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Abstract 

Information on the value of reliable electricity service can be used to assess the economic 
efficiency of investments in generation, transmission and distribution systems, to strategically 
target investments to customer segments that receive the most benefit from system 
improvements, and to numerically quantify the risk associated with different operating, planning 
and investment strategies. This paper summarizes research designed to provide estimates of the 
value of service reliability for electricity customers in the US.  These estimates were obtained by 
analyzing the results from 28 customer value of service reliability studies conducted by 10 major 
US electric utilities over the 16 year period from 1989 to 2005.  Because these studies used 
nearly identical interruption cost estimation or willingness-to-pay/accept methods it was possible 
to integrate their results into a single meta-database describing the value of electric service 
reliability observed in all of them.  Once the datasets from the various studies were combined, a 
two-part regression model was used to estimate customer damage functions that can be generally 
applied to calculate customer interruption costs per event by season, time of day, day of week, 
and geographical regions within the US for industrial, commercial, and residential customers.  
Estimated interruption costs for different types of customers and of different duration are 
provided.  Finally, additional research and development designed to expand the usefulness of this 
powerful database and analysis are suggested. 
 
Keywords: electric power reliability; customer value of service reliability; interruption cost; 
customer damage function. 
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Executive Summary 

One of the guiding principles in evaluating investments designed to improve the reliability of 
electricity systems is that these investments should be economically efficient. That is, the cost of 
improving the reliability and power quality supplied by an electric system should not exceed the 
value of the economic loss to customers that the system improvement is intended to prevent. This 
approach to utility investment planning is generally referred to as value-based reliability 
planning. 
 
Value-based planning explicitly balances the incremental costs of improved reliability in 
generation, transmission, and/or distribution against the incremental benefits of enhanced (or 
maintained) system reliability with both costs and benefits defined as societal costs and societal 
benefits.  The incremental societal benefits include the customers’ added value of service 
reliability.  The customers’ added value of service reliability can be quantified by the willingness 
of customers to pay for service reliability, taking into account the resources (e.g., income) of the 
residential customer or by a firm’s expected net revenues associated with the added reliability.  
Measures of the added value of service reliability include reported economic losses (net of 
benefits) and measurements of customer’s willingness-to-pay to avoid service unreliability or 
their willingness-to-accept compensation for it.  These measures of the added value of service 
reliability do not measure all the societal benefits that result from reliability improvements.  
They do not, for example, account for such benefits as improved public safety or public health 
that result from avoided widespread electric service interruptions.  Such societal benefits must be 
incorporated separately. A system improvement is considered economically efficient if its 
marginal societal benefits (the economic value of the improvement in reliability) exceed the 
marginal societal costs (the cost of the investment, including direct as well as indirect (e.g., 
environmental) costs). 
 
The cost of system improvements is usually estimated using engineering cost analysis.  The 
economic value of the benefit to customers is estimated as the avoided economic loss that would 
have occurred if the investment had not occurred. Two components comprise this estimate – the 
expected improvement in service reliability (in minutes, frequency, un-served load or un-served 
kWh) and the expected economic losses that customers experience when service is interrupted – 
usually obtained by surveying representative samples of customers about the economic losses 
they experience as a result of electric service interruptions or power-quality problems or, 
alternatively, customers’ willingness-to-pay to avoid/willingness-to-accept compensation for 
such problems.1   
 
Value-based reliability planning concepts have been in use for more than 20 years. They have 
been used in a variety of utility planning and ratemaking applications including: 

1. Estimating the cost of electric reliability to the US economy; 
2. Establishing the marginal cost of generating capacity for purposes of setting electric 

rates and establishing economically efficient planning reserve margins; 

                                                 
1 In this report, we use the term “customer interruption costs” to refer to value of electricity service reliability 
estimates developed through either surveys of the economic losses customers experience as a result of electric 
service interruptions or those developed through surveys of customers’ willingness-to-pay to avoid/willingness-to-
accept compensation for such problems. 
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3. Assessing the economic costs of additional load on transmission systems associated 
with wholesale and retail wheeling; 

4. Assessing the economic benefits of transmission system reliability reinforcements; 
5. Assessing the economic benefits of distribution system reinforcements; 
6. Prioritizing distribution system reinforcement alternatives to obtain the optimal set of 

projects to carry out given limited capital; 
7. Evaluating the costs and benefits of alternative substation design standards; and most 

recently, 
8. Establishing the economic worth and cost-effectiveness of investments in Smart Grid. 
9. Improving the design of demand response programs that aim to assign limited 

capacity to those with the highest willingness to pay during supply shortages. 
 
