order, emissions reductions similar in 

scale to dramatic investment in clean energy sources.  Improving consumers’ ability to 

control their consumption and judiciously using price as a tool to control emissions are 

two very effective techniques for policymakers interested in tackling climate change.  

Particularly during the years in which new generation and transmission are debated, sited, 

approved, financed and built, pricing mechanisms offer a powerful way to jump-start the 

emissions-reduction effort.   
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Housing Stock Variables 

 

 In the comparative model, I used only a single variable to describe variation in 

housing form.  I used a variable expressing the percentage of housing that was in 

buildings with two or more units.  More refined data was available for 2005, but not for 

2000, and so I limited the model to a simple approach in order to get a valid comparison.  

However, in such a simple form, the model showed no significant relationship between 

the percentage of multi-unit housing and emissions in either 2000 or 2005.   

 The extended model, by contrast, divides housing into a range including nine 

categories, from RVs and vans on one end to buildings with more than 20 units on the 

other.  In the first two variations of the extended model, I excluded detached single-

family housing from the model, and used that category as a reference against which to 

compare other categories.  The difference between the two is simply that in Version 1, I 

compare single-family detached homes against 8 different categories of housing 

(everything from RVs and vans to high-rise apartment buildings with 20 or more units) 

while in Version 2 I grouped the multi-family housing categories into larger aggregations 

that more closely reflect the literature up to this point.  Specifically, I aggregated 

duplexes, 3-4 unit buildings, and 5-9 unit buildings into one category.  I also aggregated 

the ten-to-nineteen-unit buildings together with the buildings with more than 20 units, 

creating a larger “10 or more” category.  In Version 3, I established housing in buildings 

containing more than 20 units as the reference category, and compared all other 

subcategories against that category, rather than against detached single-family housing.  
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In Version 4, I aggregated all categories describing housing in buildings containing two 

or more units, in order to compare multi-unit housing against detached single-family 

housing in a manner similar to that of Ewing and Rong (2008). 

 Mobile homes showed a consistently statistically significant effect, when 

compared against detached single-family homes.  Replacing one percent of detached 

homes with mobile homes, while holding other forms constant, correlates with a decrease 

in household energy use of between 0.015 and 0.017 metric tons.  As a housing form, 

however, mobile homes are abnormally small in terms of square footage per housing unit, 

and their occupants are almost certainly clustered around a low average income (which is 

also strongly correlated with emissions reductions – see below), and so it is most likely 

that a policy preference for mobile homes is not a viable approach to emissions reduction.  

Along the same lines, boats, vans and RVs showed no significant effect when compared 

against detached single-family housing, and are outside the realistic scope of housing 

policy anyway.  No policymaker is likely to advocate throwing a mattress into the family 

car in order to solve the climate crisis.   

 More importantly to this analysis, Attached single-family housing, or row 

housing, showed a consistently significant effect.  Shifting one percent of the housing 

stock from detached houses to attached houses corresponds with a drop in per-capita 

emissions by 0.01 metric tons per year.  This was true in all three versions that compared 

the two forms (versions 1, 2 and 4 in Table 7 above).  When compared against high-rise 

housing in Model 3, an increase in row housing did not have a significant effect.   
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 Duplexes showed no significant energy-reducing impact when compared against 

detached single-family homes.  Both by themselves and as part of a large subset of homes 

in buildings with between two and nine units, changes in the incidence of duplex housing 

showed no correlation with an upward or downward trend in per-capita emissions. 

 When compared against high-rise housing, however, they showed a large upward 

impact on emissions – twice the size that the model predicts for row housing.  Shifting 

one percent of housing away from high rises and into duplexes corresponds to an increase 

in per-capita emissions of 0.025 metric tons per year.   

 This leads to a useful observation about housing type from a policy perspective: 

given that row housing shows significantly (both statistically and in a practical sense) 

lower emissions than duplex housing, local planners seeking to control emissions now 

have evidence that suggests row housing to be a superior option - in terms of their 

contribution to carbon emissions - to duplexes for neighborhoods in which high-rise or 

true multi-unit housing is a politically unpopular option.6 

 Low-Rise Multi-Unit Housing does not produce strong or consistent results in this 

analysis.  Neither the category of three-to-four unit housing, nor the category of five-to-

nine unit housing, shows a statistically significant relationship with per capita emissions 

when compared against single-family detached housing, when compared against detached 

single-family housing.  Lumped together with duplexes to make one larger category in 

                                                           
6 This result is reinforced by an additional model, not included above, in which I used row housing as a 
reference category and compared other forms against it.  Duplex housing showed a statistically significant 
correlation of an increase in emissions of 0.02 metric tons from a one percent shift against row housing.  A 
fuller explanation of tested alternative variables and models can be found in Appendix 1. 
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Version 2, they again show no statistically significant relationship – the standard error is 

larger than the measured effect.   

