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The International Database of Efficient Appliances (IDEA): A new tool to 

support appliance energy-efficiency deployment 

Brian F. Gerke1, Michael A. McNeil, and Thomas Tu2  

 Lawrence Berkeley National Laboratory  

1 Cyclotron Rd. MS 90R4000, Berkeley CA 94720, USA 

ABSTRACT 

Appliance energy-efficiency programs are a central component of many countries’ energy-

policy portfolios. A major barrier to optimal implementation of these programs is lack of data 

to determine market baselines, assess the potential for cost-effective energy savings, and 

track markets over time to evaluate and verify program impacts. To address this gap, we have 

developed the International Database of Efficient Appliances (IDEA), a suite of software 

tools that automatically gathers data that is currently dispersed across various online sources 

and compiles it into a unified repository of information on efficiency, price, and features for 

a diversity of appliances and devices in markets around the world. In this article we describe 

the framework and functionality of IDEA, and we demonstrate its power as a resource for 

research and policy development related to appliance energy efficiency. Using IDEA data for 

refrigerators in China and India, we assess the potential for cost-effective energy savings 

within each market by computing robust indicators that can also be easily compared across 

different appliances and markets. We find that significant cost-effective savings are available 

on both markets. We discuss implications for the development of future energy-efficiency 

deployment programs. 

Keywords: Energy efficiency; Appliances; Web crawling; Data mining 

1 Introduction 

Improving energy efficiency (EE) has long been recognized as an effective means of 

reducing energy demand, often at a cost that is below the marginal price of energy [1]. To 

meet their Nationally Determined Contributions under the Paris climate agreement, many 

nations plan to accelerate the deployment of EE for appliances, via policy actions such as 

mandatory minimum energy performance standards (MEPS) or appliance labeling programs 

that aid consumer decision making by providing information on energy consumption. 

Globally, the most common standards and labeling (S&L) programs use the categorical-

labeling approach, in which governments define, for each covered product, a number of 

efficiency levels (ELs) starting from a MEPS level, and require that a label be displayed at 

the point of sale indicating each product’s EL. In recent years, expansion of appliance S&L 

programs has been the focus of a broad multi-national effort through programs such as the 

Clean Energy Ministerial’s Super-Efficient Appliance Deployment (SEAD) initiative [2], the 

United Nations Environment Programme’s United for Efficiency initiative [3], as well as a 

variety of non-governmental-organization (NGO)-supported efforts in individual emerging 
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economies. Among the barriers to advancement of these programs is a lack of appropriate 

market data to support policy development.  

Effective program development requires an accurate understanding of the mix of 

product efficiencies available on the market as well as the relations among price, EE, and 

other product features. Such information is needed for assessments of the available savings 

potential on a given market, for analyses of the consumer costs and benefits associated with 

proposed EE policies and programs, and for ex-ante estimates of key program impacts, such 

as national energy savings or consumer financial savings. Moreover, data that can track 

average market efficiency levels over time are important for ex-post measurement and 

verification of actual program impacts.  

Analytical inputs for S&L policy development have traditionally been developed 

using bottom-up engineering analyses that estimate manufacturing costs at different EE 

levels, coupled with a series of assumed markups along the supply chain to yield a final 

relation between EE and consumer price (e.g., [4–6]). Although this approach is useful for 

analyzing the underlying costs of EE improvements in the manufacturing sector, it does not 

account for the complex market forces that shape real-word prices. Indeed, past research has 

shown that real appliance prices have undergone a long-term decline [7,8], consistent with 

the effects of technological learning in the manufacture of appliances. As a result, traditional 

cost-benefit analyses, using constant price estimates, have overestimated the actual costs of 

MEPS in the United States [9]. Improved analyses that incorporate price trends can produce 

better cost estimates and, in some cases, justify more stringent EE policies [10]. Recent 

research has also shown evidence for an interesting dynamic in which appliance EE policies 

themselves may help to drive down the price of efficient technologies [11–13], possibly by 

eliminating manufacturer incentives to bundle EE with other high-end product features. 

Thus, to develop and maintain optimal appliance EE policies, it is important to consider 

detailed market data that can reveal the actual on-market relations among price, EE, and 

product features, as well as their evolution over time. 

Historically, however, such data have been fragmentary, expensive to obtain, or 

completely unavailable in most markets. Price information resides mainly with retailers or 

market research firms, complete product feature information resides with manufacturers, and 

EE data are either stored in certification databases maintained by government or industry 

groups or are available inconsistently if at all from manufacturers. Many of these data are 

closely held by firms and other entities that have a vested interest in EE policy decisions. 

Thus, when relevant data are made available to policy makers, the time horizon covered by 

the data may be sharply limited, and the accuracy of the data can be difficult to verify. The 

ready availability of online information creates an opportunity to improve the availability of 

relevant information, using automated software tools to collect, organize, and manage the 

data. The Billion Prices Project [14] at the Massachusetts Institute of Technology has 

demonstrated the viability of online data as a resource for developing high-frequency 

economic price indices  and performing detailed economic research on product prices, 

including the impacts of economic policy [15]. Related research has recently shown that 

online prices correspond closely with prices found in physical stores, across a range of global 

markets [16], strengthening the case for online data as a tool for market analysis. 



3 

 

To leverage the internet data resource in the service of appliance EE deployment, we 

have developed the International Database of Efficient Appliances (IDEA). IDEA is the first 

complete implementation of the SEAD data-access framework [17,18], which defines the 

structure of a unified database of global appliance information. IDEA draws data from a 

variety of disparate sources, including online retailers, manufacturer websites, and efficiency 

databases maintained by governments and NGOs. IDEA leverages these existing sources of 

public-facing data, which are currently dispersed across the internet, combining the 

information from them into a rich data set containing information on appliance price, 

efficiency, and features. This data set has many valuable applications in EE policy 

development and evaluation. The automated data-collection tools allow regular data updates, 

which enables real-time tracking of market trends, including improvements in EE 

performance within a given market or price declines for new, high-efficiency technologies, 

such as solid-state lighting products [19]. Furthermore, IDEA’s global scope facilitates 

international EE benchmarking, and it can provide insights into the international impacts of 

national EE policies, such as cross-market spillover or dumping of inefficient products in 

unregulated markets. 

A functioning implementation of IDEA is complete and is collecting data for several 

appliances and countries. The resulting data have been used in two previously published 

reports [20,21]. This paper offers a comprehensive overview of the IDEA framework, 

functionality, and target applications. We also demonstrate the potential of IDEA to produce 

insights that can inform EE S&L policy development. Specifically, we analyze data on 

refrigerators in the Chinese and Indian markets that was compiled in IDEA by drawing from 

various online retailers and from each country’s S&L certification database. We perform a 

set of regression analyses to determine the relation among price, EE, and various other 

product features. From the resulting models, we develop EE cost-effectiveness indicators that 

enable direct comparison of EE savings potential among different markets. In this example 

analysis, we find that, as of mid-2015, significant potential existed for cost-effective energy 

savings from EE in both China’s and India’s refrigerator markets.  

Section 2 of this paper describes IDEA in detail, including example applications and 

strategies for data collection and management. Section 3 describes the data used in this paper 

and lays out methods for two example analyses. Section 4 presents the results of these 

analyses, including market snapshot analyses of refrigerator EE in India and China as well as 

an approach to assessing and cross-comparing the potential for cost-effective refrigerator EE 

upgrades in both countries. In Section 5, we briefly discuss potential implications for the 

relevant S&L programs as well as the broader potential of IDEA for global appliance EE 

deployment. 

