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Abstract 
The considerable body of earlier research on household level residential sector energy demand does not 
consider the impact of household residents’ travel infrastructure on energy consumption patterns. The 
absence of travel infrastructure elements in energy demand models can be attributed to the lack of data 
providing this information in energy surveys. In this study, a novel econometric fusion approach is utilized 
to combine the traditional energy dataset -Residential Energy Consumption Survey (RECS) data – with a 
transportation survey data - National Household Travel Survey (NHTS) data. The probabilistic fusion 
approach is employed to study energy consumption by end use type with a Multiple Discrete Continuous 
Extreme Value model framework. The framework will quantify the impact of travel infrastructure and usage 
related attributes on household end-use energy demand and remedy the over-estimation of the impact of 
socioeconomic attributes. The model results reveal the impact of several household socioeconomic 
attributes (i.e., household size, location and income) and travel infrastructure and usage related attributes 
(i.e. number of vehicles of different fuel and body types, household annual mileage and frequency of long-
distance trips) on household end-use energy demand. The model estimation results are augmented with an 
elasticity analysis and policy analysis to highlight the implementation of the proposed framework. The 
elasticity results reveal that ignoring the influence of travel infrastructure and usage variables can contribute 
to errors for elasticity values for other independent variables such as household size (up to 1800%), number 
of adults (up to 50%) and residential location (up to 15%).  
 
Keywords: Household energy, travel infrastructure and usage, data fusion, MDCEV model, energy end-
uses 
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1 Background 
Residential energy demand contributes significantly to the overall energy demand of a country. According 
to the U.S. Energy Information Administration (EIA), the residential sector accounted for around 20% of 
the total U.S. energy consumption in 2023 (EIA, 2024b). Currently, residential energy demand patterns are 
in a state of flux. The rapid adoption of advanced home technologies (such as energy efficient air 
conditioners, high-definition TVs, gaming consoles, and smart home devices), prevalence of emerging 
transportation alternatives (such as electric vehicle charging facilities), increasing share of residential solar 
charging, and work culture evolution post-COVID with higher rate of hybrid work will continue to impact 
household energy consumption patterns into the future. In addition to affecting national energy demand, 
the residential sector has a large impact on global warming. In 2021, residential energy consumption 
released  about 365 million metric tons of carbon dioxide (USAFacts, 2024). As countries around the world 
tackle greenhouse gas emissions in their fight against global warming, identifying the factors affecting 
residential energy demand in the future will be an important contribution. 

Residential energy demand patterns are well researched in energy literature. The demand patterns 
are typically analyzed along three key dimensions: (a) overall energy demand  (see (Besagni & Borgarello, 
2018; Wang et al., 2021)), (b) energy consumption by energy source, such as electricity, natural gas, and 
Liquefied Petroleum (LP) gas (see (Iraganaboina & Eluru, 2021; Lu et al., 2022)), and (c) energy demand 
for specific end-use type such as space heating, water heating, and cooling (see (Kuang et al., 2023a; Malla, 
2022)). From a demand estimation perspective, assessing energy consumption across different end-use 
categories provides a thorough insight into the factors affecting household energy consumption patterns. 
The methodological approaches considered for residential energy modeling include regression-based 
approaches (Lee & Song, 2022; Xie & Noor, 2022), machine learning approaches (such as random-forest 
regression, k-nearest neighbors, gradient boosting method, extreme gradient boosting method, support 
vector machine, artificial neural network and deep extreme machine learning approach) (Burnett & 
Kiesling, 2022; Kuang et al., 2023b), bottom-up simulation approaches (Malla, 2022; Shimoda et al., 2021), 
engineering methodologies (such as Intergovernmental Panel on Climate Change (IPCC) method for carbon 
emission and Australian Zero Emissions House design tool (Fan et al., 2015; Ren et al., 2013) and advanced 
econometric frameworks (such as Multiple Discrete Continuous Extreme Value (MDCEV) model and 
mixed multinomial logit-MDCEV model) (Yu et al., 2013; Yu & Zhang, 2015). Across most of these 
approaches, energy demand by end-use is modeled separately by end-use. Thus, these approaches ignore 
that the different end-use energy demands arise from the same household. The MDCEV model provides an 
elegant framework in studying choice scenarios where multiple alternatives are selected. Examples of such 
choice scenarios include purchasing different types of vehicles in a household (Bhat & Sen, 2006), activity 
participation in a day (Bhat, 2005), and energy consumption by energy source (Iraganaboina & Eluru, 
2021). The MDCEV approach, employed in this study, recognizes overall energy allocation across end-uses 
(such as space cooling, lighting, cooking and water heating) as a single behavioral process allowing for 
substitution and complementarity effects across end-use alternatives.  

These studies reveal several important determinants of energy demand including – (a) household 
sociodemographic attributes, (b) dwelling attributes, (c) household appliance-use related attributes and (d) 
climate related attributes. Sociodemographic attributes such as household size, income, and location (urban 
vs. rural) significantly influence energy consumption patterns across different end-uses (Malla, 2022). 
Larger households often consume more energy due to increased usage of appliances for heating, cooling, 
and other purposes (Ellsworth-Krebs, 2020; Zou & Luo, 2019). Higher-income households also consume 
more energy than their counterparts, especially for discretionary uses such as advanced heating/cooling 
systems, larger living spaces, and additional appliances. They are also more likely to own EVs, influencing 
residential charging demand (Dixit & Singh, 2022; Shin et al., 2019). Furthermore, variations in energy 
consumption for space heating and cooling are also noticeable between urban and rural areas due to 
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differences in dwelling size, insulation systems and access to modern technologies1 (Chun-sheng et al., 
2012; Heinonen & Junnila, 2014).     

Interestingly, the considerable body of research on household level residential sector energy 
demand does not consider the impact of household residents’ travel infrastructure and usage on energy 
consumption patterns. The out-of-home activities of all or a subset of household residents impacts the 
energy consumption pattern of various end-uses (such as space heating, water heating, space cooling, 
lighting, and cooking) and potential post-travel activities (such as cooling, washing and cleaning). The 
variables that can offer insights on travel infrastructure and usage can include household vehicle ownership, 
employment status, long-distance travel behavior and household annual mileage. Households with high 
vehicle ownership levels potentially represent increased private vehicle usage behavior such as spending 
significant time outside and this can potentially contribute to lower energy consumption at home. Further, 
the number of long-distance trips and annual mileage indicate how often household members stay away 
from home. These metrics directly affect the frequency of appliance usage, space heating/cooling and 
washing and drying. Therefore, the increased number of long-distance trips or longer annual mileage might 
influence the energy consumption for different household appliances. Similarly, vehicle fleet fuel type mix 
influences the energy consumption of various household end uses. For instance, households with electric 
vehicles (EVs) may potentially install solar infrastructure and energy management systems to manage the 
increased electricity demand affecting other end uses, such as space heating and cooling. The importance 
of considering the link between travel infrastructure and usage and energy consumption is likely to increase 
further with the growing adoption of EVs. With increasing adoption of EVs and the corresponding impact 
of EV charging on residential energy demand is a dimension of importance.  

The absence of travel infrastructure and usage elements in energy demand models can be attributed 
to the lack of data providing this information in energy surveys. Traditional survey data or smart meter data 
is rarely augmented with detailed data related to household travel infrastructure and usage data. 
Transportation survey data on the other hand compiles this information. However, given these data are 
compiled on entirely different respondents there has not been any consideration for using the datasets 
together. In this study, a novel framework is employed that allows us to combine two datasets without any 
common identifier (see (Bhowmik, et al., 2024a; Jahan et al., 2024)). The 2020 Residential Energy 
Consumption Survey (RECS) data and the 2022 National Household Travel Survey (NHTS) data are 
employed for this fusion exercise. The dependent variable of interest is energy consumption by end-use 
dimension (such as space heating, water heating, refrigeration, cooling and ventilation, EV charging, and 
lighting). Given the nature of the dependent variable, the MDCEV model is employed in this analysis.  