 When compared against high-rise housing with 20 units or more, however, they 

produce somewhat significant results.  Three-to-four unit housing shows a large and 

weakly significant effect on emissions – the model suggests that converting one percent 

of all homes from high-rise housing to three-to-four unit housing would correlate with an 

increase of 0.019 metric tons in per-capita emissions.  Five-to-nine unit housing shows an 

even larger difference (0.031 metric tons for a one-percent switch), which is statistically 

significant at p < 0.05.  The difference for both categories when compared against 20+ 

unit housing is reinforced in Version 1: 20+ unit housing shows a strong correlation with 

energy savings when compared against detached single family homes, while the other 

two show no statistically significant effect.  The difference between the 20+ unit 

coefficient and the effects for the other categories is about the same as the difference 

shown in Version 3.   

 High-Rise Multi-Unit Housing shows interesting and unexpected results.  In short, 

while 20+ unit housing shows a significant and strong correlation with lower emissions, 

10-19 unit housing does not.  When compared against detached single-family housing in 

Version 1, 20+ unit housing dutifully produces a strong result – a shift of one percent of 

housing stock from detached to 20+ unit housing result in 0.022-metric-ton reduction in 

per-capita emissions.  By contrast, variation in the amount of housing in buildings of 10 

to 19 units shows a small positive relationship with per-capita emissions, although it is by 

no means statistically significant.  I raise this meaningless result only because it is 
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reinforced in Version 3, where 10-19-unit housing shows a much stronger positive 

relationship with emissions when compared against 20+ unit housing than even the 

single-family detached housing.  The model suggests strongly that shifting 20+ unit 

housing to 10-19 unit housing would drive emissions upward even more rapidly than 

shifting the same amount of 20+ unit housing to detached single family homes.   

This is a surprising result.  It is reinforced in its strangeness by the fact that the 

10-19 category is a clear outlier in Version 3.  The intuitive notion that joined housing 

produces efficiencies through smaller space and shared walls is basically borne out by all 

the other variables, but not by that one.  When compared to 20+ unit housing, 5-9 unit 

housing corresponds with higher emissions, 3-4 unit housing corresponds with emissions 

that are even higher, and duplexes and detached homes correspond with emissions that 

are higher still.  This suggests a trend: as the number of units increases, energy 

consumption per person goes down.  The 10-19 unit result goes entirely against that 

trend, appearing to produce energy-consumption levels around those of detached housing.   

Model 2 lumps the 10-19 unit and 20+ unit categories together into one category 

containing all housing in buildings with more than 10 units.  The resulting “10+” variable 

has no statistically significant emissions-reduction effect when compared against 

detached single-family housing.  In my view, this only serves to obfuscate the unexpected 

difference between the 10-19 unit and over-20-unit sub-parts of the larger category.   

Median number of rooms per housing unit showed no significant correlation with 

emissions from home energy use.  While I perceived that this variable might correlate 

positively with per-capita emissions, the inability of this model to capture either 
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occupancy rates of housing units leaves unmeasured an important factor that could easily 

negate the impact of variation in housing size, especially when considering emissions on 

a per-capita basis.7 

 It is worthwhile to consider all these housing-variable results in the context of 

Ewing and Rong (2008), who observed that households in multi-family buildings used 

26% less energy for cooling and 54% less energy for heating than free-standing single-

family homes used.  Their models group housing into two those two categories, and into 

two other categories as well – attached housing and mobile homes.  The results of the 

models in this study differ from Ewing and Rong’s findings.  In the comparative model, 

increased multi-unit housing shows no statistically significant relationship with lower 

overall energy use.  In the fourth version of the extended model for 2005, which was 

constructed to compare housing types exactly as Ewing and Rong did, multi-unit housing 

again reveals no statistically significant difference in emissions from household energy 

use.   However, results from the other versions of the extended model allow us to observe 

that sub-categories of multi-unit housing appear to have a relationship to emissions from 

home energy use that the whole multi-unit category does not.  The model shows that a 

shift of one percent of housing stock from detached single-family housing to housing in 

buildings of 20 or more units corresponds to a reduction in per-capita emissions of 0.02 

metric tons.  Because the majority of MSAs in this study had per-capita emissions 

between 0.7 and 1.3 metric tons, this result is more consistent with Ewing and Rong in its 

                                                           
7 A full discussion of Limits and Caveats regarding these results begins on page 58. 
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suggestion that the two housing types have substantially different levels of energy 

consumption associated with them. 

 

Sprawl-Related Variables  

 

 The weighted land-use change rate variable expresses a measurement of how 

much rural land was converted to developed land for each new house built during the 

time period 1980 to 2000, multiplied by the percentage of total housing stock built during 

that period.  (The percentage was calculated separately for 2000 and for 2005, to take into 

account housing stock built after 2000.)  Because the variable is a bit confusing, it is 

worth re-stating that it represents the number of rural acres converted from 1980 to 2000 

divided by the total number of housing units in the year in question.  It effectively 

represents the impact of a period of housing development on the overall energy 

consumption of the entire housing stock.  The coefficient expresses the relationship 

between an additional hundred rural acres converted and the per-capita carbon emissions 

from household energy use.   

The variable strengthened the model most, and showed the most significant effect, 

in quadratic form, although the coefficient for the squared term was very small compared 

to the coefficient for the linear term.   