A comprehensive review of publicly available interruption cost estimates was published in 2001 
by Eto et. al. In this review they found that analysts had estimated customer interruption costs in 
a variety of ways.  The analysts had studied interruption costs in a number of geographical 
locations at different points in time; and they had reported results in slightly different metrics.  
Consequently, it was impossible to use the results of publicly available studies to derive 
meaningful estimates of customer interruption costs generally.  
 
The published information on customer interruption costs in the US was quite limited.  Starting 
in the mid-1980s, however, a number of utilities in the US conducted a number of customer 
value of service reliability studies. Because most US utility companies believed these studies 
could be used by competitors and opponents in the regulatory arena to gain advantage, only 
summary reports from such surveys were made available to state regulatory bodies and others.  
Detailed results of most of these studies (i.e., including individual data) were not released to the 
public domain until about 2003 – and then only under strict confidentiality guidelines.  
 
This paper describes work to assemble a meta-database on electricity customer interruption costs 
for the US and analyze the resulting data to develop customer damage functions useful for 
evaluating the economic benefits of electric system reliability reinforcements.  This work is an 
extension of work originally published by Lawton et. al. in 2004.  Several important changes 
have been made to the data and analysis methodology in the original work and the results from 
this study supersede the prior estimates in both scope and quality. The improvements to the study 
are as follows: 

1. The meta-database has been updated to include results from utilities that previously 
declined to participate – extending the geographical coverage of the data to the north-
central Midwest region and the time period covered by the database to 2005. 

2. The interruption costs have been estimated in 2008 dollars by adjusting original 
estimates using the US Bureau of Economic Analysis GDP deflator.  

3. The customer damage functions have been estimated using a two part model which we 
believe is more appropriate for estimating interruption costs than the Tobit model used 
by Lawton et. al. (2004) 

4. The results have been summarized by customer type and size instead of by customer 
type only. 

 



xvii 

The 28 studies comprising the current meta-database were selected for study because they 
employed a common estimation methodology including:  sample designs, measurement 
protocols, survey instruments, and operating procedures. This common survey methodology is 
described in detail in the Electric Power Research Institute Outage Cost Estimation Guidebook 
(Sullivan and Keane, 1995). The studies were carried out by major utilities in Southeast, 
Northwest, West and Midwest. 
 
With the exception of aggregate interruption costs for Duke Energy and Mid-America (see 
Sullivan, Vardell, and Johnson (1997) and Chowdhury et al (2005)), none of the interruption cost 
information reported in the previous study and this one were widely available in the public 
domain before this research began.2 So, one major benefit from this research is that the results of 
these important studies are now available in the public domain. Other benefits that arise from 
combining the data from these studies are:  

1. Individual utilities typically represent only one region of the country whereas a 
combined data set allows interruption cost estimation across regions, observing 
differences in interruption costs associated with climate, energy prices, and economic 
conditions.  

2. Utility customer populations are heterogeneous, particularly in the commercial and 
industrial (C&I) sectors; and combining data from a number of studies enlarges the 
number of cases considered from all businesses, allowing for the analysis of 
differences in interruption costs for different business segments.  

3. All of the studies examined used a survey method in which customers were asked to 
state their costs for interruptions that could occur under varying conditions (e.g., time 
of day, duration, season extent of notice, etc). Several of these “scenarios” were 
common to all surveys, while others were unique to specific studies. So, the 
combined data from the studies allows both the comparison of customer interruption 
costs across the country for similar circumstances and estimation of the effects of 
specific circumstances that may have been studied on only one occasion.  

4. Because several of the contributing utilities repeated their VOS surveys using exactly 
the same methodology at two points in time, it is possible to carefully analyze the 
change in interruption cost that occurred over a time. 

5. The resulting regression models can be used to predict interruption costs for regions 
or utilities that do not have or plan to conduct VOS surveys. 