2 The Database: Applications and Functionality  

IDEA is envisioned as a comprehensive database of information on EE, price, and 

features of appliances for sale across a broad range of international markets. The database 

contains detailed information on the individual appliance models being sold on each market 

covered, including the following types of data:  
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 Identifying information (e.g., model numbers, brands, and unique product identifiers 

such as universal product codes [UPCs] or international article numbers [EANs]) 

 Price data, including both current prices and an archive of historical prices observed 

for each product 

 Product features and attributes  

 Data on product availability and popularity  

 EE data certified by governments or other reputable sources 

 Region-specific data, such as currency, units of measure, and particular EE metrics 

and test procedures 

The strategy for collecting the underlying data for IDEA is as follows. Model-level data 

on identity, price, attributes, etc., are collected directly from online retail or manufacturer 

websites using software-based data-collection techniques, as discussed below. Hereafter, we 

will refer to these data generally as retail data. Where possible, retail data are imported 

directly from public-facing application programmer interfaces (APIs), such as the Best Buy 

Developer Portal in the U.S. [22].  These interfaces allow programmatic access to the data 

underlying individual product listings on a website. When APIs are not available or are not 

sufficiently comprehensive, data can be collected using web crawlers—i.e., custom-built 

computer programs that systematically visit the product listings on a retail or manufacturer 

site and parse them to extract the details for each product. In principle, the IDEA framework 

could also incorporate retail data collected by visiting physical retail stores in each country, 

but this approach entails high costs and logistical difficulty, and the data are more difficult to 

validate. Therefore, IDEA focuses on data collected from online retailers, with the goal of 

creating a database that represents the internet market in each country. 

EE information is imported into IDEA from public certification databases maintained by 

government agencies or third-party organizations (e.g., industry trade groups or efficiency 

advocacy organizations) in association with mandatory or voluntary EE policies or programs. 

Examples of government databases include the ENERGY STAR certified product database 

[23] hosted by the U.S. Environmental Protection Agency and the database of EE star ratings 

hosted by India’s Bureau of Energy Efficiency (BEE) [24]. Examples of third-party 

databases include the product database maintained by the Consortium for Energy Efficiency 

for its efficiency-tier program [25].  The data in government and NGO databases are 

particularly valuable because they are measured according to well-defined test procedures 

and certified by the authority managing the database. We will refer to those data generally as 

certification data.  

The retail data gathered from online sources are aggregated at the level of individual 

product models and cross-referenced against relevant certification data, yielding a composite 

record for each individual model in the database. By collecting data from internet sources at 

regular intervals and cross-referencing them against certification data, IDEA will enable real-

time tracking and retrospective analyses of individual product prices and availability as well 

as development of broad, market-level efficiency indicators. Because the data collection and 

aggregation have been automated in software tools, data can also be easily updated on a 

regular basis (typically quarterly although more frequent intervals are possible for fast-

moving markets). 
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2.1 Example applications for an international appliance EE database 

IDEA has the potential to be a global resource for data on appliance efficiency and for 

research into the interactions among appliance efficiency, price, market penetration, and 

energy-policy measures. Potential applications of IDEA in the context of EE policy are 

described below. 

Determination of market baselines and EE potential. An essential first step in developing 

effective EE policy is a market analysis to determine the features of typical products on the 

target market and their available ELs. This forms a baseline against which to evaluate the 

potential impact of new policy actions as well as the EE improvements over that baseline that 

are currently available on the market. By combining data on retail offerings with certified EE 

information, IDEA directly facilitates these analyses.  

Consumer cost-benefit analysis. The implementation of EE polices is often justified, in 

part or in full, by a cost-benefit analysis showing a net benefit to individual consumers who 

purchase high-efficiency appliances at a price premium that is offset by reduced energy costs 

over the product’s lifetime. By mapping retail price data to EE information, IDEA provides 

real-time insight into the purchase-price increment associated with individual EE upgrades, 

enabling a detailed and up-to-date assessment of consumer benefits and costs. 

Tracking availability and EE trends. A central component of evaluating the impact of EE 

policies is tracking the EL distribution of products offered for sale in a market, to gauge the 

speed at which banned products exit the market or the extent to which incentivized products 

increase their market presence. Because IDEA is designed to be regularly updated, it is ready 

made for tracking such market shifts in real time. It also enables the computation of 

aggregate indicators of characteristic efficiency to track overall progress within a market. 

Tracking price trends. IDEA’s capacity for regular updates also allows tracking of the 

prices of efficient appliances over time. This functionality could enable incorporation of 

price trends into EE policy analyses, which has important implications for estimated costs 

[7–10]. Recent research has also suggested that some S&L programs might have 

unexpectedly yielded product price declines rather than the increases that would typically be 

expected [11–13]. IDEA can be used to track appliance prices before and after the 

introduction of a new policy, making it possible to determine the actual price change when a 

new policy takes effect. For an example of using web-crawling data to track the price of 

efficient products, see a recent study of light-emitting diode (LED) light bulb prices [19].  

Tracking online popularity. Many internet retail sites present data that can be used to 

gauge the relative popularity of different appliance models, such as the rank of each model’s 

sales among all products sold on the site or the total number of user reviews. Recent research 

suggests that such data can be converted into a proxy for market share [26]. These data could 

be collected in the IDEA framework and used to track shifts in the relative popularity of 

efficient products in response to S&L programs.  

Certification compliance verification. Typically, before bringing a product to market or 

applying an efficiency label, manufacturers are required to certify their products’ energy 

consumption to the authority managing the relevant S&L program. A tool like IDEA, which 
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cross-references retail models against national certification databases, can provide real-time 

support for compliance verification.  

International EE benchmarking. IDEA’s international scope will allow development of 

international efficiency benchmarks that apply to a broad range of global markets. 

Benchmarking gives policy makers a key indicator of the efficiency of their own markets 

relative to other top-performing markets and of the relative stringency of their regulations 

compared to others. Historically, these data have been difficult to access although the 

Collaborative Labeling and Appliance Standards Program and the International Energy 

Agency have recently made great progress in this area [27,28]. 

Estimation of inter-market program impacts. In addition to direct impacts on the markets 

to which they apply, national S&L programs can also have significant indirect effects on 

international markets. For example, a recent study showed that efficiency programs in the 

European Union (EU) have had significant impacts beyond the EU member states as a result 

of emulation of EU policies by other nations [29]. Moreover, the inter-market impact of 

developed nations’ programs may go beyond policy emulation because S&L programs in 

large markets can affect the mix of products available in smaller importing markets. These 

impacts can be positive if they eliminate inefficient products or increase the availability of 

efficient products in smaller markets, or they can be negative if inefficient products banned 

in large markets are dumped in smaller, unregulated markets. By tracking multiple markets in 

parallel, IDEA can enable the first systematic accounting of these indirect inter-market 

effects of national S&L programs. 

Novel approaches to S&L programs. In addition to supporting traditional EE program 

development and evaluation, IDEA could enable fundamentally new approaches to EE 

program implementation. For example, small importer nations could use IDEA to determine 

whether incoming appliances meet the MEPS of relevant exporting nations. This offers an 

extremely low-cost approach for small and developing nations, leveraging the MEPS 

programs of larger nations. The database can also support consumer-facing applications that 

could increase the reach of efficiency labeling programs by allowing consumers to scan a bar 

or quick response code to access labeling information. This strategy could be particularly 

effective in developing nations that position government efficiency labels as a sign of 

product quality. 

Sourcing ultra-efficient appliances for the developing world. Finally, IDEA could be 

used to support identification and procurement of ultra-efficient appliances for use in off-grid 

or micro-grid applications in the developing world.  