 The results show that communities that have a large amount of their housing built 

in a highly land-consumptive manner see higher per-capita emissions from household 

energy use.  The negative sign on the squared term indicates that this impact lessened 
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slightly for those MSAs scoring highest in this sprawl category.  Some MSAs, such as the 

New York City area, converted only a small amount of land during the 80s and 90s per 

housing unit.  Others, like Little Rock or Chattanooga, converted huge amounts of rural 

land for development during those two decades.  The coefficients for the comparative 

model (ranging between 0.0049 and 0.0063) strictly state that for each additional 0.1 

acres converted per housing unit, per capita emissions from household energy use went 

up by a little more than 0.05 metric tons.  Because the variable is expressed in quadratic 

form, and the squared term in negative, that effect recedes slightly as the variable gets 

larger.  The effect is slightly larger in the extended model, where the coefficient for this 

variable ranges from 0.0062 to 0.0072.  This model observes an effect of between 0.06 

and 0.07 metric tons for each tenth of an acre converted during the 1980s and 1990s.   

 The correlation between per-capita carbon footprint from highway auto use and 

the per-capita carbon footprint from household energy consumption was only included in 

the extended model (data was available only for 2005), and was never statistically 

significant in any variation of that model.   

 Finally, housing density per square mile actually showed no significant 

relationship to per-capita emissions from household energy use.  This is likely due to the 

fact that the models already controlled for the percentages of the housing forms that 

would drive density, as well as controlling for median number of rooms.  The likely 

mechanism through which density would affect emissions is by driving changes in 

housing form or by reducing size.   
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In the absence of variables describing how density is distributed throughout a 

metro area, this variable helps us observe differences that a simple average-density value 

cannot.  After all, the model controls for the overall housing density of each metro area, 

but this (or any) simple aggregate measure has been roundly criticized as insufficient to 

describe the multi-faceted nature of sprawl.  Within communities of roughly similar 

overall housing density, however, some may be relatively evenly dense throughout, while 

others may have dense cores and very low-density surrounding areas.  Some may have 

services, schools and employment centers concentrated in a few areas, while others may 

have them more evenly distributed.  Ewing, Pendall and Chen (2002) provide a history of 

the development of approaches to modeling urban sprawl in social science research.  In 

their work, they create a multi-faceted sprawl index based on 22 measurable components, 

grouped into categories concerning the incidence of mixed-use development, strength of 

downtowns, density, and the accessibility of the street network.  That index was not 

generated for all of the MSAs in this study, and so it was not utilized.  Brown and Logan 

also eschew a simple density variable, preferring to look at the degree of concentration of 

housing into core areas rather than a simple average.   

  

Control Variables 

 

 The Percent of Housing that is Owner-Occupied variable had no statistically 

significant correlation with emissions in either the comparative model or the extended 

model.  Given the absence of variables better controlling for the differences between 
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owned and rented housing (or the differences between owners and renters), this is not a 

variable that, by itself, should influence policymaking decisions.  For that reason, I 

include it solely as a control variable, and because it improved the overall strength of the 

models.   

 The coefficients for the weather variables are at variance with the literature.  This 

analysis finds no significant relationship between cooling degree-days (meaning, roughly, 

how much hot weather an MSA experiences) and an MSA’s emissions from home energy 

use.  By contrast, there is a significant relationship between emissions and heating 

degree-days (meaning, roughly, how much cold weather an MSA experiences).  But that 

correlation is negative, suggesting that areas with more extreme cold-weather patterns 

actually use less energy.  This is contrary to both the expected effect and to the effect 

found by Ewing and Rong (2008), who found highly significant (though small) positive 

correlation between both heating and cooling degree-days and energy use.   

Also, the research of the Energy Information Administration describes a highly 

significant level of importance to the effect of temperatures on energy consumption – in 

fact, they go so far as to say that encouraging growth in more temperate regions would do 

more to control energy use than controlling housing form (Energy Information 

Administration, 1999).  However, their analysis did not divide housing stock as this 

analysis does, or as Ewing and Rong do.  It also did not include regional dummy 

variables, which this analysis does, and which could reduce the observed correlation 

between weather and emissions.  (That being said, the coefficients for the weather 

variables remained statistically insignificant even when measured without the inclusion 
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of regional dummy variables, so inclusion of those dummies did not mask a significant 

relationship.)   

One explanation of the differing results is that Ewing and Rong (2008) find a 

correlation between housing size and warmer weather, the inclusion of median number of  

rooms may have unwittingly removed much of the actual impact of weather.  Another 

explanation may lie in Brown and Logan’s assertion that colder weather (specifically, 

heating degree-days) were highly correlated with fuel mix.  By controlling for fuel mix in 

these models, I am likely to have unwittingly controlled for much of the effect of 

weather.  Further, while the assessments of the statistical importance of temperature 

variables differ widely, the issue is not terribly important, because policymakers have 

little capacity to affirmatively direct population growth toward or away from one region 

or another.  The primary value of weather is as a control variable, so that policy 

professionals can isolate out the effects of factors that are more amenable to 

manipulation.   