The current study contributes to the existing literature along two dimensions. First, this study 
contributes to end-use energy demand modeling systems by employing a novel fusion approach merging 
two datasets without a common identifier. Second, the study conducts a first of its kind assessment of the 
impact of travel infrastructure related variables on various household energy end-uses. The study recognizes 
that traditional approach to energy models that ignore travel infrastructure variables might offer erroneous 
energy estimates for future scenarios. The proposed model system accurately quantifies the impact of all 
independent variables by accommodating for travel infrastructure variables. The independent variables 
considered from energy data include household socioeconomic attributes, dwelling attributes and 
appliance-use related attributes. The new variables considered from NHTS data include household 
socioeconomic attributes and travel infrastructure and usage related attributes. The proposed approach 
allows us to easily examine if the data fusion contributes to improving our understanding of energy 
consumption by end-use in a straightforward manner using traditional model fit metrics (such as log-

 
1There is a growing body of literature examining how to arrive at Net Zero Energy Buildings. These studies focus on 
the development of energy share framework (Minelli et al., 2024), evaluation of different technology installations 
(D’Agostino et al., 2024), contributions of renewable energy generation (hydropower, wind energy, solar, heat pumps, 
and bioenergy) (Ahmed et al., 2022) and evaluation of design parameters affecting the energy performance of net zero 
energy buildings (Kaitouni et al., 2024). 
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likelihood and Information Criterion). The model results clearly identify which of the newly incorporated 
variables from NHTS provide improved data fit while also correctly quantifying the effect of independent 
variables from RECS dataset. The model estimation results are augmented with an elasticity analysis to 
highlight the inconsistencies of energy models that ignore travel infrastructure and usage variables while 
also showing the potential impact of travel pattern variables. It is important to note here that earlier work 
using the fusion approach considered continuous variables (Bhowmik, et al., 2024b) and binary outcome 
variables (Bhowmik, et al., 2024a). In the current paper, this approach is applied to accommodate multiple 
discrete continuous variables thus generalizing the fusion approach for different kinds of dependent 
variables. 

The current study aims to develop an energy model framework that can estimate household level 
energy demand with information on household socioeconomic attributes and travel infrastructure and usage 
related attributes. The proposed model framework can be employed to estimate regional energy demand 
based on detailed census population data. The estimates can offer insights on energy demand in response 
to demographic and climate changes over time. Understanding these trends can offer policy makers with 
insights on what important treatments (such as improving insulation) can offer energy use reductions in 
different regions. The viability of the proposed model for scenario analysis has been illustrated in the policy 
analysis section of the paper. 

The insights can also be used to design integrated energy management strategies that account for 
both residential and transportation energy needs. For instance, the number of EV sales is increasing in recent 
years and according to the US Department of Energy, 80% of EVs are charged at home (John, 2022). 
Therefore, in the future years, an increasing pressure on the national electricity grid is inevitable. This study 
provides with valuable insights into the factors that impact household EV charging infrastructure. By 
identifying the locations of higher concentration of households that consume energy for EV charging, the 
proposed framework can help in redesigning the national grid and assist with determining optimal locations 
for new EV charging infrastructure. Further, as household socioeconomic conditions vary across different 
regions and cities, the proposed framework can also serve as a valuable tool to estimate total energy demand 
across diverse geographic areas. 

The remainder of the paper is organized as follows: The next section presents the experimental 
design of the fusion approach followed by a discussion of the methodological details. The data description 
section summarizes the datasets. The following section specifies the selection of the best fitted model while 
the estimation results of the best fitted model is summarized in the model estimation section. The 
applicability of the proposed framework is illustrated in the elasticity analysis section. The final section 
concludes the paper. 
 
2 Data Fusion Algorithm 
In this paper, the energy use data is employed from 2020 Residential Energy Consumption Survey (RECS) 
dataset and the travel infrastructure and usage data is employed from the 2022 National Household Travel 
Survey (NHTS) dataset. The two datasets do not share a unique identifier to easily merge them. Hence, a 
probabilistic fusion approach is employed for our analysis of energy consumption by end use. 

The data fusion is performed based on the common attributes across the two datasets. The fusion 
algorithm hypothesizes that households with matching attributes across the two datasets are likely to share 
similar attributes (such as travel infrastructure and usage attributes form NHTS). Seven common variables 
– household division2, household income, household location, household ownership, household region, 
household size and housing type – are present in the RECS and NHTS datasets. While it might be ideal to 
consider fusion with only a completely matched set of records, it is not always possible to get enough 
records for fusion with strict matching policy. As the number of matching variables increases, the number 
of possible matches across the two datasets reduces very rapidly. For example, when all seven variables are 

 
2 Household region partitions America into 4 regions West, South, Northeast and Midwest. Household Division is a 
more disaggregate classification of the region including East North Central, East South Central, Middle Atlantic, 
Mountain, New England, Pacific, South Atlantic, West North Central, and West South-Central region.  
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matched, the average number of matches is only 14. In addition, 13% RECS records do not have any 
matches from the NHTS dataset. Hence, in this context, among the seven common variables, matching at 
most six variables is considered to ensure adequate matching records exist. To be sure, the performance of 
each possible set of matching variables are carefully compared. 
 

 
Figure 1: Flow chart of fusion algorithm 

 
The reader would note that for any set of matching variables, multiple matches are likely to exist. 

Among these matches, there is no way to identify an “ideal match”. Hence, the fusion process with multiple 
candidates from the pool of matched records is considered. The model fit of the dependent variable for 
different number of fusion records is systematically tested to identify the “optimal” number of fusion 
records. While increasing the size of fusion records can possibly improve the model, the increase in 
computation time needs to be recognized. When multiple NHTS records are fused for each RECS record, 
the energy consumption record will repeat with each fused record. Hence, a weight variable is considered 
that ensures each RECS record accounts for only one record. For example, if the number of matched records 
is 10, it is ensured that across the 10 records the newly added weight adds to 1. In this research, two 
approaches are employed for determining the weight. The first approach takes the form of a deterministic 
weight – 1 ⁄ (Number of NHTS records) (so 1/10 in our example). In the second approach - probabilistic 
approach - the model is let to allocate the weight for each of the fused records based on the variables not 
used in the matching process. The weight function is scored based on the similarity/dissimilarity of the 
common attributes that were not used for fusion. The weight score is expected to be higher for records with 
higher similarity. In this process, the records that offer the largest improvement in prediction will have 
higher weights. Finally, given the inherent random nature of the fusion process, the fusion process is 
repeated for a fixed number of fused records multiple times to ensure that the results are reliable. The model 
parameters across these samples are compared using a modified Wald t-test to ensure parameter stability. 
After establishing parameter stability, the fused dataset and the model is finalized. The complete data fusion 
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process is summarized in Figure 1 (see (Bhowmik, et al., 2024a) for similar research). In addition, an 
example of data fusion process is presented in Figure 2.  
 

 
Figure 2: Illustration of data fusion between RECS and NHTS datasets 

 
From Figure 2, it can be observed that the RECS data and the NHTS data do not share a common 

identifier to merge them. While considering household location and ownership as matching variables, three 
cases can be found in the NHTS dataset for the first case of the RECS data. When the three NHTS records 
are fused to the RECS record, the energy consumption record in the RECS data repeats three times. Hence, 
a weight variable is considered to ensure that the RECS record accounts for only one record. In the case of 
deterministic weight, all the cases in the fused dataset are assigned an equal weight (1/3). However, in the 
case of probabilistic weights, the variable income category is considered for allocating the weights because 
the income category is present in both datasets but is not used in the matching process. It can be noticed 
that, only for the first fused record the income category matches in both datasets. Thus, the weight score 
for this record is computed to be higher (for illustration). In our proposed framework, the appropriate weight 
allocation approach will be selected based on the impact of the weight variable (income category in our 
example) on model performance.   
 