2.2 Obstacles to constructing an international appliance EE database 

Numerous challenges must be overcome to construct an international database like IDEA. 

We describe the major obstacles below, and in the subsequent section we discuss how IDEA 

overcomes these obstacles. 

Product-collection flexibility. IDEA is intended to contain data on a wide variety of 

disparate appliance types: refrigerators, air conditioners, ceiling fans, dishwashers, clothes 

washers, water heaters, furnaces, televisions, computers, etc. Each product has different 
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attributes that are relevant to understanding its energy profile. For example, internal volume 

is important for refrigerators and clothes washers but is irrelevant for televisions or ceiling 

fans. Screen size is crucial for televisions but meaningless for water heaters. IDEA must have 

the flexibility to allow collection and storage of arbitrary data fields for each product 

category in the database.  

Irregular naming conventions. Different data sources may use different terminology to 

refer to the same attribute of a given product. For example, terms such as volume, capacity, 

storage space, and size may all be used to refer to the same attribute of a refrigerator. To 

effectively combine data from differing sources, the database must recognize these different 

naming conventions and map them to a single data field with a standardized name. 

Varying data field requirements. As mentioned above, each product category has a 

different set of features of interest. This set of features may change over time as new 

analytical techniques are applied to the data or as entirely new features enter the market. For 

example, today it may be of interest to know whether a television has a curved screen, but 

this feature was unheard-of only a few years ago. Therefore, IDEA must be flexible enough 

to allow arbitrary expansion of the set of features it collects and stores.  

Region definitions. A database that combines retail and certification data with an 

international scope raises definitional questions about the economic regions in which 

products are considered to be available. For example, the ENERGY STAR certification 

database contains data on models sold in both the U.S. and Canada, but retail products are 

generally offered for sale on a country-by-country basis—e.g. at amazon.com and 

amazon.ca—as a result of import restrictions or differences in language or currency. In this 

example, it would be necessary for IDEA to consider all appliances sold in North America 

together (for comparison to the ENERGY STAR database) as well as appliances sold in the 

U.S. and Canada separately (for determining which models are available on the U.S. and 

Canadian markets, respectively). The database must be sufficiently general and flexible in its 

approach to regionalization to handle this type of situation.  

Duplicate model listings. For each product type, it is likely that popular models will be 

listed on multiple different retail and manufacturer sites within each region (intra-region 

model duplication). These duplicate listings must be recognized and combined in the final 

database to yield a unified record for each model. In addition, it is possible for the same 

model to be sold in multiple different markets (inter-region model duplication); however, 

identifying information such as brand name and model number may vary from region to 

region for otherwise identical models. Moreover, the values of various product attributes may 

vary from region to region because of differences in units of measure or specified 

measurement procedures within each market. The database must be able to handle these 

differences while still recognizing identical models in different markets. 

Generalized certification records. It is common for multiple models from a 

manufacturer’s product line to have identical energy-consumption profiles (for example if 

they differ only in attributes that do not impact energy usage, such as color). Many 

certification databases allow manufacturers to report model numbers in a generalized form to 

account for this. For instance, a manufacturer may report model numbers containing wild-
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card characters, such as asterisks, to indicate positions in the model number that can take on 

various values with no change to the EE performance of the model. The algorithms used for 

generalizing model numbers vary from database to database and from manufacturer and 

manufacturer. A database that aims to cross-reference model-level retail data against 

generalized certification databases must have a robust and flexible methodology for matching 

individual model numbers against generalized model numbers.  

2.3 IDEA framework and functionality 

IDEA is designed to overcome all of the challenges described in the previous section. It is 

based on a data framework that was constructed as part of the SEAD initiative’s data access 

project [17,18]. The framework was designed to enable a database that is flexible and general 

enough to store data on EE and features for a wide variety of different appliance types across 

multiple different markets. It specified a solution for identifying and merging duplicate 

model listings within regions and proposed a process for specifying canonical naming 

conventions for product features as well as for mapping the naming conventions found in 

different data sources to these canonical names. Thus, the SEAD framework provides 

solutions to the problems of product-collection flexibility, varying data field requirements, 

irregular naming conventions, and intra-region duplication described in the previous section. 

IDEA is the first full-featured, large-scale implementation of the SEAD data access 

framework. It also includes extensions and improvements to the SEAD framework to handle 

the problems of region definition, inter-region model duplication, and generalized 

certification data. To populate the database, IDEA also incorporates automated software to 

collect data from online sources in various different markets and compile that data into a 

unified data resource. Below, we briefly describe the steps involved in collecting, processing, 

and storing data in IDEA and explain how this process yields a data set that overcomes the 

challenges described in the previous section. 

All data stored in IDEA enters the database through a conduit known as a feed, which can 

be a retail website’s API, a piece of web-crawling software collecting data from a retailer’s 

or manufacturer’s website, or an external product certification database maintained by a 

government or NGO. Each feed yields data on products available within a particular 

economic region that comprises one or more countries. To allow for feeds that cover regions 

of varying scope, each country can be assigned to more than one overlapping economic 

region. Thus, for example, a feed for www.amazon.ca would be associated with an economic 

region that includes only Canada, and www.amazon.com would be associated with an 

economic region containing only the U.S. while the ENERGY STAR database feed would be 

associated with an economic region that includes both the U.S. and Canada. In the data 

integration and cross-referencing steps described below, data from each feed are correlated 

with data from all economic regions having a non-empty intersection (i.e., at least one shared 

country) with the feed’s region. Thus, data from amazon.com and amazon.ca would both be 

cross-referenced against the ENERGY STAR database but not against each other. 

All data entering the database from a given feed are encoded in one of the common 

standard formats for data transmission over the web—JSON or XML, depending on the feed. 

These raw data are then archived permanently in the database before further processing so 

http://www.amazon.ca/
http://www.amazon.com/
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that additional data of interest can be extracted at will in the future. Once the raw data are 

collected and archived, they are passed through a set of data integration steps to extract data 

of interest into the main IDEA framework. Figure 1 shows the data integration process, 

starting from the data feeds and ending with the final IDEA products. We detail the steps in 

the data integration process below.  

First, attributes of interest are identified in the raw data on a feed-by-feed basis, and their 

field names are mapped to the corresponding canonical attribute names defined for the 

database. This allows data from each feed to be assigned appropriately to the canonical IDEA 

fields. Additional mappings can be added as needed to allow extraction of additional data 

fields that are available from a given feed. Because all raw data are archived, additional data 

can be mapped and extracted to canonical data fields on demand; a full specification of all 

data fields of interest does not need to be completed before collecting data, as would be 

required in a typical database framework. 

To handle duplicate listings of individual models within a given economic region, all 

incoming data are passed through a normalization step that identifies products with identical 

brand names and model numbers and combines their associated data into a single, unified 

 
Figure 1. Graphical depiction of the data flow through the IDEA data collection and integration process. 