 

Regional Dummy Variables 

 

 The inclusion of regional dummy variables improved the overall models slightly, 

improving the adjusted R2 value of the strongest model from around 0.85 to around 0.86.  

Only the northeast region showed a statistically significant difference from the reference 

region (the west) in per-capita emissions from household energy use, but it did so in 

every version of every model, and produced a consistent coefficient.  Metro areas in that 
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region ended up with 0.3 to 0.35 more metric tons of emissions per capita than metro 

areas in the west, even after controlling for housing form, energy emissions intensity, 

sprawl variables and important controls such as weather and income.   
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Limitations and Caveats 

 

There are a number of limitations of the regression analysis presented here that 

are worth noting.   

First, my model does not include controls for occupancy rates of different types of 

housing units.  (By occupancy rates, I refer to the number of individuals living in an 

occupied housing unit, and not to the percentage of all housing that is occupied.)  There is 

some evidence to suggest that lower occupancy rates per unit correspond to higher per-

capita emissions, and that emissions per housing unit level off as occupancy reaches four 

people.  Holloway and Bunker (2005) cite a local-government survey of over 4,000 

homes in the Sydney area, in which per-capita emissions from household energy use were 

found to be over twice as high for homes with one or two occupants as they were for 

homes with four or more occupants.  It may be that occupancy levels per unit, 

unmeasured in these models, vary among single-family and multi-unit housing categories 

to a degree that they impact the magnitude, and even the significance, of the coefficients 

for housing types.  Such a variance across categories may also be part of the cause of the 

strange results associated with multi-family housing categories when compared against 

the 20+ category in the extended 2005 model.   

Second, the models contain no controls for the size of housing units.  Such a 

control would be valuable, and would likely improve both the models’ strength and the 

real-world applicability of their results.  Ewing and Rong (2008) assert that expanding a 

housing unit from 1,000 square feet to 2,000 square feet corresponds to a 16% increase in 
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its energy use.  Guides from government agencies concerning energy costs attribute large 

increases in heating and cooling costs to greater housing size (see Ontario Ministry of 

Energy and Infrastructure, 2008, for an example).  The American Community Survey 

data from 2005 indicate that, among vacant housing units surveyed throughout the 

country, over 90% of units in single-unit structures had four or more rooms, while only 

about 55% of units in multi-unit structures had four or more rooms.  By virtue of having 

been unmeasured in the models, the association of multi-unit housing with smaller size is 

likely to have influenced the magnitudes of the coefficients for the multi-unit housing 

variables. 

Controlling for housing size would also be helpful to the statistics concerning the 

rate of renter and owner occupancy.  Nation-wide, the median room size for rental units 

was 4.1 rooms in 2005 (according to the American Community Survey data from that 

year), while the median size for owner-occupied units was 6.1 rooms – a dramatic 

difference.  The consideration that owner occupancy likely corresponds to larger home 

size suggests that, left unmeasured, the models in this study underestimate any energy-

saving correlation that would be shown by owner occupancy percentages if housing size 

were effectively captured in the model. 

Third, the models do not control for household income.  Ewing and Rong (2008) 

find a statistically significant relationship between household energy use and income 

levels.  Housing form is considered to be demand-driven.  Building multi-family housing 

that would draw the current buyers of detached single-family housing would likely 

involve building that multi-family housing into bigger homes, building it with bigger 
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appliances, and populating it with people who a) have more money and b) put fewer 

people per room into each unit.  These factors all suggest that the real-world impact of 

policies to effect changes in housing form would have smaller results than the models in 

this analysis predict.  However, because these additional traits would likely also correlate 

strongly with the median number of rooms per housing unit, it is likely that by controlling 

for median rooms in the housing stock of each MSA, some of these issues are controlled 

for, if imperfectly.  Ewing and Rong (2008) are able to control for housing size in their 

measurement of its impact on household energy use, but as Randolph (2008) points out, 

they do not control for it when measuring the difference between multi-unit and detached 

single-family housing.  A better control, using room size, would be to use data taken from 

individual homes, as Brownstone and Golob (2005) did, and to control for housing size at 

the level of the individual housing unit.  Ewing and Rong (2008) also specifically 

mention that household-level data would produce more powerful results. 

Fourth, the models in this analysis do not control for other socioeconomic factors 

which have been found to impact energy consumption in the home.  Other reports have 

found that race, income, family structure and type of employment all have statistically 

significant impacts on energy consumption (See Ewing and Rong, 2008).  To the extent 

those factors also vary with housing type (e.g., it is likely that lower-income people live 

disproportionately in smaller or multi-unit housing), my housing variables are absorbing 

and expressing deeper socioeconomic effects.   

Brownstone and Golob (2005), in their study of the impact of density on vehicle-

based energy consumption, were able to control for household income, race, and 
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education at the level of the individual housing unit.  While the authors observed no 

statistically significant relationship between any of those factors and transportation 

energy use, I believe the results of my own models would be more reliable with better 

socioeconomic controls (particularly for income).   