3 Modeling Methodology 
With the preliminaries provided on the data fusion process, the methodological framework of the MDCEV 
model that is adopted in our study to estimate household energy demand for various end-uses with fused 
data is outlined here.  
 
3.1 MDCEV Fusion Model 
The fusion model structure includes a decision component and a weight component. In the decision model 
component, the MDCEV model formulation is employed for estimating the household energy demand for 
different end-uses (see (Bhat, 2005, 2008) for more details).  

Consider, there are 𝑛𝑛(= 1,2,3, … ,𝑁𝑁) households in the RECS dataset and 𝑠𝑠 possible matches from 
the NHTS dataset. Let 𝑡𝑡𝑛𝑛,𝑘𝑘 be the total energy consumed by the 𝑛𝑛𝑡𝑡ℎ household for the end-use type 𝑘𝑘 (𝑘𝑘 =
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1,2, … ,𝐾𝐾). With these notations, the utility equation over the 𝐾𝐾(= 9) end-use types will take the following 
form (see (Bhat, 2005, 2008) for detailed explanation about MDCEV model): 
 

𝑈𝑈𝑛𝑛𝑛𝑛 = �
𝛾𝛾𝑘𝑘
𝛼𝛼𝑘𝑘

�𝑒𝑒𝑒𝑒𝑒𝑒�𝛽𝛽′𝑒𝑒𝑛𝑛,𝑘𝑘 + 𝜑𝜑′𝑦𝑦𝑛𝑛𝑛𝑛,𝑘𝑘 + 𝜀𝜀𝑛𝑛𝑛𝑛,𝑘𝑘��. ��
𝑡𝑡𝑛𝑛,𝑘𝑘

𝛾𝛾𝑘𝑘
+ 1�

𝛼𝛼𝑘𝑘
− 1�

𝐾𝐾

𝑘𝑘=1

                                                                (1) 

 
where, 𝑈𝑈𝑛𝑛𝑛𝑛 represents the utility of the household 𝑛𝑛 for the 𝑠𝑠𝑡𝑡ℎ fused record.  𝑒𝑒𝑛𝑛,𝑘𝑘 is a vector of attributes 
from the RECS dataset that characterize end-use alternative 𝑘𝑘 for the 𝑛𝑛𝑡𝑡ℎ household.  𝑦𝑦𝑛𝑛𝑛𝑛,𝑘𝑘 is a vector of 
attributes from the NHTS data that influence the energy demand. 𝛽𝛽 and  𝜑𝜑 represent vectors of the 
corresponding parameters to be estimated. 𝜀𝜀𝑛𝑛𝑛𝑛,𝑘𝑘 captures idiosyncratic characteristics that impact the 
baseline utility for the corresponding alternative; and 𝛾𝛾𝑘𝑘 and 𝛼𝛼𝑘𝑘 are satiation parameters associated with 
end-use type 𝑘𝑘. Now in the presence of outside end-use types, the utility equation will take the following 
form: 
 

𝑈𝑈𝑛𝑛𝑛𝑛 = �
1
𝛼𝛼𝑘𝑘

𝑒𝑒𝑒𝑒𝑒𝑒�𝜀𝜀𝑛𝑛𝑛𝑛,𝑘𝑘� 𝑡𝑡𝑛𝑛,𝑘𝑘
𝛼𝛼𝑘𝑘 +

𝑄𝑄

𝑘𝑘=1

�
𝛾𝛾𝑘𝑘
𝛼𝛼𝑘𝑘

�𝑒𝑒𝑒𝑒𝑒𝑒�𝛽𝛽′𝑒𝑒𝑛𝑛,𝑘𝑘 + 𝜑𝜑′𝑦𝑦𝑛𝑛𝑛𝑛,𝑘𝑘 + 𝜀𝜀𝑛𝑛𝑛𝑛,𝑘𝑘��. ��
𝑡𝑡𝑛𝑛,𝑘𝑘

𝛾𝛾𝑘𝑘
+ 1�

𝛼𝛼𝑘𝑘
− 1�

𝐾𝐾

𝑘𝑘=𝑄𝑄+1

         (2) 

 
where, 𝑄𝑄 is the number of outside end-use types. The reader would note that, there is no translation 
parameters 𝛾𝛾𝑘𝑘 for the outside end-use types, as energy is always consumed for them (Bhat, 2008). Now, 
due to the common role of 𝛼𝛼 and 𝛾𝛾, estimating both in empirical application is challenging. Therefore by 
imposing selective restrictions on 𝛼𝛼 and 𝛾𝛾 separately, several functional forms of the utility equation (see 
(Bhat, 2008; Bhat & Eluru, 2010) for the different functional forms) are examined in this study and the 
𝛾𝛾 −profile of Equation 3 is found to provide the best data fit. 
 

𝑈𝑈𝑛𝑛𝑛𝑛 = �𝑒𝑒𝑒𝑒𝑒𝑒�𝜀𝜀𝑛𝑛𝑛𝑛,𝑘𝑘� 𝑙𝑙𝑛𝑛 (𝑡𝑡𝑛𝑛,𝑘𝑘) +
𝑄𝑄

𝑘𝑘=1

� 𝛾𝛾𝑘𝑘�𝑒𝑒𝑒𝑒𝑒𝑒�𝛽𝛽′𝑒𝑒𝑛𝑛,𝑘𝑘 + 𝜑𝜑′𝑦𝑦𝑛𝑛𝑛𝑛,𝑘𝑘 + 𝜀𝜀𝑛𝑛𝑛𝑛,𝑘𝑘��. 𝑙𝑙𝑛𝑛 �
𝑡𝑡𝑛𝑛,𝑘𝑘

𝛾𝛾𝑘𝑘
+ 1�

𝐾𝐾

𝑘𝑘=𝑄𝑄+1

                      (3) 

 
In the MDCEV model framework the utility 𝑈𝑈𝑛𝑛𝑛𝑛 is derived by allocating the total energy among 

different end-uses. The optimization problem can be solved by forming Lagrangian function for the usage 
constraint and subsequently applying Kuhn-Tucker first order conditions (Iraganaboina & Eluru, 2021; 
Wales & Woodland, 1983). Therefore, the probability that a household allocates total energy consumption 
across the first 𝑀𝑀 of the 𝐾𝐾 end-use types can be expressed as follows: 

 

𝑃𝑃𝑛𝑛𝑛𝑛(𝑡𝑡1∗, 𝑡𝑡2∗, … , 𝑡𝑡𝑀𝑀∗, 0,0, … ,0) =
1

𝜎𝜎𝑀𝑀−1
�� 𝑓𝑓𝑛𝑛,𝑚𝑚

𝑀𝑀

𝑚𝑚=1

� ��
𝑒𝑒𝑛𝑛,𝑚𝑚

𝑓𝑓𝑛𝑛,𝑚𝑚

𝑀𝑀

𝑚𝑚=1

� �
∏ 𝑒𝑒𝑉𝑉𝑛𝑛𝑛𝑛,𝑚𝑚𝑀𝑀
𝑚𝑚=1

 (∑ 𝑒𝑒𝑉𝑉𝑛𝑛𝑛𝑛,𝑘𝑘𝐾𝐾
𝑘𝑘=1 )𝑀𝑀�

(𝑀𝑀 − 1)!                       (4) 

where, 
 𝑓𝑓𝑛𝑛,𝑚𝑚 = (1 − 𝛼𝛼𝑚𝑚) (𝑡𝑡𝑛𝑛,𝑚𝑚

∗ + 𝛾𝛾𝑚𝑚)⁄                                                                                                                               (5) 

 𝑉𝑉𝑛𝑛𝑛𝑛,𝑘𝑘 = 𝛽𝛽′𝑒𝑒𝑛𝑛,𝑘𝑘 + 𝜑𝜑′𝑦𝑦𝑛𝑛𝑛𝑛,𝑘𝑘 + 𝜀𝜀𝑛𝑛𝑛𝑛,𝑘𝑘 − 𝑙𝑙𝑛𝑛 �𝑡𝑡𝑛𝑛,𝑘𝑘
∗
𝛾𝛾𝑘𝑘� + 1� − 𝑙𝑙 𝑛𝑛�𝑒𝑒𝑛𝑛,𝑘𝑘�                                                                  (6) 

  
𝑒𝑒𝑛𝑛,𝑘𝑘 is the total expenditure for the 𝑘𝑘𝑡𝑡ℎ end-use alternative by the 𝑛𝑛𝑡𝑡ℎhousehold.  
 