Each major step in the process is represented by a vertical column. The data processing sub-steps are 

indicated by rectangles; interim data products are denoted by parallelograms. A cylinder represents the 

IDEA data store, and rounded oblong symbols indicate external data sets. Data flow through the integration 

process is indicated by arrows. The sub-steps are color-coded by the primary step to which they belong. The 

data sets and data products are also color coded: gray indicates retail data, white indicates government 

certification data, and blue indicates integrated IDEA data. 
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record for each product. As part of this process, it is important to make note of alternate 

spellings that are encountered for each brand name (e.g., “GE” and “General Electric”) and 

ensure that they are regularized so that they are treated as identical. Once duplicate products 

have been combined, the attribute mappings defined for each feed are used to extract feature 

information from each of the feeds to populate the product record. To handle potential data 

conflicts (e.g., different websites reporting inconsistent product features), each feed is 

assigned a quality score, based on the researcher’s qualitative assessment of its reliability 

compared to other feeds. The quality score is then used to select which feed’s data to save in 

the database in the case of conflicts (if two conflicting feeds have equal quality scores, then 

the most recently collected data is saved). An exception to this quality-based prioritization is 

price information; all advertised selling prices are stored in the database for each feed and 

each data-collection event, yielding a complete price history for each model over the full 

period of data collection.  

Because a single record in certain certification databases may refer to multiple models, 

certification data are not passed through the full product integration procedure. Instead, 

integration of retail data is followed by a certification matching step in which the integrated 

retail data are cross-referenced by model number against the raw certification data using 

sophisticated, flexible wild-card algorithms to match complete individual model numbers to 

the generalized, partial model number information found in many certification databases. In 

this process, it is typical that some fraction of the models will fail to find a definitive match. 

This can happen if not all models collected on the retail websites are covered by a mandatory 

S&L program or because of incomplete or erroneous reporting by manufacturers to the 

government S&L program or because the public certification database contains data errors or 

is incomplete.  

Once certification matching is complete, EE metrics and other certified attributes for the 

matched products are extracted from the certification data and stored in the unified database 

using the same approach as just described for retail data. In this process, certification data 

feeds are typically assigned a higher quality than retail data feeds to ensure that certified data 

take precedence over advertised retail information. This completes the data integration 

process. 

The resulting set of integrated and matched data records includes one record for each 

unique model per economic region. It is possible that the same model may be sold in multiple 

different economic regions. As discussed in the previous section, regional variations in 

language, units, and test procedures make it important to keep one record per region for each 

model; however, IDEA allows identical products in different regions to be linked to one 

another so that users can explore data from different regions for each model if available.  

Once the data integration and certification matching steps are completed, a customized 

set of final data-cleaning rules is applied to each product category to eliminate bad data, re-

categorize products that might have been listed incorrectly on retail sites, or regularize 

certain data values (e.g., replacing the string value “No” with the logical specifier “False”) to 

facilitate analysis. After this final cleaning, analysis-ready data can be exported in tabular 

form, with one row for each unique model (per region) and one column for each canonical 
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data field that has been defined and mapped in the attribute-mapping process. Price histories 

for individual products can also be exported for further analysis. 

The IDEA software is currently collecting and storing data on refrigerators and air 

conditioners in several countries, including India and China, as discussed in the following 

sections. In the near term, we aim to expand the scope and reach of the database to additional 

countries and product categories, as well as to expand the range of analysis using IDEA data, 

in partnership with EE researchers from around the globe. The data are not publicly available 

at this time; however, they can be made accessible to researchers who collaborate with the 

IDEA team on projects that help build the database, under suitable data-access agreements.   

 

3 An Example Analysis of Refrigerator Efficiency Cost-effectiveness in 

India and China: Methodology 

In this and the next section, we discuss an example analysis, using IDEA data, of the 

cost-effectiveness of EE upgrades for refrigerators in China and India. We focus on these 

countries because both have well-established categorical EE labeling programs with public 

certification databases from which reliable EE information can be extracted. In China, the 

China Energy Label (CEL) program provides data on product models covered by labeling 

requirements [30], while in India BEE provides similar data for the Indian EE star-rating 

program [24].  We focus on refrigerator data because the EE metric for refrigerators is simply 

the unit energy consumption (UEC) during a fixed period (e.g., kWh consumed per day or 

per year). This makes it straightforward to compute the annual energy savings associated 

with a given efficiency improvement without the need for detailed knowledge of appliance 

usage patterns in each country. It is worth noting that the certified UEC values for 

refrigerators in India and China are based on different test procedures, so they may not be 

equivalent. However, for the purposes of this analysis, we assume that each nation’s test 

procedure is designed to yield an estimate of energy consumption under typical usage 

patterns in that country, so that the energy savings can be taken to be representative of real-

world conditions in each country. 

In the example analysis, we first consider the cost-effectiveness of EE upgrades using 

data collected in summer 2015, and we demonstrate techniques for comparing the potential 

for cost-effective energy savings across markets. We also note that India updated its MEPS 

and EE labeling program for frost-free refrigerators [31] at the beginning of 2016 by 

straightforwardly shifting its EE labeling definitions upward by one level (so that the 2015 

two-star level became the 2016 one-star level, and so on). Therefore, after completing the 

market-comparison analysis using 2015 data, we also compare the 2015 Indian data to new 

data collected in summer 2016, to demonstrate IDEA’s potential as a resource for analyzing 

policy impacts. China also announced an update to its MEPS in 2015; however, this update 

also included an update to the test procedure, which complicates any comparisons of the 

energy savings available during the two periods. For this example analysis of market 

evolution, then, we focus only on the Indian market, where straightforward comparisons 

between the 2015 and 2016 labeling systems are possible. 
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3.1 Data used in this study 

We collected data on refrigerators offered for sale online by three retailers in the 

Chinese market and two retailers in the Indian market. The IDEA software combined the 

information from these sites and cross-referenced the resulting models against the 

certification data associated with each nation’s appliance S&L program. After eliminating 

models for which a definitive certification match could not be made, as well as extreme 

outliers in price and volume, the final 2015 data set comprised 833 unique Chinese 

refrigerator models with government-certified efficiency data and 344 unique certified Indian 

refrigerator models, of which 221 were frost-free.  

The cleaned 2016 Indian data set included 289 unique models with efficiency 

information certified under the 2016 labeling scheme, of which 123 were frost-free. The 

decline in the number of Indian models from 2015 to 2016 appears to result in part from a 

substantial old stock of refrigerators on the retail market that had been certified under the 

previous labeling scheme but had not yet been sold at the time of data collection. This 

situation is expected during the transition period following an S&L update because models 

certified under the old scheme must be sold off before new models will achieve full market 

penetration. The cleaned Chinese data set represented 90% of the Chinese refrigerator 

models for which data were collected. In the Indian market, no definitive certification match 

was found for a large number of models, in part because certification is voluntary for direct-

cool units. As a result, the cleaned Indian data set represented only 51% of all Indian 

refrigerator models for which data were collected in 2015, and 37% in 2016 (with the 2016 

decline arising in part because of the large stock of refrigerators certified under the prior 

labeling regime, as discussed above). Thus, any conclusions drawn from these data will apply 

only to the segment of the market that bears a certified efficiency label under the labeling 

scheme that was in place during the year being considered. 

3.2 Analysis of EE distributions 

Before performing a detailed analysis of EE savings potential, it is useful to get an 

overview of EE performance in each market by examining the overall EE distribution as well 

as the market breakdown by EL. Because refrigerator energy consumption is a function of 

volume and operating temperature, the threshold UEC value corresponding to a given EL is 

usually specified as a function of the refrigerator’s adjusted volume, 𝑉𝑎𝑑𝑗, a weighted sum of 

the volumes of compartments operating at different temperatures [31,32]. (For instance, 

freezer volume receives a larger weight than fresh-food volume because compartments 

operating at lower temperature have a higher energy intensity.) To compare the EE 

performance of refrigerators having different adjusted volumes, one can use the energy-

efficiency index (EEI), which expresses the refrigerator’s UEC as a fraction of the maximum 

allowed for its adjusted volume by the MEPS: 𝐸𝐸𝐼 = 𝑈𝐸𝐶/𝑈𝐸𝐶𝑀𝐸𝑃𝑆(𝑉𝑎𝑑𝑗). Because all 

refrigerators on the market must have UEC below the MEPS level, 𝐸𝐸𝐼 < 1 for all legal 

refrigerators, by construction. 