 
 

The Methodology for Estimating Customer Damage Functions 

The meta-analysis consists of two steps. The first step is to combine the results from the various 
studies into a single data base with common variable definitions. In this way the results from all 
of the studies are combined into one large data base consisting of responses of 11,970 firms and 
7,693 households. Once this has been done, the second step in the meta-analysis is to analyze the 
data using statistical regression techniques to identify the best fitting customer damage functions 
for the data. Our procedures in carrying out these steps are discussed below.  
 

                                                 
2 Many utilities routinely submit the full report from their value of service reliability studies to their state utility 
commissions and, in some but not all cases, these studies are accessible publicly from these commissions. 
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Combining Data Sets 

Digital files and documentation describing the results of the 28 interruption-cost surveys were 
obtained from all of the participating utilities, in return for assurances that detailed data 
describing their customers would not be disclosed. Utilities that provided data included: 
Bonneville Power Administration, Cinergy (Now Duke Energy), Duke Energy, Mid America 
Power, Pacific Gas and Electric Company, Puget Sound Energy, Salt River Project, Southern 
California Edison, and Southern Company.  
 
While the survey instruments and procedures were very similar in all of the above cases, the data 
was provided in varying digital formats with differing variable names. The first step in the 
process of consolidating the data was to convert the information in these 28 files into a common 
format with common variable definitions and names. 
 
Meta-data sets were created for three customer groups: Small Commercial and Industrial 
customers (those operating facilities with less than 50 thousand annual kWh usage); Medium and 
Large Commercial and Industrial customers (i.e., those operating facilities with more than 50 
thousand annual kWh usage); and, residential customers. The studies collected interruption cost 
data by describing hypothetical interruptions and asking customers to estimate the costs that 
would occur if they experienced interruptions of varying duration, at different times of the day 
and during different seasons. Residential customers were asked to indicate the amount they 
would be willing to pay to avoid interruptions occurring under the same conditions. Respondents 
were typically asked to estimate their costs for between four and eight hypothetical interruptions 
-- varying the onset times, durations, seasons, etc as described above. 3 
 
To adjust for the fact that these studies were conducted over a 16-year period, the interruption-
cost estimates were adjusted for inflation to 2008 dollars using the US Bureau of Economic 
Analysis GDP Deflator. 
 
Finally, we dealt with the significant outliers in the interruption cost data. Statistics derived from 
data sets that include outliers can be extremely misleading. Outliers can occur by chance in any 
distribution, but they are often indicative either of measurement error or that the population has a 
long-tailed distribution. In the former case outliers should be discarded or statistics should be 
used that are robust to outliers.  In the latter case outliers indicate that the distribution has high 
kurtosis and that one should be very cautious in making the assumption of normality.  A 

                                                 
3 There has been a long simmering debate about the validity and reliability of customer reported interruption costs 
measured using survey techniques. There are two central criticisms of the use of survey methods to estimate 
customer interruption costs. The first applies generally to interruption cost surveys that use hypothetical 
interruptions as a framework within which to ask questions about interruption costs. In particular, there is concern 
that cost estimates based on hypothetical circumstances may over or under estimate the costs that occur under real 
conditions. There is no empirical evidence one way or another as to whether this concern is justified. A second 
concern applies principally to the measurements of interruption costs for residential customers that rest on what are 
called contingent valuation methods or stated preference methods. Contingent valuation studies have been the 
subject of considerable controversy – particularly as applied to the measurement of damage arising from 
environmental problems. The validity and reliability of various approaches to damage cost measurement using 
contingent valuation have been discussed at length in the literature. We cannot do it justice in the space available in 
this format. Those interested in this debate should see Mitchell and Carson (1989) or Horowitz and McConnell 
(2002). 
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common cause of the outlier problem is that that the so-called outliers belong to a different 
population than the rest of the sample set.  For example, for medium and large C&I customers 
the top five values for a 1 hour interruption are greater than 100 million dollars, and the highest 
interruption cost reported in the distribution is 112,000 times the mean interruption cost. 
Whether these observations are due to measurement error or are a totally distinct population of 
customers is unknown in this case.  Careful inspection of the data for the above described 
statistical outliers suggests that the costs they are reporting are plausible.  They are reported by 
customers operating extremely large and complicated industrial facilities with very high energy 
use.  Nevertheless, meaningful statistical modeling cannot be developed to take account of the 
interruption costs experienced by this numerically small but potentially important class of 
customers.  Extreme outliers were therefore excluded.4 Outliers were eliminated after first 
transforming the data to a lognormal scale (see the detailed discussion in Section 3.4 below).  
The total number of observations eliminated is approximately 2.8%. 
 