3.2 Weight Component 
The weight component takes the form of a latent multinomial logit structure allocating the probability for 
each NHTS household being paired with the RECS household. The matched weightage propensity is 
determined based on a latent probability value estimated using a multinomial logit model as follows: 
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𝑤𝑤𝑛𝑛𝑛𝑛 =
𝑒𝑒𝑒𝑒𝑒𝑒(𝜁𝜁𝑧𝑧𝑛𝑛𝑛𝑛)

∑ 𝑒𝑒𝑒𝑒𝑒𝑒(𝜁𝜁𝑧𝑧𝑛𝑛𝑛𝑛)𝑆𝑆
𝑛𝑛=1

                                                                                                                                               (7) 

 
where 𝑧𝑧𝑛𝑛𝑛𝑛 is a vector of attributes for RECS household 𝑛𝑛 and fused record 𝑠𝑠 that influences the propensity 
of matching the NHTS dataset with the RECS dataset. 𝑧𝑧𝑛𝑛𝑛𝑛 represents the variables that are present in both 
datasets but not used for fusion. 𝜁𝜁 is the corresponding coefficient vector to be estimated.  
 
3.3 Model Estimation 
Based on above notation, the overall weighted probability for each household in the RECS data can be 
computed as follows: 
 

𝐿𝐿𝑛𝑛 = �𝑤𝑤𝑛𝑛𝑛𝑛 ∗ 𝑃𝑃𝑛𝑛𝑛𝑛 
𝑆𝑆

𝑛𝑛=1

                                                                                                                                                      (8) 

 
where 𝐿𝐿𝑛𝑛 is the weighted probability of the household 𝑛𝑛  in the RECS dataset. The parameters to be 
estimated in the proposed MDCEV fusion model of Equation 8 include the 𝛽𝛽 vector, the 𝜑𝜑 vector, the 𝛾𝛾 
vector and the 𝜁𝜁 vector. The maximum likelihood inference approach is used to estimate the parameters. 
The log-likelihood function for the model estimation is defined as: 
 

𝐿𝐿𝐿𝐿 = � log(𝐿𝐿𝑛𝑛) 
𝑁𝑁

𝑛𝑛=1

                                                                                                                                                        (9) 

 
The analysis is conducted using Gauss Matrix Programming software (see (Bhat, 2008) for a brief 

explanation of the model estimation approach).  
 

4 Data Description 
The 2020 Residential Energy Consumption Survey (RECS, 2020) data and the 2022 National Household 
Travel Survey (NHTS, 2022) data were utilized in our analysis. The fusion of datasets from two different 
years might ignore the impact of changing socioeconomic characteristics, household energy demand and 
the impact of major events like Covid-19 pandemic. However, as presented in Figure 3, the socioeconomic 
indicators, such as household size, household income, home ownership, household location and housing 
types remain relatively stable across the two years. Further, the main objective of this study is to develop 
an energy demand framework that can estimate the impact of travel infrastructure and usage related 
attributes on household end-use energy demand and remedy the over-estimation of the impact of 
socioeconomic attributes. Considering the documented contribution of the fusion approach (as measured 
objectively in terms of model improvement), the slight temporal mismatch between the two datasets does 
not affect the value of the fused dataset for model development. The RECS dataset is comprised of 
household energy consumption records of 18,496 households from the entire USA. The data provides 
information about household socioeconomic attributes and total energy consumption by different end-uses. 
Among the 18,496 household records, 5,000 households are randomly selected for model estimation to 
avoid model overfitting and manage computational resources. The remaining 13,496 household records are 
employed for assessing parameter stability. The 2022 NHTS data is used for detailed travel infrastructure 
and usage related information. The dataset comprises records of 7,893 households from the entire USA. 
Among these household records, 7,417 households are considered for model estimation after removing the 
data with missing values. 
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4.1 Dependent Variable 
Energy demand of household end-uses is considered as the variable of interest in this study. The dependent 
variable is obtained from the 2020 RECS data. In our study, the household energy end-uses are classified 
into 9 categories such as – (1) space heating (including space heater), (2) water heating (including water 
heater, boiler pump and hot tub heater), (3) refrigeration (including refrigerator and freezer), (4) cooling 
and ventilation (including air conditioner, evaporative cooler, ceiling fan, humidifier, and dehumidifier), 
(5) cooking (including stove, cooktop, and oven), (6) washing and drying (including washing machine, 
dryer, and dishwasher), (7) EV charging, (8) lighting (including indoor and outdoor lights) and (9) 
miscellaneous activities (including television, water pump, desktop, computer, laptop, cell phone, smart 
phone, printer, scanner, and other undefined categories). The distribution of the dependent variable 
categories is shown in Table 1. Based on the average energy consumption, the table represents that space 
heating is the highest energy consuming end-use category, which is followed by water heating and EV 
charging (only for the households that own EV). Two end-use categories – lighting and miscellaneous 
activities – are found to be consumed by all the households, as shown in Table 1. Therefore, these two 
categories are used as the outside categories in our MDCEV model (see (Bhat, 2005) for the explanation of 
outside category). 
 
Table 1: Distribution of different household energy end use categories 

Variable Participation 
Rate (%) Minimum Maximum Mean Standard 

deviation 

Space heating  95.4 0.0 
(0.0) 

407906.1 
(119550.4) 

40051.8 
(11738.5) 

38116.8 
(11171.4) 

Water heating  99.4 0.0 
(0.0) 

162555.6 
(47642.3) 

15591.5 
(4569.6) 

11999.2 
(3516.7) 

Refrigeration  99.6 0.0 
(0.0) 

18348.5 
(5377.6) 

3657.5 
(1071.9) 

2246.4 
(658.40 

Cooling and ventilation  95.4 0.0 
(0.0) 

131030.3 
(38402.7) 

9501.0 
(2784.5) 

9658.1 
(2830.6) 

Cooking  99.8 0.0 
(0.0) 

19832.3 
(5812.5) 

1852.8 
(543.0) 

1425.8 
(417.9) 

Washing and drying  92.6 0.0 
(0.0) 

21092.0 
(6181.7) 

2694.0 
(789.5) 

2275.3 
(666.8) 

Lighting  100.0 13.3 
(3.9) 

46486.0 
(13624.2) 

2335.1 
(684.3) 

2888.3 
(846.5) 

EV charging  1.2 0.0 
(0.0) 

77599.6 
(22743.1) 

10423.6 
(3055.0) 

12334.4 
(3615.0) 

Miscellaneous activities 100.0 57.1 
(16.7) 

779554.2 
(228474.2) 

9917.6 
(2906.7) 

17236.7 
(5051.8) 

Note:  
1. Participation rate represents the percentage of households with non-zero energy usage. The mean 

value of energy use is computed only for households with non-zero usage.  
2. Energy consumptions are presented in 1000 BTU (kWh) 