The formulas defining MEPS and ELs are typically also different for frost-free and 

direct-cool refrigerators because frost-free refrigerators utilize additional fans and heating 

elements and hence use more energy than direct-cool units, all else being equal. It is 
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therefore important to distinguish between these two cooling methods when considering EE 

distributions. The IDEA data for Chinese refrigerators contain information on cooling 

method, so this division is straightforward for the Chinese products. For Indian refrigerators, 

direct information on cooling method was limited, but it was possible to categorize 

refrigerators by number of doors. Inspection of the correlations between energy and volume 

compared to the Indian EL definitions suggests that single-door refrigerators in India are 

almost universally direct-cool while multi-door units are nearly all frost-free. Thus, we use 

door count as a proxy for cooling method for Indian refrigerators. 

The CEL database provides EEI values directly for all certified Chinese refrigerators, 

computed relative to the original Chinese MEPS level, which has since been updated. It is 

simple to rescale these to the current MEPS level by dividing through by the maximum 

reported EEI value. The BEE database does not report EEI, and it reports total volume rather 

than adjusted volume, so EEI for Indian refrigerators cannot be computed from the BEE data 

alone. Fortunately, the retail data in IDEA frequently include information on both refrigerator 

and freezer volume, which allowed us to compute an average volume-adjustment factor to 

convert total volume to approximate adjusted volume for all of the Indian refrigerators in our 

data set. Given this adjustment factor, we are then able to compute an approximate EEI 

relative to the Indian MEPS levels [31,32]. 

3.3 Comparative analysis of cost-effective EE potential 

3.3.1 The cost of conserved energy 

It is common to assess the cost-effectiveness of a given EE improvement using the 

cost of conserved energy (CCE), which is the cost of achieving the improvement per unit of 

energy conserved [1,33]. In the case of consumer appliances, the cost of the improvement is 

equal to the associated increment in purchase price, and the conserved energy is the total 

energy saved over the product lifetime. If the CCE is smaller than the relevant electricity 

price, then the EE improvement is cost-effective for the consumer. The primary value of the 

CCE metric is that it allows a wide variety of disparate energy-conserving measures to be 

compared on an equal footing. It has been used in the past [5] to compare the relative cost-

effectiveness of different EE improvements for various appliances in the U.S. market; here, 

we will use it to compare appliance EE improvements both within and across international 

markets. 

Appliance EE improvements yield energy savings that are not instantaneous but 

rather accumulate over the lifetime of the product; thus, one must consider the time value of 

money when computing the CCE. Future energy savings are less valuable to the consumer 

than equal present-day savings, because the present monetary savings could be invested at 

some rate of return. For constant annual energy savings, this can be accounted for using the 

capital recovery factor, which converts a fixed time series of savings into a present value. 

Then the CCE for an EE improvement over some baseline EL is given by: 
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𝐶𝐶𝐸 ≡
Δ𝑃

|Δ𝑈𝐸𝐶|
×

𝑟

1 − (1 + 𝑟)−𝐿
. 

Eq. 1 

where Δ𝑃 is the price increase associated with the EE improvement, Δ𝑈𝐸𝐶 is the resulting 

change in annual UEC, 𝐿 is the product lifetime, and 𝑟 is a discount rate that accounts for the 

time value of money. The multiplier involving 𝑟 and 𝐿 is the capital recovery factor. 

In this study, we use IDEA data to constrain regression models for the price and 

annual UEC of refrigerators in India and China. We can then compute the CCE associated 

with improving a refrigerator’s EE from a baseline EL 𝑘0 to some higher EL 𝑘 using Δ𝑃 =
�̂�𝑘 − �̂�𝑘0

 and Δ𝑈𝐸𝐶 = 𝑈𝐸�̂�𝑘 − 𝑈𝐸�̂�𝑘0
, where �̂�𝑘 and 𝑈𝐸�̂�𝑘 represent the predictions of the 

price and UEC regression models at EL 𝑘.  

3.3.2 Regression analysis of refrigerator price and energy consumption 

Our regression models predict the retail price and annual UEC of refrigerators as a 

function of product features and EE labeling information. Here, we estimate these models, 

for China and India separately, using IDEA data on observed online retail prices and 

government-certified UEC values, as collected in summer 2015. As discussed in the previous 

section, our aim is to use the predicted values to compute the CCE for various EE 

improvements; the regression models allow us to isolate the impact of EE on price from the 

confounding effects of other features that may also be correlated with price or UEC.  

The data set contained observations of the following types of variables that may be 

predictors of price and UEC: refrigerator brand, total volume of all compartments, cooling 

method (direct cool vs. frost free), and certified EL. Of these predictors, we expect total 

volume to have the strongest influence on price and UEC, because volume drives both the 

bill of materials for manufacturing and the total cooling capacity required. Simple physical 

considerations suggest that the volume-price and volume-UEC relations should take a power-

law form. Moreover, any improvement in EE or refrigerator features should have price and 

UEC impacts that scale with volume, so we also expect that such changes will have a 

multiplicative effect on price and UEC, rather than an additive one. As discussed in Section 

4, exploratory analysis of the data confirms this basic picture. 

We can capture the expected power law and multiplicative relations by building 

regression models that relate the natural logarithms of the predictors and the modeled 

quantities. Specifically, in this analysis we construct regression models using the following 

general form: 

ln 𝑌 = 𝛽0 + 𝛽𝑉 ln 𝑉 +  ∑ 𝛽𝑐𝐷𝑐

𝑐

+ ∑ 𝛽𝑐𝑉𝐷𝑐 ln 𝑉

𝑐∈𝑰

+ ∑ 𝛽𝜂𝐷𝜂

𝑁𝐸𝐿

𝜂=2

+ 𝜀. 

Eq. 2 

In this equation, 𝑌 is the dependent variable being modeled (either price or UEC), 𝑉 is the 

refrigerator volume, the 𝐷𝑐 are a set of binary (dummy) variables corresponding to product 

subcategories indexed by 𝑐 (e.g., frost-free vs. direct-cool refrigerators, or luxury vs. mass-
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market brands), and the 𝐷𝜂 are a set of binary variables corresponding to the ELs used in 

each country’s EE labeling program, indexed by 𝜂, and 𝑁𝐸𝐿 is the total number of ELs. (The 

summation starts at 𝜂 = 2 because the baseline level (𝜂 = 1) is implicitly included in the 

model with all the 𝐷𝜂 equal to zero.) The summation constraint 𝑰 represents a selected subset 

of the feature categories for which interactions between features and volume are considered 

in the model, to account for the possibility that different product types may have a different 

scaling between volume and price or UEC. The 𝛽 values are the coefficients that are 

constrained in the regression, and 𝜀 is an error term that includes any sources of variance that 

are not explicitly modeled. We present the detailed variables for each regression, and the 

resulting 𝛽 coefficients, in Section 4. After the 𝛽 parameters are constrained, the predicted 

value �̂� for a particular set of variables (i.e., a particular choice of volume and product 

features) is given by applying the 𝛽 coefficients to the variables. 