The use of climatic divisions for weather data represents an imperfect attempt at 

averaging the weather experience of the residents of each MSA, for two reasons.  First, 

many MSAs or parts of MSAs are situated in the same climatic divisions as other MSAs.  

In some cases, this is not troubling, because the areas are likely very similar in their 

weather experiences.  In other cases, however, it is likely that their weather experiences 

are different enough to impact their demand for household heating and cooling, and the 

data obscures that difference.  Second, the data from individual weather stations is 

averaged to create divisional values.  It is not weighted by population density, and so two 

weather stations in a rural area would count twice as strongly as a single station in the 

heart of a city.  It is likely that less-populated areas are over-represented by the data 

collection within each MSA (there are almost certainly not as many weather stations on a 

per-capita basis in Manhattan as there are in eastern Long Island).   

This second weather-data drawback raises another issue.  If less-dense areas are 

over-represented in the weather analysis, then to the extent that there are temperature 

differences within MSAs, we are ascribing rural weather experiences to urban housing 

forms.  As a consequence, two temperature phenomena are obscured.  First, the urban 

heat-island effect, in which absorbed heat in densely built areas is radiated back into the 

atmosphere at night, will be under-represented by the weather data.  Second, the “lake 
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effect” phenomenon, where areas along the coasts of the five great lakes encounter 

temperatures noticeably lower than those encountered only a few miles further away 

during the spring and early summer, would likely be under-represented in this weather 

data.  As a consequence, since most of the urban areas along the lake have their dense 

centers within the lake effect zone, the energy use by the housing in those regions is 

being correlated to significantly higher temperatures further out.  This measurement 

problem matters, because of the 99 MSAs observed in this analysis, seven are prone to 

this specific effect (the seven are Chicago, Milwaukee, Detroit, Toledo, Cleveland, 

Buffalo and Rochester, New York).  The impact on the data used for this analysis is that 

energy consumption in these areas appears lower than it actually would be at the recorded 

temperature.  This may have the effect of artificially depressing the apparent energy 

consumption at temperatures above 65 degrees, making the cooling degree-days variable 

less likely to show a significant relationship to energy use.  It may also have the effect of 

artificially increasing the apparent energy consumption at temperatures below 65 degrees.  

The importance of this to our policy implications is that dense housing types, which are 

most likely present in greater numbers in these cooler bands, are consuming energy 

differently not only because of structural and socio-economic factors but possible also 

because of weather factors.   

Finally, a more powerful analysis of the relationship between weather and 

emissions from energy use in the home would use panel data, with which observers could 

track changes in per-capita emissions over time.  The use of two snapshots, from 2000 

and 2005, is less informative.   
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Conclusion 

 

This paper seeks to measure the magnitude of the statistical relationship between 

the carbon emissions from energy use in the home and a number of variables describing 

housing stock and urban sprawl.  It finds that a greater presence of some categories of 

housing stock is significantly correlated with lower carbon emissions from household 

energy use.  That correlation, however, does not suggest a simplistic relationship that 

would allow simply adding more units in a building and progressively lowering 

emissions.  A greater presence of housing in buildings with over twenty units was 

observed to correlate with lower per-capita emissions when those units replaced detached 

single-family homes, and a greater presence of row housing also showed such a 

correlation.  By contrast, a greater presence of housing in buildings with three to nineteen 

units did not show the same correlation.   

The results of this paper raise significant doubts about the approach of lumping all 

multi-unit housing into a single category for analytical purposes.  The results produced by 

such a gross categorization were relatively weak in comparison with the results produced 

by models using smaller sub-categories.  Researchers seeking to understand the 

relationship of housing form to energy consumption would be better served with models 

and data that capture variations within the category of multi-unit housing.   

This paper also finds a significant correlation between the emissions that come 

from household energy use and a historical pattern of intensive land conversion, which is 

closely related to sprawl.  A history of high land-use conversion through the 1980s and 
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1990s, relative to total housing stock, correlates with higher per-capita emissions from 

home energy use, even when controlling for a host of other factors.  These are important 

results because while the literature on sprawl and energy use focuses predominantly on 

emissions from transportation, this result suggests that sprawl has indirect effects on 

energy use in the home as well.   

The results of this paper are limited, however, by the inability to include 

important controls in a way that allows the regression models to consider the impacts of 

housing form and sprawl without accidentally measuring differences in factors like 

occupancy patterns, income differences between housing types, size differences of units 

in different housing types, and other socio-economic factors shown in prior research to 

impact energy use.  As such, this paper does not prove any causal mechanisms, but it 

concludes that the literature regarding urban form, smart growth, and new urbanism 

should expand its focus to include an exploration into the relationship of sprawl 

characteristics to household energy, rather than simply considering sprawl’s impacts on 

VMT and auto emissions.  It is likely that failure to adequately understand how sprawl 

impacts energy use in the home, as well as energy use on the road, results in an under-

estimation of the potential emissions-cutting benefits of denser urban design.   
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Appendix 1: Sensitivity Analysis / Robustness Testing 

 

 In order to arrive at the models in this thesis, I constructed alternatives for each 

with a number of different variables.  Some variables were tested for significance to 

ascertain whether or not they contributed to the model, while others were tested as 

potential alternatives to variables I knew I wanted to include, to see if they might better 

express important characteristics of the MSAs in question. 