 

Estimating Customer Damage Functions 

Customers’ economic losses as a result of reliability and power-quality problems can be 
summarized by what is called a customer damage function (CDF). This idea was first suggested 
in 1994 by Goel and Billinton (1994). They described the customer damage function as a simple 
linear equation relating average interruption cost to the duration of an interruption. They used 
data collected from customers to describe this function. In 1995, Keane and Sullivan suggested a 
more general form of the CDF – that could be used to predict interruption cost values from a 
number of variables that have been shown in interruption cost surveys to influence customer 
interruption costs. Their form of the CDF appears below:  
 
Loss = f {interruption attributes, customer characteristics, environmental attributes}. (1) 
 
The interruption cost (Loss) in Eq. 1 is expressed in dollars per event, per customer. The factors 
(f) on which interruption costs depends are defined as follows: 

 Interruption attributes are factors such as interruption duration, season, time of day, and 
day of the week during which the interruption occurs.  

 Customer characteristics include factors such as: customer type, customer size, business 
hours, household family structure, presence of interruption-sensitive equipment, and 
presence of back-up equipment.  

 Environmental attributes include: temperature, humidity, storm frequency, and other 
external/climate conditions. 

 
In the work described in this report, regression analysis techniques are used to study alternative 
specifications of the customer damage functions for commercial and residential customers and 
ultimately to summarize the impacts of interruption attributes, customer attributes, and 
environmental conditions on the economic losses that customers said would occur as a result of 
electric interruptions in numerous studies.  
 

                                                 
4 It is also possible that such observations represent strategic responses designed to bias the results. 
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The ideal statistical framework for analyzing the above-described data is multiple regression. 
However, the use of an ordinary-least squares (OLS) approach to parameter estimation in 
regression is inappropriate because large percentages of respondents to interruption cost surveys 
report “0” (zero) interruption costs for short-duration interruptions.  
To solve the above problem a two-part regression model was used to estimate the customer 
damage functions in this study.  The two-part model assumes that the zero values in the 
distribution of interruption costs are correctly observed zero values. That is they are not errors.  
In the first step, a limited dependent model is used to predict the probability that a particular 
customer will report a value of zero versus any positive value for a particular interruption 
scenario, based on a set of independent variables which describe the nature of the interruption as 
well as customer characteristics. The predicted probabilities from this first stage are retained. In 
the second step, interruption costs for only those customers who report positive costs are related 
to a set of independent variables (which may or may not be the same as the independent 
variables used in the first stage). Predictions are made from this model for all customers, 
including those who reported zero interruption costs. Finally, the predicted probabilities from the 
“first part” are multiplied by the estimated interruption costs from the “second part” to generate 
the final interruption cost predictions. 
 
The functional form for the second part of the two-part model, must take account of the fact that 
the interruption cost distribution is bounded at zero and extremely right skewed (i.e. has a long 
tail in the upper end of the distribution). OLS is not an appropriate functional form given these 
conditions.  A simple way to define the customer damage function given the above constraints is 
to estimate the mean interruption cost, which is linked to the predictor variables through a 
logarithmic link function.  
 
The values of the parameters in the two-part model cannot be directly interpreted in terms of 
their influence on interruption costs because the relationships are among the variables in their 
logs. However, the estimated model produces a predicted interruption cost, given the values of 
variables in the models. To analyze the magnitude of the impact of variables in the CDF on 
interruption cost, it is necessary to compare the predictions made by the function under varying 
assumptions. For example, it is possible to observe the effects of duration on interruption cost by 
holding the other variables constant at their sample means. In this way, one can predict average 
customer interruption costs of varying durations holding other factors constant statistically. 
 