3.3.3 Selection of the baseline efficiency level 

India’s efficiency labeling program subdivides the refrigerator market into five ELs, 

rated from 1 star to 5 stars with 1 star being the least efficient. The China Energy Label 

divides the market into three numbered ELs, from level 1 to level 3, with level 3 being the 

least efficient. To compute the CCE for a particular EL we first must select a baseline level 

against which to compare the price and UEC. In the simple picture often used to 

conceptualize EE cost-benefit analysis, price is assumed to increase steadily with EE, so the 

baseline is taken to be the least-efficient product on the market. This picture may not hold in 

dynamic real-world markets, however, especially during periods of policy transition.  

In 2015, for instance, India was in the midst of a series of regular MEPS and labeling 

updates that were poised to eliminate the 1-star level for frost-free refrigerators [31]. 

Similarly, in the summer of 2015, China was expected to update its MEPS in the near future 

(indeed an update was announced in the autumn of that year), so it was reasonable to expect 

that level-3 refrigerators would soon be eliminated. It is possible, therefore, that 

manufacturers were in the process of ramping down production within the least efficient ELs 

in each market during 2015, so that these ELs contained an unrepresentative mix of product 

features and prices. In this case, the predictions of our regression models for these ELs would 

be unreliable. For this reason, we chose our baseline to be the lowest EL in each market that 

would reasonably have been expected to remain available in the future, as of the time the 

data was collected. Thus, our baseline ELs for this analysis were the 2-star level in India and 

level 2 in China. 

4 Results 

4.1 Market snapshots 

Figure 2 shows the EEI distribution, subdivided by cooling method, for refrigerator 

models observed by IDEA in the Indian and Chinese markets during summer 2015. In both 

countries at that time, the ELs used for EE labeling were defined by simple multiples of the 

MEPS level, with the lowest EL having a maximum UEC at the MEPS level and each 

subsequent EL having a maximum UEC at 80% of the previous level’s maximum. This 
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means that each EL definition corresponds to a simple range in EEI; these are indicated by 

horizontal colored bars in the figure.  In viewing the figure, it is important to note that 

efficiency labeling is voluntary for direct-cool refrigerators in India, so the EEI distribution 

shown may not be fully representative of this market segment. 

The Indian data has a significant population of refrigerators at several different ELs; 

by contrast, the Chinese market is heavily concentrated at the highest EL. Both markets 

exhibit an EEI distribution that is strongly clustered within ELs, suggesting that 

manufacturers are designing products with the aim of meeting the particular EE labeling 

specifications in each country (indeed, the modal EEI in China fell just above the threshold 

for EE level 1). Notably, the minimum EL in both markets contains very few models, 

suggesting that the markets in both countries had already been responding to expected MEPS 

updates prior to their implementation. 

In China, the models meeting EE level 1 cover a very wide range in EEI, much 

broader than the ranges covered by the lower two levels. This suggests that the China Energy 

Label definitions that were in place for refrigerators circa 2015 may have fallen out of date in 

light of recent technological EE improvements. To allow our regressions to include the full 

range of EE that was present on the 2015 Chinese market, it will helpful to subdivide level 1. 

Thus, for the remainder of this analysis, we proceed as if the Chinese refrigerator labels in 

2015 had a fourth EL, which we refer to as level 0, with a minimum threshold 20% more 

efficient than the level-1 threshold, as shown in Figure 2. 

4.2 Refrigerator regression models 

We now turn to developing detailed regression models for refrigerator price and UEC 

in India and China. The scatter plots in Figure 3 display the relations among price, volume, 

   

Figure 2. Stacked histograms show the distribution of refrigerator models by EEI, subdivided by cooling 

method, in China (left) and India (right), as of summer 2015. Across the top of each panel, colored bars 

show the EL definitions for each country’s EE labeling program. An additional gray bar in the left-hand 

figure indicates our definition of an ultra-efficient level 0 for the Chinese market. 
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cooling method, and EL for the two markets; these can provide a degree of guidance in 

choosing the variables to include in our regression models for price. In both markets, a clear 

price-volume correlation is evident and appears to take an approximate power-law form (i.e., 

a linear relation in these log-log plots), in line with our simple expectations as discussed in 

section 3.3.2. In addition, although they are less readily apparent, systematic differences in 

price between certain ELs can be visually distinguished: for instance, models in the lowest 

ELs (level 3 in China and 1 star in India) appear to have prices that are systematically higher 

than average. Finally, it appears that the price-volume relation in the Chinese market may 

have a different power-law index for direct-cool units (triangles) than for frost-free units 

(circles). Therefore, our regression models for price include each of the explanatory variables 

represented in the figure as well as an interaction term between volume and cooling method 

for the Chinese market. Based on similar exploratory data analysis, we selected a similar set 

of explanatory variables to build our regression models for UEC.  

After controlling for the variables displayed in Figure 3, we find that substantial price 

scatter remains. Further exploration of the data sets reveals that much of this scatter is 

correlated with product brand names, likely because certain brands tend to include more 

high-end features, whose desirability to consumers drives higher prices. By examining 

typical prices for each brand, it is fairly straightforward to subdivide each market into 

relatively low-priced mass-market brands and relatively expensive luxury brands. Thus, our 

regression model for price also includes a categorical (dummy) variable to distinguish 

between the luxury and mass-market market segments. After including this luxury-brand 

dummy, we find no statistically significant impact on price or UEC for any of the other 

variables available in IDEA. 

 

Figure 3. Scatter plots show the correlation between volume and price for refrigerators in China (left) and India 

(right). In each plot, direct-cool refrigerators are plotted using triangles, and frost-free models are denoted by 

circles. The data points are color-coded by efficiency level as indicated in the legends. In both plots, the axes 

have a logarithmic scale. 

 



18 

 

As discussed in Section 3.3.2, we construct regression models in the natural logarithm 

of the continuous variables because we expect power-law and multiplicative relations. We 

estimate a total of four models: one for UEC and one for price in each of the two countries 

considered. Table 1 presents the regression variables included in each model and the 

associated coefficients that we obtained from our regression fits. In each model, one of the 

EL category variables is excluded from the fit because it is implicit in the overall constant 

included in each model. We are free to select which level to exclude, so we have chosen to 

exclude the baseline EL that we selected for CCE computation in section (level 2 in China 

and the 2-star level in the India.)  

It is worth pausing at this point to discuss the significance of the EL coefficients. 

These coefficients are especially useful because they denote the fractional change in price or 

UEC associated with upgrading from the baseline EL to a higher EL for a fixed set of 

product features. For example, the coefficient values of 0.09 and -0.69 for price and UEC, 

respectively, for the Indian 5-star EL indicate that upgrading from a baseline 2-star 

refrigerator to a 5-star refrigerator will result in a 9% price increase, on average, and yield a 

69% reduction in energy consumption. 