 In both the extended 2005 model and the comparative models, I tested per-capita 

GDP of metro areas (using data from the Bureau of Economic Analysis) in place of per-

capita income.  It weakened the model and failed to produce a significant effect, or to 

impact the sign or significance of other variables.  Because I felt that contemporaneous 

incomes were far more likely to correlate with energy consumption, and to do so through 

a simpler causal mechanism, I retained income, rather than GDP, as a more valid control 

variable.   

With regard to the land conversion rate during the 1980s and 1990s, I initially ran 

the model with the conversion rate as a variable all by itself, measuring only the rate at 

which land was converted during the two decades between 1980 and 2000, without taking 

into account the amount of total housing stock that variable represented.  The models 

found no significant effect to the un-weighted land-use change rate variable, and were not 

as strong as when I used the weighted form of the variable. 
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After generating the weighted version of that variable, I also generated an 

alternate version of the variable as well.  I did this to ensure that my chosen method of 

expressing the percentage of housing stock built during that time was appropriate.  The 

weighted LUCrate variable I use in the models is defined as the product of the land-use 

change rate variable, measured in houses per converted acre, and the percentage of 

housing built during the relevant years (1980 to 2000).  The percentage is expressed as a 

two-digit number between zero and one hundred, rather than as a value between zero and 

one.  In the alternate calculation, the percentage was expressed as a value between zero 

and one.  When including this alternate calculation, the impact on the model changed 

significantly when I expressed the variable in quadratic form (the squared term is now 

smaller, not larger, than the linear term).  Making this change had an effect on the 

significance of several of my energy-policy and housing-stock indicators, but came with 

two serious drawbacks: the model became much weaker (adjusted R2 fell from 0.89 to 

0.84), and the squared term had a very large negative magnitude – implying that large 

rates of land-use conversion correlated with huge drops in carbon emissions.  Because the 

variable’s result was so inconsistent with other sprawl indicators, and because the model 

strength fell so much, I elected to retain the initial calculation. 

Because the weather variables in my models showed no significant correlation to 

emissions from household energy use, I was concerned at the variance from the EIA’s 

assertions of a significant relationship.  To be sure of the effect in my initial model (using 

logged heating and cooling degree-days as two distinct variables), I included other 

expressions of weather data in this model, replacing the logged heating and cooling 
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degree-days variables with a) the two variables in quadratic form, rather than logarithmic 

form, and b) a new variable representing the sum of heating and cooling degree-days.  In 

both cases, I found no significant correlation of the variable to emissions from household 

energy use, nor did I find improvement to the strength of the model over the initial 

approach.  Finally, in the comparative models, I also tried generating an interaction term 

combining the coefficients for multi-unit housing and heating degree-days, hypothesizing 

that the difference in emissions might be significant in cold-weather climates, where 

heating degree-days are high.  That too generated a statistically insignificant result that 

did nothing to strengthen the model.  Because the two-variable approach was used in both 

the research supporting the Brookings Institution report and in Ewing & Rong’s analysis, 

I stayed with it as the research standard. 

With regard to density, I ran the model with the variable expressing housing 

density per square mile in quadratic form.  The model strength was not improved, the 

variable continued to show no statistically significant correlation to emissions, and the 

sign and significance of the other variables was not changed.   

I ran the model (using both detached single-family housing and housing in 

buildings of 20 or more units as reference categories) with an additional variable 

expressing the percentage by which housing stock had grown between 2000 and 2005.  

This did not alter the sign or significance of the variables describing housing stock or 

energy policy, or improve the strength of the model, or have a significant correlation with 

emissions from household energy use.  On that basis, I decided not to include the 

variable. 
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I ran the model with various different approaches to representing housing form.  I 

ran it with the attached-housing and 10-to-19 unit housing categories as reference 

categories, in order to determine which reference category would expose the greatest 

distinction between the groups.  This did not alter the model’s overall strength but did 

impact the significance of the effects associated with other housing types.  In the end, 

single-family detached housing and housing in buildings with 20+ units produced the 

most illustrative results and also make the most sense from a policy standpoint.   

I also grouped the housing categories in various different ways.  This included all 

the small categories and a single category for all housing in buildings of five or more 

units, or all the smaller categories and then a single category for all housing in buildings 

of over 10 units.  The inclusion of all the housing categories consistently produced the 

strongest overall model, and none of the larger categories exposed effects that were not 

already visible by using smaller categories. 

 

2000 and 2005 Models 

 

In both models, I tried the housing-density variable in quadratic form.  In both 

models, it produced no significant effect either in linear or quadratic form, and neither 

form significantly improved the model over the alternative.   