 
4.2 Independent Variables 
A set of independent variables including household socioeconomic attributes (such as household size, 
location, and income) and travel infrastructure and usage related attributes (such as number of vehicles of 
different fuel type and body type, number of drivers, annual mileage and frequency of the usage of intercity 
buses for long distance trips) are employed in our study. The socioeconomic attributes are obtained from 
the RECS dataset, while the travel infrastructure and usage related attributes are obtained from the NHTS 
dataset. The fusion between the RECS and the NHTS datasets is conducted using the seven common 
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variables present in both datasets. The distributions of these variables in both the datasets are presented in 
Figure 3. In the figure, the variables across the datasets represent very similar distributions. It can be 
observed that, in the RECS dataset, 67.2% households are from urban areas, and the share is 70.4% in the 
NHTS data. Further, in both RECS and NHTS datasets, majority of the households are composed of two 
members, and the share is 38.1% and 43.6% respectively. Households with three members represent the 
lowest share in both datasets. Regarding household ownership, both datasets represent that the majority of 
households own their own homes, and their share is 73.2% in the RECS data and 78.4% in the NHTS data. 
The household income distributions exhibit slight differences between the two datasets. In the RECS data, 
households with incomes between $25,000 and $49,999 make up the largest share (20.2%), whereas, in the 
NHTS data, the largest share is constituted by the households with incomes between $100,000 and $149,999 
(20.1%). However, their shares in the two datasets are relatively similar. For instance, households with 
incomes between $25,000 and $49,999 constitute 20.2% in the RECS data and 17.6% in the NHTS data. 
Regarding the location of the household, the figure represents that, in both datasets, majority of the 
households are located in the south region, while the smallest share of households is located in the northeast 
region. Further, in both datasets, most of the households are from the South Atlantic division and their 
shares are 16.8% and 20.4% respectively. Finally, regarding housing type, the figure represents that most 
households in both datasets live in single family detached homes. They constitute 66.4% of the RECS data 
and 71.9% of the NHTS data. The readers should note that if the variables are present in both RECS and 
NHTS datasets, data available in RECS data are employed for model estimation. 
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Figure 3: Distribution of common attributes present in both RECS and NHTS datasets 

 
Further, the distributions of various independent variables are presented in Table 2. From the 

distribution of household socioeconomic attributes in the RECS data it can be observed that, 67% 
households are located in urban areas, 22% households are located in rural areas, and the rest of the 
households are located in urban cluster areas. The income distribution shows that 17% households have 
income less than $25,000, 20% households have income between $25,000 and $49,999, 19% households 
have income between $50,000 and $74,999, 13% households have income between $75,000 and $99,999, 
15% households have income between $100,000 and $149,999 and the rest of the households have income 
more than $149,999. It is also noticeable that 66% households live in detached houses, 9% households live 
in attached houses as single families, 19% households live in apartments and the rest 5% live in other 
housing arrangements. Further, the household ownership distribution shows that 73% of the households 
live in their own houses. Across all the households, only 2% households are noticed to own EVs in their 
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house (reflective of EV share in 2020). In addition to these binary variables, several count variables (such 
as household size, number of children and number of adults) are employed from the RECS data in our study.  

NHTS data provides detailed information about household travel infrastructure and usage related 
attributes, such as number of drivers in the household, total number of vehicles in the households, number 
of vehicles of different fuel types and body types, total annual mileage, number of annual long-distance 
trips and number of intercity bus or train trips in a year for long-distance tours. Additionally, several 
socioeconomic attributes that are not present in the RECS data, are also employed from the NHTS data to 
obtain potential improvement in model fitting. These variables include the number of workers in the 
household, the number of people of different gender and household ethnicity. The distributions of these 
variables are presented in Table 2. All the variables presented in Table 2 are tested in model estimation. 
From this large set of variables, those that offer significant impact on the household energy end-uses at 90% 
confidence level (t-value ≥ 1.65) are retained in the final specification. 

 
Table 2: Independent variables employed for model estimation 

Variable Minimum Maximum Mean Standard 
Deviation 

RECS Data (N = 5,000) 
Household size 1.0 7.0 2.4 1.4 
Number of children 0.0 4.0 0.5 0.9 
Number of adults 1.0 7.0 1.9 0.9 
Location: urban 0.0 1.0 0.7 0.5 
Location: rural 0.0 1.0 0.2 0.4 
Location: cluster 0.0 1.0 0.1 0.3 
Income: less than $25,000 0.0 1.0 0.2 0.4 
Income: between $25,000 and $49,999 0.0 1.0 0.2 0.4 
Income: between $50,000 and $74,999 0.0 1.0 0.2 0.4 
Income: between $75,000 and $99,999 0.0 1.0 0.1 0.3 
Income: between $100,000 and $149,999 0.0 1.0 0.2 0.4 
Income: more than 149,999 0.0 1.0 0.2 0.4 
EV availability 0.0 1.0 <0.1 0.1 
Housing type: single family detached 0.0 1.0 0.7 0.5 
Housing type: single family attached 0.0 1.0 0.1 0.3 
Housing type: apartment 0.0 1.0 0.2 0.4 
Housing type: Others 0.0 1.0 0.1 0.2 
Region: West 0.0 1.0 0.3 0.4 
Region: South 0.0 1.0 0.3 0.5 
Region: Northeast 0.0 1.0 0.2 0.4 
Region: Midwest 0.0 1.0 0.2 0.4 
Division: East North Central 0.0 1.0 0.1 0.3 
Division: East South Central 0.0 1.0 0.1 0.3 
Division: Middle Atlantic 0.0 1.0 0.1 0.3 
Division: Mountain 0.0 1.0 0.1 0.3 
Division: New England 0.0 1.0 0.1 0.3 
Division: Pacific 0.0 1.0 0.1 0.4 
Division: South Atlantic 0.0 1.0 0.2 0.4 
Division: West North Central 0.0 1.0 0.1 0.3 
Division: West South Central 0.0 1.0 0.1 0.3 
Household ownership: Yes 0.0 1.0 0.7 0.4 

NHTS Data (N = 7,417) 



Jahan and Eluru 

14 
 

Number of drivers in the household 1.0 7.0 1.8 0.7 
Number of vehicles in the household 1.0 17.0 2.0 1.1 
Number of sedan cars 0.0 6.0 0.9 0.8 
Number of vans 0.0 7.0 0.1 0.3 
Number of SUVs 0.0 5.0 0.6 0.7 
Number of pickup trucks 0.0 5.0 0.3 0.6 
Number of motorcycles 0.0 6.0 0.1 0.3 
Number of other type of vehicles 0.0 17.0 <0.1 0.3 
Number of gasoline vehicles 0.0 14.0 1.8 1.0 
Number of electric vehicles 0.0 2.0 <0.1 0.2 
Number of hybrid cars 0.0 4.0 0.1 0.3 
Number of other fuel vehicles 0.0 17.0 0.1 0.3 
Household total annual mileage 2100.0 1300000.0 85678.9 219656.8 
Number of long-distance trips in a month 0.0 414.0 3.7 13.5 
Frequency of intercity (Amtrak) train trips 
in a year 0.0 24.0 0.1 0.8 

Frequency of usage of intercity buses in a 
year 0.0 61.0 0.1 1.1 

Number of workers in the household 0.0 6.0 1.0 0.9 
Number of males 0.0 8.0 1.1 0.8 
Number of females 0.0 7.0 1.1 0.8 
Caucasian American households 0.0 1.0 .8 0.4 
African American households 0.0 1.0 .1 0.3 
Households of other races 0.0 1.0 .1 0.2 
Mixed race households 0.0 1.0 .1 0.3 