 

Results 

Table ES- 1 displays estimated average electricity customer interruption costs for 2008 expressed 
in costs per event, costs per average kW demand and costs per annual kWh sales. Cost estimates 
are provided for three customer segments and for durations ranging from < 5 minutes 
(momentary) to 8 hours. They are reported for three customer classes defined as follows: 
Medium and Large Commercial and Industrial (all non-residential customers with sales > 50,000 
kWh per year); Small Commercial and Industrial Customers (all non-residential accounts with 
sales <= 50,000 kWh per year); and residential customers. 
 
The values in the table have been calculated using the general customer damage functions 
described in Sections 4-6 of this report. These chapters describe the development of three 
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customer damage functions – one for each customer type (i.e., medium and large commercial 
and industrial customers, small commercial and industrial customer and residential customers). 
These customer damage functions provide estimates of the costs of interruptions of varying 
duration; occurring at different times of day (morning, afternoon and evening), days of week 
(weekends or weekdays) and season (summer and winter. They also provide estimates of 
interruption costs for customers of different size; and in the case of business customers, by 
business type (i.e., retail, utilities, construction, etc.). It is possible to estimate costs for planned 
as opposed to unannounced interruptions and for customers with and without backup generation. 
Thus by inserting reasonable assumptions about the interruption characteristics and customers 
into the customer damage functions, it is possible to use them to estimate the cost of a wide 
range of interruptions for a wide range of customers.  
 

Table ES- 1.  Estimated Average Electric Customer Interruption Costs US 2008$ by Customer 
Type and Duration (Summer Weekday Afternoon) 

Interruption Duration 

Interruption Cost Momentary 30 minutes 1 hour 4 hours 8 hours 

Medium and Large C&I   

Cost Per Event $11,756 $15,709 $20,360 $59,188 $93,890 

Cost Per Average kW $14.4 $19.3 $25.0 $72.6 $115.2 

Cost Per Un-served kWh $173.1 $38.5 $25.0 $18.2 $14.4 

Cost Per Annual kWh $1.65E-03 $2.20E-03 $2.85E-03 $8.29E-03 $1.31E-02 

Small C&I   

Cost Per Event $439 $610 $818 $2,696 $4,768 

Cost Per Average kW $200.1 $278.1 $373.1 $1,229.2 $2,173.8 

Cost Per Un-served kWh $2,401.0 $556.3 $373.1 $307.3 $271.7 

Cost Per Annual kWh $2.28E-02 $3.18E-02 $4.26E-02 $0.1403 $0.2482 

Residential   

Cost Per Event $2.7 $3.3 $3.9 $7.8 $10.7 

Cost Per Average kW $1.8 $2.2 $2.6 $5.1 $7.1 

Cost Per Un-served kWh $21.6 $4.4 $2.6 $1.3 $0.9 

Cost Per Annual kWh $2.06E-04 $2.48E-04 $2.94E-04 $5.81E-04 $8.05E-04 

 
 
The most widely used (and desired) metric for expressing interruption costs is the expected cost 
of un-served energy.  Estimates of the expected cost per un-served kWh are presented in Table 
ES-1 and Table ES-5 below.  This estimate was derived by dividing the interruption cost per 
event by [(annual kWh/8760) times the interruption duration].  While we recognize this 
calculation oversimplifies the estimation of un-served kWh, the data available concerning the 
distribution of customer loads and energy use across time is quite limited (i.e., annual kWh and 
in some cases annual maximum demand).  It may be possible to derive more precise estimates of 
kWh un-served in future efforts, but the resources available to the current project did not permit 
exploration of the alternative ways that may be available (e.g., using load research data to 
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develop hourly customer load shapes by season and customer type and then allocating annual 
kWh across the hours of the year). 
 
The interruption costs in Table ES- 1 are for the average sized customer in the meta-database for 
interruptions originating on summer afternoons without advance notice. The average annual kWh 
usages for the respondents in the meta-database were as follows: 
 

Sector Annual kWh 

Medium and Large C&I 7,140,501

Small C&I 19,214

Residential 13,351
 
The interruption cost estimates in Table ES- 1 describe the impact of duration on interruption 
costs for different types of customers and illustrate the dramatic differences in interruption costs 
for different type customers.  These interruptions costs are appropriate for application to 
customers anywhere in the US within customer type.  However, since the mixture of customers 
by type varies by geographical location, readers are advised to calculate location specify 
interruption costs using the equations described in chapters 4-6 taking account of locally 
available information about usage and business type to the extent that this information is 
available.  The different interruption cost metrics in ES-1 can be used to calculate interruption 
costs using information about interruption frequency (i.e. cost per event), for kW un-served (cost 
per average kW demand) and for different quantities of un-served load per hour (i.e., cost per un-
served kWh). 
 