I also replaced the housing-density variable with the overall population density, in 

order to ascertain whether another expression of density would show a stronger 

correlation.  In both the 2000 and 2005 models, with the weighted land-use change rate 
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variable in both linear and quadratic forms, overall population density failed to show a 

statistically significant relationship to emissions from household energy use, and made 

the overall models slightly weaker.   

Additionally, in order to further test the relationship of the home-ownership 

percentage with emissions, I tested it in quadratic form.  I doubted that this would 

produce any impact or improvement to the model strength, and my doubts were 

confirmed, but I sought to ensure that I was including the variable in its most appropriate 

form. 

I performed the same check on the variable expressing median number of rooms 

per household, checking the model with this variable included in quadratic form.  It 

showed no effect and weakened the adjusted R2 when included, so I retained the variable 

only in linear form.  (See appendix 2 for an example of this.) 
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Appendix II: Regresson Results Using Alternate Variable Construction 

Table AII-1: Regression Results from Comparison Model for 2000 and 2005 

 2000 Model 
 

2005 Model 
 

Emissions Efficiency 
Index 
 

-0.00931*** 
(0.00097) 

-0.00943*** 
(0.00098) 

-0.00804*** 
(0.00108) 

-0.00807*** 
(0.00105) 

Energy Price 
 
 

-0.06259*** 
(0.01185) 

-0.06253*** 
(0.01185) 

-0.05748*** 
(0.01146) 

-0.05850*** 
(0.01113) 

% of homes in multi-unit 
buildings 
 

-0.00278 
(0.00402) 

-0.00205 
(0.00409) 

 0.00110 
(0.00429) 

 0.00339 
(0.00426) 

Housing Density 
 
 

-0.00017 
(0.00012) 

-0.00014 
(0.00012) 

-0.00010 
(0.00015) 

-1.12 x 10-6 
(0.00015) 

Alt. Weighted Land-Use 
Change Rate 
 

 0.00186*** 
(0.00056) 

 0.34966* 
(0.17861) 

 0.00129* 
(0.00070) 

 0.67528*** 
(0.22893) 

Alt. Weighted Land-Use 
Change Rate (squared) 
 

---- -0.11229 
(0.11603 

---- -0.39954** 
(0.15991) 

Per-Capita Income 
 
 

 7.38 x10-7 
(3.17 x 10-6) 

 1.32 x 10-6 
(3.23 x 10-6) 

5.01 x 10-6 
(3.42 x 10-6) 

 6.37 x 10-6 
(3.37 x 10-6) 

% of homes occupied by 
owners 
 

-0.00490 
(0.00598) 

-0.00393 
(0.00606) 

-0.01096* 
(0.00649) 

-0.00818 
(0.00640) 

Heating Degree-days 
(logged) 
 

-0.11406 
(0.04236) 

-0.02086 
(0.04348) 

 0.01451 
(0.05371) 

-0.01134 
(0.05314) 

Cooling Degree-Days 
(logged) 
 

-0.04946 
(0.03849) 

-0.05213 
(0.03860) 

 0.01508 
(0.05083) 

 0.00582 
(0.04947) 

Northeast Regional 
Dummy 
 

 0.31562*** 
(0.07532) 

 0.28959*** 
(0.07708) 

 0.35465*** 
(0.10095) 

 0.30611*** 
(0.09987 

Midwest Regional 
Dummy 
 

 0.20128*** 
(0.07510) 

 0.18368** 
(0.07730) 

 0.17881* 
(0.09984) 

 0.13176 
(0.09871) 

Southeast Regional 
Dummy 
 

 0.06413 
(0.07550)  

 0.04666 
(0.07766) 

 0.10517 
(0.09352) 

 0.05847 
(0.09267) 

Southwest Regional 
Dummy 
 

 0.06618 
(0.08059) 

 0.05674 
(0.08121) 

 0.02762 
(0.09645) 

 0.01501 
(0.09374) 

Constant 
 
 

 2.83422*** 
(0.79754) 

 2.80750*** 
(0.79832) 

 2.31154** 
(1.04674) 

 2.19871** 
(1.01689) 

Observations 99 99 99 99 
Adjusted R2 0.7912 0.7911 0.7574 0.7715 
F Test 29.57 27.51 24.54 24.64 
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Table AII-2: Regression Results for Extended Forms of 2005 Model 

  Model 1 Model 2 Model 3 Model 4 
Emissions 
Efficiency Index 
 

-0.00758*** 
(0.00105) 

-0.00704*** 
(0.00119) 

-0.00758 *** 
(0.00104)  

-0.00699*** 
(0.01204) 

Price of 
Residential Energy 
 

-0.06118*** 
(0.01210) 

-0.07247 *** 
(0.01326) 

-0.06118 *** 
(0.01210) 

-0.06810*** 
(0.01304) 

Energy 
Policy 
Variables 

Percent of Rental 
Units,  
By Rate Utils 
Included 
 

 0.00042 *** 
(0.00016) 

 0.00039 ** 
(0.00018) 

 0.00042 *** 
(0.00016) 

 0.00036** 
(0.00018) 

Percentage of  
Mobile Homes 
 

-0.01588* 
(0.00735) 