 
5 Model Selection with Fused Data 
In this section, the optimal fusion model is selected following the algorithm presented in Figure 1. In the 
first step, various variable combinations using the 7 common variables present in both RECS and NHTS 
datasets are identified. These variables include household Division (D), household Income (I), household 
Location (L), household Ownership (O), household Region (R), household Size (S) and housing Type (T). 
Based on these common variables, in our study, 9 variable combinations are examined for data fusion: (1) 
D-I-L-O-R-S, (2) D-I-L-O-S-T, (3) D-I-L-O-R-T, (4) D-I-L-R-S-T, (5) D-I-R-S-T, (6) D-L-O-R-S, (7) D-
L-O-R-S-T, (8) D-L-O-S-T and (9) I-L-O-R-S-T. In the second step, for each combination 5-, 10-, 15-, 20 
and 25 NHTS records were randomly fused to each RECS record, and the MDCEV model was developed 
with the fused data3. In the third step, the improvement of the model log-likelihood (LL) (relative to the 
model with only RECS dataset) at each combination was compared. The LL improvement of the fusion 
model is computed as follows: 𝐿𝐿𝐿𝐿 𝑖𝑖𝑖𝑖𝑒𝑒𝑖𝑖𝑖𝑖𝑖𝑖𝑒𝑒𝑖𝑖𝑒𝑒𝑛𝑛𝑡𝑡 =  𝐿𝐿𝐿𝐿𝑓𝑓𝑓𝑓𝑛𝑛𝑓𝑓𝑓𝑓𝑛𝑛 𝑚𝑚𝑓𝑓𝑚𝑚𝑚𝑚𝑚𝑚 − 𝐿𝐿𝐿𝐿𝑅𝑅𝑅𝑅𝑅𝑅𝑆𝑆 𝑓𝑓𝑛𝑛𝑚𝑚𝑜𝑜 𝑚𝑚𝑓𝑓𝑚𝑚𝑚𝑚𝑚𝑚. Based on the LL 
improvement, the optimal number of fusion records for each variable combination was selected. Figure 4 
represents the LL improvements for different number of matching variables for different variable 
combinations. The figure indicates the optimal number of fusion records for all variable combinations. 
 

 
3 The reader would note that if a particular RECS record does not have the target number of records, all the available 
records from NHTS are considered for the fusion. 
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Figure 4: Selection of optimal number of fusion records for all combinations 

 
In the fourth step, the optimal models for all variable combinations were compared, and the final optimal 
fusion model was selected. Figure 5 shows the LL improvement of all the optimal models for all variable 
combinations. 
  

 
Figure 5: Selection of optimal model combination 

 
The optimal model for the combination D-L-O-R-S is found to offer the best model with the highest LL 
improvement. From the Figure 4 it is noticeable that, for the combination D-L-O-R-S the model provides 
the highest LL improvement with 20 fusion records. It is noticeable that, with an increase in the number of 
fusion sizes the LL improvement also increases. However, increasing the number of fusion records requires 
increased computational time. It is also noticeable that, at fusion size = 20 for the combination D-L-O-R-
S, the model provides the highest LL improvement across all the models for different variable 



Jahan and Eluru 

16 
 

combinations4. Thus, the proposed model framework was estimated fusing 20 NHTS records to each RECS 
record based on the D-L-O-R-S combination. In the final step, the parameter stability of the optimal model 
is examined. Since the 20 NHTS records were selected randomly for data fusion, it is important to ensure 
the random sampling does not impact the stability of estimates. For this reason, five random samples are 
created, each consisting of 5,000 random cases drawn from the 13,496 RECS records that were not utilized 
for model estimation. The random samples were created following the same process used for the estimation 
sample. For all these samples the optimal fusion model specifications were estimated. The average of the 
parameters across the samples is considered the population estimate. Subsequently, a revised Wald t-test 
statistic is computed for each sample parameter relative to population mean parameter as follows: 
 

𝑡𝑡 − 𝑠𝑠𝑡𝑡𝑠𝑠𝑡𝑡𝑖𝑖𝑠𝑠𝑡𝑡𝑖𝑖𝑠𝑠 = �
𝛽𝛽 − �̅�𝛽

√𝜎𝜎2 + 𝜎𝜎�2
�                                                                                                                                    (10) 

 
where, 𝛽𝛽 is the sample parameter vector, �̅�𝛽 is the mean of the parameter vectors across the samples, 𝜎𝜎 is the 
Standard Deviation (SD) vector and 𝜎𝜎� is the population SD vector computed as the mean of the SD vectors 
across the samples.  
The distribution of t-statistics of all the variables estimated are presented in Figure 6. To be sure, it is not 
expected that the parameter estimates are identical. However, the focus is on examining if the parameters 
across these multiple samples exhibit statistically significant variability. The figure shows that, the 
parameter test statistics for all variables are less than critical t statistic value for 90% confidence interval 
(1.65). This implies that sample randomness does not affect the parameter stability across the samples. 

 
4 For the combination D-L-O-R-S, the BIC value of the RECS only model is 649,219 and at fusion size = 20, the BIC 
value of the fusion model is 649,198. The BIC values also indicate the improved predictability of the fusion model.    
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Figure 6: Test statistics for parameter estimates across samples 
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Table 3: Estimation results of the optimal MDCEV fusion model 

Parameter 
Space 

heating 
Water 
heating Refrigeration Cooling and 

ventilation Cooking Washing 
and drying 

EV 
charging Lighting Miscellaneous 

activities 
Estimates (t-value) 

Constant --- 1.75 
(12.40) 

2.96 
(12.86) 

0.11 
(0.81) 

3.40 
(9.68) 

0.14 
(2.22) 

-1.01 
(-2.29) 

5.82 
(103.82) 

7.38 
(135.06) 

Variables from the RECS data: Socioeconomic attributes 

Household size --- 0.15 
(9.73) --- 0.10 

(6.45) 
0.06 

(4.36) 
0.16 

(8.89) --- 0.08 
(5.95) 

0.07 
(5.47) 

Number of adults --- 0.05 
(1.99) 

0.08 
(4.73) --- 0.06 

(2.27) 
0.05 

(1.88) --- --- 0.12 
(5.16) 

Urban area --- 0.19 
(7.57) --- --- 0.10 

(3.84) --- --- 0.17 
(4.96) 

0.08 
(3.22) 

Income: 
$100,000 or more --- -0.17 

(-6.99) 
-0.11 

(-5.75) --- --- 0.10 
(3.73) --- --- --- 

Variables from the RECS data: Meteorological attributes 

HDD (in 1000) 0.25 
(35.72) 

0.06 
(10.64) --- --- --- --- --- --- --- 

CDD (in 1000) --- --- 0.04 
(5.00) 

0.47 
(31.14) --- --- --- --- --- 

Variables from the NHTS data: Travel infrastructure and usage related attributes 

Number of vehicles --- -0.02 
(-1.80) --- --- --- 0.15 

(13.11) 
0.29 

(1.46) --- --- 

Number of pickup trucks -0.11 
(-3.43) --- --- --- --- --- --- --- --- 

Number of hybrid vehicles --- --- --- --- --- --- 0.51 
(2.36) --- --- 

Number of vehicles used 
for business purpose --- --- --- -0.69 

(-2.65) --- --- --- --- --- 

Frequency of intercity 
train trips --- --- --- -0.23 

(-1.26) --- -0.04 
(-1.51) --- --- --- 

ln (annual mileage +1) --- --- --- 0.03 
(2.87) --- --- --- --- --- 

Variables from the NHTS data: Socioeconomic attributes 

Number of workers --- --- --- --- --- -0.06 
(-3.43) --- --- --- 

Satiation parameter 

Gamma 3352.55 
(19.83) 

386.68 
(6.85) 

54.08 
(4.54) 

642.67 
(11.14) 

12.93 
(2.87) 

287.80 
(31.00) 

2359.32 
(4.72) --- --- 
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6 Model Estimation Results 
In this section the estimation results of the optimal fusion model are described. The specification of the 
model is presented in Table 3, and the model estimates are discussed by different variable categories. The 
reader would note that a positive (negative) coefficient for a parameter in the MDCEV model is likely to 
increase (decrease) the utility for that household from participating in the end-use alternative energy 
consumption for the alternative relative to the base alternative. 
 