4.3 The cost of conserved energy 

We use our regression models to predict the CCE associated with EE upgrades to 

representative refrigerators on the Chinese and Indian refrigerator markets. In each market, 

we constructed a separate set of representative product features for the direct-cool and frost-

free categories; we then predicted the price and UEC of upgrading the EL of these products 

above the baseline, while holding the other product features fixed. To develop our 

representative feature sets, we first assumed as mass-market brands are most common, so 

each representative unit is assumed to have a mass-market brand. We then selected a typical 

Table 1. Regression variables, coefficients, and standard errors (in parentheses) for the price and UEC 

models estimated using the IDEA data set  

 China India 

Regression variable Price model UEC model Price model UEC model 

ln(volume) 1.18 (0.05) 0.50 (0.02) 1.39 (0.04) 0.06 (0.02) 

frost-free 1.71 (0.05) -1.15 (0.15) 0.17 (0.02) -1.46 (0.14) 

luxury brand 0.44 (0.04) - 0.07 (0.02) - 

ln(volume)*frost-free -0.25 (0.08) 0.24 (0.03) - 0.26 (0.03) 

1 star - - 0.25 (0.08) 0.25 (0.01) 

2 star/level 3 0.40 0.15 (0.03) - - 

3 star/level 2 - - -0.03 (0.03) -0.24 (0.01) 

4 star/level 1 0.01 (0.04) -0.29 (0.01) 0.01 (0.03) -0.48 (0.01) 

5 star/level 0 0.13 (0.06) -0.51 (0.02) 0.09 (0.04) -0.69 (0.01) 

constant -0.46 (0.25) -3.11 (0.08) -1.92 (0.21) 5.70 (0.12) 

𝑅2 statistic 0.81 0.92 0.92 0.97 

Units of prediction USD kWh/day USD kWh/yr 

Note: Where no coefficient is shown, the variable was not included in the model. Standard errors are 

computed using techniques robust to heteroscedasticity and covariance. 
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volume to assign to each representative unit. In the Indian market, we chose representative 

volumes of 193 liters and 293 liters, which are the average values for direct-cool and frost-

free units, respectively, in our data set. In the Chinese market, we found a multi-modal 

volume distribution for each cooling type, so choosing the average volume was not certain to 

yield a typical value. Instead, we chose representative volumes that were near the most 

commonly observed values on the market. These are 200 and 550 liters for direct-cool and 

frost-free refrigerators, respectively.   

For these representative feature sets, we use our regression models to predict the price 

and UEC for a refrigerator at each efficiency level. Given these predicted values, Eq. 1 yields 

the CCE associated with upgrading the representative unit’s EL from the baseline level, 

given an assumed product lifetime 𝐿 and consumer discount rate 𝑟. For this analysis, we 

assumed a refrigerator lifetime of 17 years, which is the average refrigerator lifetime for the 

U.S. market determined by the U.S. Department of Energy [34], and which we take to also be 

typical in the markets being analyzed. Because product lifetimes may vary between and 

within markets, we also consider a 12-year lifetime assumption, to gauge sensitivity to this 

parameter. Consumer discount rates in the two markets analyzed are not well constrained in 

general. Past studies have assumed values ranging from 5.6% in China and 10% in India 

[35], up to as high as 15% in India [4]. In our primary analysis, we assume a discount rate of 

10% in both markets, but we also consider an alternative value of 15%, to assess sensitivity 

to this assumption. 

Figure 4 shows the modeled CCE for each representative refrigerator for each EL 

above the baseline (movement to lower ELs is not shown because those ELs are assumed to 

 

Figure 4. CCE for EE improvements to representative direct-cool (DC) and frost-free (FF) refrigerators in 

the Chinese and Indian markets, as a function of the annual energy saved relative to the selected baseline. 

The specifications assumed for each representative refrigerator are described in the text. Error bars show the 

standard error for each predicted value. Purple and green dashed lines indicate representative urban 

electricity tariffs for India (New Delhi) and China (Beijing), respectively.  
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be exiting the market in anticipation of upcoming MEPS updates). The CCE is plotted as a 

function of the modeled annual energy savings of each EL over the baseline level. Error bars 

show the standard error in the modeled CCE. Dashed purple and green lines show residential 

electricity tariffs in New Delhi [36] and Beijing [37], respectively, as representative urban 

electricity prices for each country. Where the CCE of an EE improvement falls below the 

local electricity price, the upgrade is nominally cost-effective.  

Figure 4 gives a compact summary of the costs and benefits of refrigerator EE 

upgrades in China and India, which can be used to inform and prioritize policy-making 

efforts. From this plot, it appears that cost-effective energy savings above the baseline may 

be available to typical urban consumers for all representative refrigerators considered. 

Specifically, in India, moving from 2-star to 3 or 4-star products (as defined in 2015) is 

achievable at a cost that is statistically indistinguishable from zero. Moreover, moving to the 

5-star EL appears to have energy savings that offset the up-front costs, with high confidence, 

yielding energy savings in excess of 200 kWh/yr, both for direct-cool and frost-free 

refrigerators. (It is important to note, however, that data are limited for frost-free refrigerators 

at this EL.) Moving from EE level 2 to level 1 appears to be cost-effective, with marginal 

confidence, for Chinese refrigerators, with associated energy savings exceeding 50 (150) 

kWh/yr for direct-cool (frost-free) refrigerators. Significantly larger savings, in excess of 250 

kWh/yr, may be available at level 0, but there is low confidence in the cost-effectiveness of 

this upgrade.  

Table 2 presents the energy savings and CCE values for each representative unit for 

the 10% discount rate and 17-year lifetime assumed in the figure as well as for alternative 

assumptions of a 15% discount rate or a 12-year lifetime. Even for the alternative 

assumptions, there are still substantial cost-effective savings available in both markets, 

assuming typical urban electricity prices ($0.07/kWh and $0.09/kWh for India and China, 

respectively). The findings of cost-effectiveness are especially robust to assumptions in the 

case of moderate EE improvements (level 1 in China and 3 or 4 stars in India), where the 

CCE is either negative or consistent with zero. This occurs because the price increment Δ𝑃 in 

Eq. 1 is itself either negative or consistent with zero; in this situation, the cost-effectiveness 

finding will be robust to any variation in the lifetime or discount-rate assumptions. For the 

highest energy savings (level 0 in China and 5 stars in India), the CCE is positive, 

statistically distinguishable from zero, and has substantial dependence on the lifetime and 

discount-rate assumptions. Because of this, a more elaborate assessment of cost-effectiveness 

would be desirable before implementing an EE policy update, to account for the full 

distribution of potential model inputs and the expected cost-effectiveness for the full 

spectrum of consumers (e.g., using the Monte-Carlo approach that is commonly used in life-

cycle cost assessment for the U.S. DOE Appliance Standards program [6]).  
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In India, the CCE for 5-star refrigerators is substantially below the price of electricity 

for all technologies and parameter assumptions considered here. Exploring the parameter 

space further, we find that rather extreme assumptions (e.g., a 5-year lifetime and 30% 

discount rate) are required to change this conclusion, so it is likely that a more wide-ranging 

analysis would show that 5-star refrigerators in India are cost-effective, with an annual 

energy savings of more than 200 kWh/yr over baseline units. In China, by contrast, we see 

that the cost-effectiveness of level 0 refrigerators is sensitive to our parameter choices, so it 

will be important to accurately sample the range of possible parameter inputs and consumer 

profiles before translating our current results into a set of policy prescriptions. 

Nevertheless, even a relatively simple assessment of CCE of the sort we perform 

here, when coupled with the IDEA data-gathering tools, could be extremely valuable for 

identifying low-hanging fruit among cost-effective EE opportunities and targeting these 

market sectors and products should be targeted for more detailed analysis, including 

engineering-based approaches. The analysis performed here, however, required significant 

domain-specific knowledge about refrigerators, in order to segment the market by 

technology, as well as market-specific knowledge about EE S&L programs and significant 

exploratory analysis to determine which regression variables were relevant in each market. 

Therefore, scaling this work to include a much larger range of appliances and markets would 

require an automated approach to market assessment, segmentation, and model-building, 

perhaps based on modern machine-learning methods. We plan to explore the promise of such 

techniques in future work 

 
Table 2. Modeled values for energy savings and CCE, for different ELs with respect to the baseline EL, for 

representative refrigerator models on the Indian and Chinese markets. Because product lifetimes and 

consumer discount rates are uncertain, we present results under different assumptions for each parameter. 