Table ES-2 through ES-5 display estimated customer interruption costs calculated for different 
kinds of interruptions and different kinds of customers for the US for interruptions occurring on 
summer weekday afternoons.  
 
Table ES-2 displays the interruption cost per event for summer afternoon interruptions for non-
residential customers of different business types. This table illustrates the wide variation in 
interruption costs that occur for different business types within medium and large and small 
firms.  For medium to large sized firms, interruptions of one hour duration range in cost from 
about $8,000 for agricultural firms to about $47,000 thousand for manufacturing firms – a factor 
of almost 6. For small commercial and industrial customers, interruption costs vary from a low 
of about $461 per event for Public Administration to about $1,900 for Construction – a factor of 
about 4. 
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Table ES- 2.  Estimated Average Electric Customer Interruption Costs Per Event US 2008$ by 
Duration and Business Type (Summer Weekday Afternoon) 

Interruption Duration 

Interruption Cost Momentary 30 minutes 1 hour 4 hours 8 hours 

Medium and Large C&I   

Agriculture $4,382 $6,044 $8,049 $25,628 $41,250 

Mining $9,874 $12,883 $16,366 $44,708 $70,281 

Construction $27,048 $36,097 $46,733 $135,383 $214,644 

Manufacturing $22,106 $29,098 $37,238 $104,019 $164,033 

Telecommunications & Utilities $11,243 $15,249 $20,015 $60,663 $96,857 

Trade & Retail $7,625 $10,113 $13,025 $37,112 $58,694 

Fin., Ins. & Real Estate $17,451 $23,573 $30,834 $92,375 $147,219 

Services $8,283 $11,254 $14,793 $45,057 $71,997 

Public Administration $9,360 $12,670 $16,601 $50,022 $79,793 

Small C&I  

Agriculture $293 $434 $615 $2,521 $4,868 

Mining $935 $1,285 $1,707 $5,424 $9,465 

Construction $1,052 $1,436 $1,895 $5,881 $10,177 

Manufacturing $609 $836 $1,110 $3,515 $6,127 

Telecommunications & Utilities $583 $810 $1,085 $3,560 $6,286 

Trade & Retail $420 $575 $760 $2,383 $4,138 

Fin., Ins. & Real Estate $597 $831 $1,115 $3,685 $6,525 

Services $333 $465 $625 $2,080 $3,691 

Public Administration $230 $332 $461 $1,724 $3,205 
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Table ES-3 displays estimated utility customer interruption costs by customer type, for 
interruptions occurring during different seasons and days of the week. Average interruption costs 
vary by season and by time of day for each customer type. Interruptions in winter are generally 
less costly than interruptions occurring in summer. Interruptions are between 30% and 70% less 
costly on weekends than they are on weekdays for business customers. For residential customers, 
weekend interruptions are about 15% more costly than weekday interruptions. The difference 
between weekday and weekend interruption costs increases with interruption duration for both 
businesses and residential customers.  
 
 

Table ES- 3.  Estimated Average Electric Customer Interruption Costs Per Event US 2008$ by 
Customer Type, Duration, Season and Day Type 

Outage Duration 

Outage Cost Momentary 30 minutes 1 hour 4 hours 8 hours 

Medium and Large C&I   

Summer Weekday $11,756 $15,709 $20,360 $59,188 $93,890 

Summer Weekend $8,363 $11,318 $14,828 $44,656 $71,228 

Winter Weekday $9,306 $12,963 $17,411 $57,097 $92,361 

Winter Weekend $6,347 $8,977 $12,220 $42,025 $68,543 

Small C&I  

Summer Weekday $439 $610 $818 $2,696 $4,768 

Summer Weekend $265 $378 $519 $1,866 $3,414 

Winter Weekday $592 $846 $1,164 $4,223 $7,753 

Winter Weekend $343 $504 $711 $2,846 $5,443 

Residential   

Summer Weekday $2.7 $3.3 $3.9 $7.8 $10.7 

Summer Weekend $3.2 $3.9 $4.6 $9.1 $12.6 

Winter Weekday $1.7 $2.1 $2.6 $6.0 $8.5 

Winter Weekend $2.0 $2.5 $3.1 $7.1 $10.0 

 