6.1 Variables from the RECS Data 
 
6.1.1 Socioeconomic attributes 
In this study, several household socioeconomic attributes are employed from the RECS dataset. Among 
them, several attributes are found to offer significant impacts on household energy end-uses. It can be 
observed that, with the increase in household size, energy demand for washing and drying are likely to 
increase by the highest amount. Further, with the increase in the number of adults, the highest increment of 
energy demand is likely to be seen in washing and drying. The reader would note that the impact of 
household size and number of adults needs to be considered together. The actual impact of the number of 
adults is represented by summing up the impacts of household size and number of adults. Thus, the impacts 
of number of adults on the energy demand for washing and drying, and miscellaneous activities are 
(0.16+0.05) and (0.07+0.12). The parameter estimates indicate that the increase in energy consumption for 
miscellaneous activities will be the highest for an additional adult member compared to an additional child. 
The parameter associated with urban area indicates that households in urban areas are likely to consume 
the highest amount of energy for water heating. The result implies the dependency of urban residents on 
the appliances that rely on hot water (such as showers, washing machines, and dish washers).  The impact 
of household income indicates that household with income of $100,000 or more are also likely to consume 
the highest amount of energy for washing and drying. 
 
6.1.2 Meteorological attributes 
To evaluate the impact of different weather conditions, two meteorological attributes – Heating Degree 
Days (HDD) and Cooling Degree Days (CDD) – are considered in the proposed fusion framework. With 
an increase in HDD household’s energy consumption for space heating is likely to increase by the highest 
amount. Further, household’s energy consumption for cooling and ventilation is likely to increase with an 
increase in CDD. The results indicate that households from the regions of higher HDD are likely to consume 
the highest amount of energy for space heating. Households from the regions of higher CDD are likely to 
consume the highest energy for cooling and ventilation. 
 
6.2 Variables from the NHTS Data 
 
6.2.1 Travel infrastructure and usage related attributes 
Several travel infrastructure and usage related attributes, employed from the NHTS dataset, are found to be 
significant in our model estimation. An increase in the number of vehicles is associated with increased 
energy consumption for EV charging. The impact of vehicle type shows that with an increase in the number 
of pick-up trucks, households are likely to consume the least amount of energy for space heating. The result 
might suggest a lifestyle that involves less time spent indoors and possibly lowers the demand for space 
heating. The impact of fuel type shows that with the increase in number of hybrid vehicles, households’ 
energy consumption for EV charging is likely to increase.  

Furthermore, it can be seen from the table that as the vehicle mileage increases, households are 
more likely to consume energy for cooling and ventilation. The result indicates the demand for a more 
comfortable indoor environment after extended period of commuting. Further, the number of intercity train 
trips represents the likelihood that household members are away from home for a longer period or not. From 
the table it is noticeable that, with the increasing number of intercity train trips household’s energy 
consumption for cooling and ventilation decreases significantly. Similarly, the numbers of vehicles used for 
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business purposes indicate household members’ likelihood of spending more time outside of the home. It 
can be noticed that with an increase in such vehicles, households are likely to decline their usage of cooling 
and ventilation appliances.  
 
6.2.2 Socioeconomic attributes 
Only one socioeconomic characteristic from the NHTS data – number of workers – are found significant in 
our model. It can be observed that, with the increase in the number of workers, household energy 
consumption for washing and drying are noticed to decrease. The results potentially highlight the reduced 
usage of these end-uses as more household members stay away from home for work activities. 
 
6.2.3 Satiation Parameter 
Satiation parameters are estimated only for the non-outside categories in our study. Space heating is found 
to have the highest satiation implying a rapid drop of its marginal utility for energy usages. This indicates 
a smaller usage level of energy for space heating. On the other hand, cooking has the lowest satiation value 
among all alternatives. 
 
6.3 Weight Component 
There are seven common variables present in both the RECS and the NHTS datasets. For the fusion model, 
five of these variables – household division, household location, household ownership, household region 
and household size – were utilized. The remaining two variables – household income and housing types – 
are present in both datasets but were not used for fusion. So, two binary indicator variables were created 
such that the binary variables will take a value of one if the variables match in both datasets and zero 
otherwise. However, these binary indicator variables were not found to provide any significant impact in 
our modeling framework. The results indicate that all the NHTS records fused to each RECS record provide 
similar impact in the model.   
 
7 Elasticity Effect Analysis 
The coefficients of the independent variables in Table 3 do not directly provide the exact effect of variables 
on household’s end-use energy demand. The impact of the variables might change across different end-
uses. To evaluate this variability, the elasticity of the variables is computed. More specifically, the 
percentage changes in the energy consumption of various end-use categories are estimated in response to 
any change in the explanatory variables. For continuous independent variables (such as annual mileage) in 
the model, the change was conducted in an increment of 10% (see (Bhowmik et al., 2022) for similar 
analysis). For count variables (such as household size, number of adults and number of vehicles), the change 
was conducted in an increment of one unit. For indicator variables (such as urban area and Caucasian 
American household), the change was obtained by changing the value of the variable to one for the 
subsample of observations for which the variable takes a value of zero and vice-versa (see (Kabli et al., 
2020) for similar analysis). The elasticity effects of the variables are shown in Figure 7 and 8. Figure 7 
represents the elasticity effects of the RECS variables in both RECS only model (before fusion) and fusion 
model (after fusion). The exercise was conducted to illustrate how in the absence of travel infrastructure 
and usage related variables, other variables from RECS are either over-estimated or under-estimated.  
Figure 8 represents the elasticity effects of the newly added NHTS variables. For the sake of space, the four 
highest changing end-uses for each of these NHTS variables are presented. 

From the figures, several observations can be made. First, it can be noticed from Figure 7 that the 
elasticity of RECS variables with and without NHTS variables changes significantly for some alternatives, 
for example, the impact of household size on cooling and ventilation. A significant increment of the 
elasticity can be noticed in the fusion model, while an obvious reduction in elasticity magnitude is expected 
once NHTS variables are introduced. These results clearly show how mis-specification bias inflates the 
magnitudes of variables from RECS dataset. Second, with an increase in household size, household energy 
consumption for water heating, washing and drying and lighting experience a significant increase. For one 
additional household member, energy consumption for water heating increases by 10%, washing and drying 
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increases by 12% and lighting increases by 3%. At the same time, energy consumption for space heating 
and refrigeration are found to reduce. Further, for an additional adult member in the household, energy 
consumption for refrigeration increases by 5%, cooking increases by 3% and miscellaneous activities 
increases by 9%. Third, Figure 8 represents the impact of various travel infrastructure and usage related 
variables on energy end-uses. It can be observed that, with an additional vehicle in the household, the energy 
demand for EV charging increases significantly. Fourth, with an increase in the number of hybrid vehicles 
in the household, the energy consumption for EV charging also increases. Fifth, with an increase in the 
number of vehicles used for commercial purposes, household energy consumption for EV charging also 
increases implying an increased utilization of EV(s) for commercial purposes. Finally, household energy 
consumption for cooling and ventilation is noticed to increase with an increment in household annual 
mileage but decrease with an increased number of long-distance trips.    
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Figure 7: Impact of data fusion on the elasticity effects of the independent variables from RECS data 
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Figure 8: Elasticity effects of variables from NHTS data obtained after data fusion 

 
8 Policy analysis 
To illustrate the implementation of our proposed methodology, in this section, the impacts of different 
weather conditions and EV ownership on household end use energy demand as well as their variations 
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between urban and rural areas are evaluated. To perform these analyses, a synthetic household is considered. 
The characteristics of the synthetic household are as follows: 
• Household size: 5 
• Number of adults: 2 
• Number of workers: 2 
• Household income: more than $100,000 
• Number of vehicles: 2 
• Number of pickup trucks: 1 
• Number of hybrid vehicles: 1 
• Number of intercity train trips in a year: 10 
• Annual mileage: 30,000 
• Number of vehicles used for commercial purpose: 0  
 
To evaluate the impact of different weather conditions, different climatic regions presented in Table 2 are 
considered and their corresponding HDD and CDD values are employed as inputs in the estimated fusion 
model from Table 3. As reported by the U.S. Energy Information Administration (EIA), the annual HDD 
(CDD) of the four regions in the year 2023 are as follows: (a) South region: 2,231(2,353), (b) Northeast 
region: 5,250 (605), (c) Midwest region: 5,681(875) and (d) West region: 4,347(1158) (EIA, 2024a). 
Further, to evaluate the impact of EV ownership, the energy consumption for various end-uses is compared 
under two scenarios: (a) household does not own an EV and (b) household owns an EV. The reader might 
note that, in the first case, the proposed fusion model in Table 3 is employed to distribute the total household 
energy across eight end-use categories, excluding the EV charging. In the second case, the total household 
energy is distributed across all the nine categories. The average household total energy demand in the 
estimation dataset is considered for this analysis. Finally, to assess the impact of household location, energy 
demand of the synthetic household is predicted for both urban and rural areas. The impact of different 
weather conditions and EV ownership in urban and rural areas are presented in Figures 9 and 10. 