-0.01792 ** 
(0.00841) 

 0.01472  
(0.00955) 

-0.01362 
(0.00848) 

Percentage of  
Boats, Vans, RVs 
 

-0.17472 
(0.31842) 

-0.19190 
(0.36431) 

-0.14412 
(0.31911) 

-0.19607* 
(0.00848) 

Percentage of 
Detached Housing 
 

---- ----  0.03060*** 
(0.00727) 

 0.00500 
(0.00499) 

Percentage of  
Row Housing 
 

-0.01578*** 
(0.00516) 

-0.01282** 
(0.00584) 

 0.01482* 
(0.00789) 

-0.00961 
(0.00594) 

Percentage of  
Duplexes 
 

-0.00172 
(0.00753) 

----  0.02888*** 
(0.01063) 

---- 

Percentage of  
3-4 unit housing 
 

-0.00183 
(0.01129) 

----  0.03243** 
(0.01237) 

---- 

Percentage of  
5-9 unit housing 
 

 0.01037 
(0.01456) 

----  0.04097*** 
(0.01374) 

---- 

Percentage of  
10-19 unit housing 
 

 0.03367*** 
(0.01161) 

----  0.06426*** 
(0.01527) 

---- 

Percentage of  
20+ unit housing 
 

-0.03060*** 
(0.00727) 

---- ---- ---- 

Percentage of 
2-9 unit housing 
 

---- -0.00085 
(0.00631) 

---- ---- 

Percentage of  
10+ unit housing 
 

---- -0.00969 * 
(0.00586) 

---- ---- 

Median Rooms 
 
 

-5.8529 *** 
(1.9491) 

-2.95743  
(2.12266) 

-5.85289*** 
(1.94911) 

-1.96216 
(2.03183) 

Housing 
Stock 
Variables 

Median Rooms 
(squared) 

 0.53275*** 
(0.17855) 

 0.27484  
(0.19498) 

 0.53275*** 
(0.17855) 

 0.18261 
(0.18646) 

 
(continued on next page)



 

 74 

 

Table AII-2: Regression Models for Extended Forms of 2005 Model (continued) 

 
  Model 1 Model 2 Model 3 Model 4 

Alt. Weighted 
Land-Use Change 
Rate 1980-2000 
 

 0.79918 *** 
(0.00249) 

 0.64030 *** 
(0.22688) 

 0.79918** 
(0.20499) 

 0.00627*** 
(0.00229) 

Alt. Weighted 
Land-Use Change 
Rate, squared 
 

-0.52662 *** 
(0.13970) 

-0.39697 ** 
(0.15611) 

-0.52662*** 
(0.13970) 

-0.00004** 
(0.00002 

Per-Capita 
Automobile 
Emissions 
 

 0.08610  
(0.09693) 

 0.16662 
(0.10995) 

 0.08610 
(0.09693) 

 0.15020 
(0.11028) 

Sprawl-
Related 
Variables 

Housing Density 
per Square Mile 
(2004) 
 

 0.00017 
(0.00014) 

 0.00003 
(0.00017) 

 0.00018 
(0.00015) 

 0.00003 
(0.00017) 

Per-Capita 
Income 
 

 7.25 x 10-6 ** 
(3.24 x 10-6) 

 8.55 X 10-6 ** 
(3.65 X 10-6) 

 7.25 x 10-6 ** 
(3.24 x 10-6) 

 6.86 x 10-6* 
(3.49 x 10-6) 

Percent of Owner-
Occupied Homes 
 

-0.00212 
(0.00670) 

-0.00818 
(0.00722) 

-0.00212 
(0.00670) 

-0.00770 
(0.00727) 

Heating Degree-
Days (Logged) 
 

-0.10293 * 
(0.05448) 

-0.09452 
(0.06168) 

-0.10293 * 
(0.05448) 

-0.07199 
(0.06029) 

Control 
Variables 

Cooling Degree-
Days (Logged) 
 

-0.02616 
(0.04438) 

 0.02556 
(0.04968) 

-0.02616 
(0.04438) 

 0.03582 
(0.04959) 

 
Northeast 
 

 0.28064*** 
(0.10466) 

 0.29338 ** 
(0.11938) 

 0.28064 ** 
(0.10466) 

 0.34208*** 
(0.11577) 

 
Midwest 
 

 0.10797 
(0.08529) 

 0.10374 
(0.09756) 

 0.10798 
(0.08529) 

 0.10296 
(0.09834) 

 
Southeast 
 

-0.00411 
(0.09385) 

 0.02273 
(0.10329) 

-0.00411 
(0.09385) 

 0.03540 
(0.10377) 

Regional 
Dummy 
Variables 
(Western 
Region as 
Reference 
Case) 

 
Southwest 
 

-0.04082 
(0.08789) 

-0.00620 
(0.09845) 

-0.04082 
(0.08789) 

-0.02984 
(0.09795) 

Observations  99 99 99 99 
Adjusted R2  0.8468 0.7973 0.8468 0.7941 
F Test  22.67 18.53 22.67 19.00 
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