 
 
Table ES-4 displays the interruption cost per event for summer afternoon interruptions for non-
residential customers of different business types. This table illustrates the wide variation in 
interruption costs that occur for different business types within medium and large and small 
firms.  For medium to large sized firms, interruptions of one hour duration range in cost from 
about $8,000 for agricultural firms to about $47,000 thousand for manufacturing firms – a factor 
of almost 6. For small commercial and industrial customers, interruption costs vary from a low 
of about $461 per event for Public Administration to about $1,900 for Construction – a factor of 
about 4. 
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Table ES- 4.  Estimated Average Electric Customer Interruption Costs Per Event US 2008$ by 
Customer Type, Duration and Time of Day 

Interruption Duration 

Interruption Cost Momentary 30 minutes 1 hour 4 hours 8 hours 

Medium and Large C&I   

Morning $8,133 $11,035 $14,488 $43,954 $70,190 

Afternoon $11,756 $15,709 $20,360 $59,188 $93,890 

Evening $9,276 $12,844 $17,162 $55,278 $89,145 

Small C&I  

Morning $346 $492 $673 $2,389 $4,348 

Afternoon $439 $610 $818 $2,696 $4,768 

Evening $199 $299 $431 $1,881 $3,734 

Residential   

Morning $3.7 $4.4 $5.2 $9.9 $13.6 

Afternoon $2.7 $3.3 $3.9 $7.8 $10.7 

Evening $2.4 $3.0 $3.7 $8.4 $11.9 

 

 
The variations in interruption cost estimates in the foregoing tables are not random. Interruptions 
of different duration result in very different costs. Interruptions for some types of customers are 
very much more expensive than for others. Interruptions occurring during different seasons, days 
of the week and times of day all result in significantly different costs.5 The differences are 
systematic and reflect the fact that different kinds of customers are differentially affected by 
different kinds of service interruptions.   This inherent variation in the cost of service 
interruptions is an empirical fact that should not be ignored for purposes of computational 
convenience.  That is, it is not appropriate to just pick one of the interruption costs (for a specific 
season, day of the week and onset time of day).   
 
Of course, it is often the case that the variation in the reliability of the system with respect to 
season, day of week, and time of day is unknown.  In such situations it is useful to apply what 
might be termed an “anytime” interruption cost.  This is an average interruption cost that has 
been weighted so that it properly reflects the costs of interruptions in different seasons, on 
different days of the week and at different times of day.  This cost is obtained by weighting the 
interruption costs for different time periods (in the customer damage functions) in such a way 
that differences in interruption cost by season, time of day and day of week are properly reflected 
in to the calculated average.   
 

                                                 
5 Because of the large numbers of observations in the models used to estimate the customer damage function, the 
parameters in these models indicating the effects of season, time of day, customer type and duration are highly 
statistically significant.  The statistical significance for each of these parameters is presented in the subsequent 
tables.  P-values for the parameters generally exceeded significance at 99% or higher. 
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Table ES-5 displays the anytime average customer interruption costs for the US.  The reader will 
note that these costs are significantly lower than the costs displayed in Table ES-1.  In essence, 
the anytime interruption costs have been deflated to take account of the fact that many hours in 
the year (e.g., night time and on weekends) represent periods when customer interruption costs 
are relatively low – compared with the costs of interruptions during times when customers are 
using electricity.   This is done by simply calculating the average interruption cost weighted for 
the amount of hours within a year by season, day of the week and time period during the day.  In 
this way the wide variations that occur in customer interruption costs resulting in the different 
impacts of seasons, times of day and day of week can be taken account of in future cost benefit 
calculations.  The anytime costs in Table ES-5 can be reasonably applied to indicators like 
SAIDI and SAIFI for purposes of calculating the impacts of system improvements that are 
expected to impact these indicators.6 
 