Several observations can be made from these figures. First, the share of space heating for the 
synthetic household is the highest in the Midwest region and lowest in the south region. Households in both 
urban and rural areas follow similar patterns. Second, regarding the energy demand for refrigeration and 
cooling and ventilation, households in both urban and rural areas of south region consume the highest 
energy. Third, the impact of EV ownership reveals that the synthetic household in the south region consume 
more energy for EV charging than other regions. Further, for households in all climatic regions, energy 
demand for EV charging causes significant changes in the energy consumption for space heating and water 
heating. EV charging is not found to cause significant changes in other end-use categories. Fourth, 
compared to other end-use categories, energy demand for space heating and water heating exhibits 
significant variations between urban and rural areas. Finally, households in rural areas are found to consume 
slightly more energy for EV charging than households in urban areas. 

The results provide valuable insights for a diverse range of stakeholders, including energy 
policymakers, grid operators, urban and rural planning authorities, renewable energy developers, EV 
manufacturers, real estate developers, and academic researchers. Policymakers and grid operators can 
utilize these findings to guide energy efficiency programs, assess regional variations in energy demand in 
response to emerging climate trends, plan infrastructure for EV charging, forecast energy loads, and 
strategize future capacity expansions. The study also highlights differences in energy consumption between 
urban and rural households, enabling planners to design more effective energy distribution strategies. The 
proposed framework can be a potential tool for evaluating the variations in energy demand across different 
end uses which can aid the renewable energy developers and product manufacturers to build an energy 
efficient system. Further, understanding regional energy demands for EV charging helps manufacturers in 
developing their EV marketing strategies and product development. Finally, the findings provide valuable 
information to the academic researchers for further studies on residential energy consumption, EV 
integration, and climate-specific energy behavior. 
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Figure 9: Impact of weather conditions and EV ownership in urban area 
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Figure 10: Impact of weather conditions and EV ownership in rural areas 
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9 Conclusion 
Earlier studies examining residential sector energy demand revealed several important determinants of 
energy demand including – (a) household sociodemographic attributes, (b) dwelling attributes, (c) 
household appliance-use related attributes and (d) climate related attributes. The considerable body of 
research on household level residential energy demand does not consider the impact of household residents’ 
travel infrastructure and usage on energy consumption patterns. The absence of travel infrastructure and 
usage elements in energy demand models can be attributed to the lack of data providing this information in 
energy surveys. Transportation survey data on the other hand compiles this information. However, given 
these data are compiled on different respondents there has not been any consideration for using the datasets 
together. In this study, we proposed a novel framework that allows us to combine two datasets without any 
common identifier. The 2020 Residential Energy Consumption Survey (RECS) data and the 2022 National 
Household Travel Survey (NHTS) data are employed for this fusion exercise. The data fusion is performed 
based on the common attributes across the two datasets. Seven common variables – household Division 
(D), household Income (I), household Location (L), household Ownership (O), household Region (R), 
household Size (S) and housing Type (T) – are present in both RECS and NHTS dataset. Based on these 
common variables, in our study, 9 variable combinations are examined for data fusion: (1) D-I-L-O-R-S, 
(2) D-I-L-O-S-T, (3) D-I-L-O-R-T, (4) D-I-L-R-S-T, (5) D-I-R-S-T, (6) D-L-O-R-S, (7) D-L-O-R-S-T, (8) 
D-L-O-S-T and (9) I-L-O-R-S-T. The dependent variable of interest is energy consumption by end-use 
dimension (such as space heating, water heating, refrigeration, cooling and ventilation, EV charging, and 
lighting). Given the multiple discrete nature of the dependent variable, the Multiple Discrete Continuous 
Extreme Value (MDCEV) model is employed in this analysis. Based on the improvement of the model log-
likelihood (relative to the model with only RECS dataset), the optimal variable combination and the optimal 
fusion size for the corresponding combination are selected. In this study, the optimal fusion model is 
estimated by fusing 20 NHTS records to each RECS record based on the combination D-L-O-R-S. 

The model estimation results provide valuable insights into the important factors that affect 
residential sector energy end use demand. The traditional variables that contribute to increased energy use 
include household size, urban location, HDD and CDD. The travel infrastructure variables affecting energy 
usage include number of vehicles, number of hybrid vehicles and inter-city trips. The model results are 
augmented with an elasticity analysis to highlight the inconsistencies of energy models that ignore travel 
pattern variables. The elasticity analysis highlights the impact of various travel infrastructure and usage 
related variables on energy end-uses. It was observed that household energy consumption for cooling and 
ventilation increases with an increment in household annual mileage but decreases with an increased 
number of long-distance trips. The results also revealed that an additional vehicle in the household leads to 
higher energy demand for EV charging. With growing EV adoption, the link between travel infrastructure 
and usage and energy consumption is useful in understanding the evolving residential sector energy 
demand.  

The insights from our study can also be used to design integrated energy management strategies 
that account for residential and transportation energy needs. For instance, EV sales are increasing in recent 
years and according to the US Department of Energy, 80% of EVs are charged at home (John, 2022). This 
study provides valuable insights into the factors that impact household EV charging infrastructure. By 
identifying the locations of higher concentration of households that consume energy for EV charging, the 
proposed framework can help in estimating energy demand across different spatial resolutions, redesigning 
the national grid and determining optimal locations for new EV charging infrastructure. Thus, agencies 
interested in predicting future energy demand can incorporate the proposed framework within their toolkits. 

To be sure, the research is not without limitations. First, in our study, the dependent variable – in 
the RECS data – is annual energy consumption by different energy end uses. Hence, the analysis is limited 
to travel infrastructure and usage variables at the annual resolution. Future research efforts might explore 
the value of considering high resolution travel behavior elements such as number of daily trips, travel mode 
and trip purpose information in energy demand modeling. Second, in our research, the fusion exercise was 
conducted using the 2020 RECS data and 2022 NHTS data. Given the differences in the time period, it is 
possible that there are several differences in household energy and travel infrastructure and usage behavior 
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over the time period. In future research, it might be useful to conduct data fusion using datasets from the 
same year. Third, the focus of the current study is developing improved models for annual energy 
consumption. If the interest is on understanding the impact of peak energy demand due to growing EV 
adoption and/or potential solutions for grid management, it would be more useful to develop a short-term 
energy demand model using more detailed energy data from smart meters (see for example (Beckel et al., 
2014; Viegas et al., 2016; Yildiz et al., 2017)). The current model framework predictions can serve as an 
input for short term energy demand models. Finally, due to data unavailability, EV charging characteristics 
such as charging frequency and annual average daily charging hours were not considered in model 
estimation. It would be useful for future energy consumption surveys to include additional questions on 
household travel infrastructure variables. Further the survey effort can focus on daily household energy 
consumption patterns (such as frequency and duration of EV charging in a day, amount of electricity 
generated by solar panels and daily energy consumption for different household end uses) and travel 
behavior (such as number of trips on weekdays or weekends, trip purpose, number of people on trip and 
trip mode). These variables will allow future researchers to focus on building detailed short term energy 
demand models.  
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