Country 

Cooling 

method EL 

Energy 

savings 

(kWh/y) 

CCE at 10% DR 

17y lifetime 

(USD/kWh) 

CCE at 15% DR 

17y lifetime 

(USD/kWh) 

CCE at 10% DR 

12y lifetime 

(USD/kWh) 

India 

Direct-

cool 

3 star 87.5 −0.010 ± 0.009 −0.013 ± 0.013 −0.011 ± 0.011 

4 star 154 0.002 ± 0.006 0.003 ± 0.008 0.003 ± 0.007 

5 star 203 0.013 ± 0.006 0.017 ± 0.008 0.015 ± 0.007 

Frost-free 

3 star 89 −0.021 ± 0.020 −0.028 ± 0.027 −0.025 ± 0.024 

4 star 156 0.005 ± 0.012 0.006 ± 0.016 0.006 ± 0.014 

5 star 206 0.027 ± 0.013 0.036 ± 0.017 0.032 ± 0.015 

China 

Direct-

cool 

Level 1 66 0.004 ± 0.027 0.006 ± 0.036 0.005 ± 0.032 

Level 0 115 0.046 ± 0.022 0.061 ± 0.030 0.054 ± 0.026 

Frost-free 
Level 1 157 0.006 ± 0.043 0.009 ± 0.058 0.008 ± 0.051 

Level 0 273 0.075 ± 0.036 0.099 ± 0.048 0.088 ± 0.042 
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It is also worth emphasizing that our estimates of the CCE for each EE improvement 

are based on the observed increment in actual retail price, rather than on a bottom-up 

engineering estimate. The actual price increment may or may not reflect the underlying 

increment in manufacturing cost. Recent studies [11–13] suggest that MEPS updates for U.S. 

appliances have led to a drop in appliance prices at fixed EE, possibly because they eliminate 

a form of price discrimination that pairs high-efficiency products with higher markups (i.e., 

the bundling of EE with other premium product features). If this were occurring in the 

markets studied here, then the CCE values we estimate here could overstate the actual cost 

increases that would occur following a policy update, implying that even greater consumer 

savings may be available.   

4.4 The Indian frost-free refrigerator market, post MEPS update 

As discussed in Section 3, India’s BEE updated its EE MEPS and labeling scheme for 

frost-free refrigerators at the start of 2016 by eliminating 1-star refrigerators and removing 

one star from each higher level so that, for instance, refrigerators with a 5-star rating in 2015 

would receive a 4-star rating in 2016. A new, higher 5-star rating was also introduced. 

Because software was already in place to gather data on the refrigerators for sale on the 

Indian market, it was straightforward to refresh the IDEA data set in 2016 to allow 

comparison of the market for Indian frost-free refrigerators before and after the policy 

update.  

Figure 5 shows the distribution by EE label of Indian frost-free refrigerator models 

available for sale on line in the summer of 2015 and the summer of 2016. The 2016 data set 

excludes any models that were found for sale still bearing a 2015-era EE label because this 

 
Figure 5. Distribution of models in the Indian frost-free refrigerator market, by EE label, for refrigerators for which data 

were collected in 2015 and 2016, respectively, that had efficiency levels certified under the labeling scheme that was in 

place at the time of data collection. In 2016, the EE labels were updated by downgrading each label by one star so that a 

refrigerator that had a 5-star rating in the 2015 scheme would receive a 4-star rating in 2016, and 2015 1-star 

refrigerators were banned from the market. The figure shows a substantial shift in the efficiency of the market, with a 

greater proportion of the available models having higher efficiency levels. 
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residual inventory would be expected to leave the market quickly. As shown in the figure, the 

2015 1-star level was eliminated in 2016 (which must be true according to the label 

definitions), and the 2016 market contains a substantially greater proportion of models at the 

2015 4- and 5-star levels (2016 3- and 4-star levels) than did the 2015 market. In particular, 

the 2015 5-star (2016 4-star) level appears to have grown from a negligible percentage of the 

market to >10% of the market in just one year although no models had yet appeared on the 

market at the new 5-star level by the time of data collection. This result suggests that, in 

addition to eliminating low-efficiency models from the market, India’s 2016 S&L update for 

frost-free refrigerators may also have boosted the availability of highest-efficiency models 

previously on the market, which, as we showed in the CCE analysis, are highly cost-effective 

for typical consumers. 

It is interesting to ask whether these new, efficient models are similarly cost-effective 

to the ones that we analyzed in the 2015 market. To answer this question, we repeated the 

regression analysis from Section 4.2, for the Indian frost-free market only, using the 2016 

IDEA data set. The resulting regression coefficients were statistically indistinguishable from 

those found using the 2015 data (Table 1), indicating that there has been no significant 

change in the cost-effectiveness of models at the 2015 5-star (2016 4-star) level as they have 

grown more widely available. 

 

5 Summary and Conclusions 

This paper describes the primary applications of an international appliance database, 

IDEA, as a tool for EE policy, as well as the key obstacles to constructing such a database. 

We laid out the detailed data framework and basic software functionality underlying IDEA, 

describing how it overcomes each obstacle as it draws data from a variety of disparate online 

sources into a unified, normalized, and analysis-ready data set. We have implemented a 

functioning version of IDEA and have begun collecting data for a limited set of countries and 

products. 

Using some of the initial data gathered by IDEA, we demonstrated some of the ways 

in which the data can open new windows on international appliance EE markets and policies. 

First, we developed a simple snapshot of the status of refrigerator efficiency in India and 

China during summer 2015, relative to the S&L policies that were in place at the time. This 

analysis gave some indication that both markets may already have been responding to 

expected MEPS updates via the elimination of models at the lowest ELs. We also 

demonstrated regression-based techniques for using IDEA data to construct a cost-

effectiveness metric for EE improvements, based on the CCE, that can be compared across 

markets and appliance categories. The results suggested that substantial cost-effective EE 

savings may have been available in both the Indian and Chinese markets in 2015, even after 

accounting for planned policy updates. Specifically, we found that, with high confidence, 

cost-effective savings exceeding 200 kWh/yr were available for typical Indian refrigerators, 

while savings of more than 100 kWh/yr were available for typical Chinese units. Finally, we 

showed a simple example of using IDEA data to track the market impact of an S&L policy 

update for frost-free Indian refrigerators. 
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These kinds of analyses could be valuable for prioritizing EE policy measures from 

within a range of possibilities, to focus on those actions that are most likely to be impactful 

and cost-effective, and to measure and verify their impacts in the real market. It is important 

to emphasize, however, that the present analysis alone is not sufficient to recommend any 

particular policy actions or to predict their impacts. For instance, one might be tempted to 

conclude definitively that India’s MEPS levels should continue to be updated because all ELs 

on the market in 2015 appeared to be cost-effective relative to the chosen baseline. 

Significant caution is warranted, however, because the present analysis deals only in market 

averages for typical consumers in representative urban areas and does not account for the full 

range of consumers and product options. It is also possible that there are unique elements of 

consumer utility that are only available at the lower ELs but are not included in our model. A 

more detailed analysis of the distributions of prices, features, and consumer profiles would be 

necessary to support any further updates to MEPS in either country.   

The results presented here do suggest, however, that a more careful analysis could 

yield substantial cost-effective energy savings. IDEA can be a valuable resource in this 

context as well because it enables a much more detailed consideration of market distributions 

than we have presented here. Moreover, as we have demonstrated briefly in this study, with 

the capacity for market tracking during periods of policy transition, IDEA will have an 

important future role to play as a tool for real-time evaluation of EE policy impacts.  
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