 

Table ES- 5.  Estimated Average Electric Customer Interruption Costs US 2008$ Anytime By 
Duration and Customer Type 

Interruption Duration 

Interruption Cost Momentary 30 minutes 1 hour 4 hours 8 hours 

Medium and Large C&I   

Cost Per Event $6,558 $9,217 $12,487 $42,506 $69,284 

Cost Per Average kW $8.0 $11.3 $15.3 $52.1 $85.0 

Cost Per Un-served kWh $96.5 $22.6 $15.3 $13.0 $10.6 

Cost Per Annual kWh 9.18E-04 1.29E-03 1.75E-03 5.95E-03 9.70E-03 

Small C&I  

Cost Per Event $293 $435 $619 $2,623 $5,195 

Cost Per Average kW $133.7 $198.1 $282.0 $1,195.8 $2,368.6 

Cost Per Un-served kWh $1,604.1 $396.3 $282.0 $298.9 $296.1 

Cost Per Annual kWh 1.53E-02 2.26E-02 3.22E-02 $0.137 $0.270 

Residential   

Cost Per Event $2.1 $2.7 $3.3 $7.4 $10.6 

Cost Per Average kW $1.4 $1.8 $2.2 $4.9 $6.9 

Cost Per Un-served kWh $16.8 $3.5 $2.2 $1.2 $0.9 

Cost Per Annual kWh 1.60E-04 2.01E-04 2.46E-04 5.58E-04 7.92E-04 

 
 
Ideally, in calculating the interruption costs arising from the historical reliability of a given 
electrical system or part of an electrical system one must take into account the historical 
distribution of unreliability with respect to time on the circuit(s) of interest. Interruptions on 
circuits that are primarily composed of residential customers will result in very different 

                                                 
6 For a discussion of the properties of these indices and the factors that influence their values see: “Tracking the 
Reliability of the U.S. Electric Power System: An Assessment of the Publicly Available Information Reported to 
State Public Utility Commissions”, by Joe Eto and Kristina Hamachi LaCommare (2008). 
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customer interruption costs than interruptions on circuits with significant business customer 
loads. If the interruptions are concentrated in the afternoon (because of temperature or thunder 
storms) the costs of interruptions will be different than if they are concentrated in the early 
morning (because of animal contacts with equipment).  
 
It is possible to build interruption cost estimation models that take account of these variations 
using the customer damage functions outlined in this paper in combination with detailed 
historical information about the temporal distribution of unreliability and the distribution of sales 
to customers of different types on the circuit(s) of interest.  In essence, this involves estimating 
the economic cost that customers on the circuit(s) must have experienced (or will experience) 
based on the number of customers interrupted by type, for how long, during what season, time of 
day and day of week. While computationally intensive, this calculation is not particularly 
difficult to accomplish. 
 
 

Concluding Remarks 

This paper describes research designed to merge the results from 28 previously confidential or 
not widely available interruption cost surveys into several large, integrated data sets (for different 
customer types) that can be used to estimate electricity customer interruption costs for the US. 
The principal benefit of this work is the development of reliable estimates of customer 
interruption costs for populations of industrial, commercial, and residential customers in the US 
derived from a rich database of responses to customer interruption cost surveys. The interruption 
costs reported in this paper illustrate the usefulness of the customer damage functions that have 
been estimated using the meta-database assembled for this research.  
 
Although customer damage functions reported in this paper represent a significant improvement 
over past information about customer interruption costs, there are limitations to how the data 
from this meta-analysis should be used. First, certain very important variables in the data are 
confounded among the studies we examined. In particular, region of the country and year of the 
study are correlated in such a way that it is impossible to separate the effects of these two 
variables on customer interruption costs. Thus, for example, it is unclear whether the higher 
interruption cost values for the southwest are purely the result of the hot summer climate in that 
region or whether those costs are higher in part because of the particular economic and market 
conditions that prevailed during the year when the study for that region was done.  
 
There is also some correlation between regions and scenario characteristics. The sponsors of the 
interruption-cost studies were generally interested in measuring interruption costs for conditions 
that were important for planning for their specific systems. As a result, interruption conditions 
described in the surveys for a given region tended to focus on periods of time when interruptions 
were more “problematic” for that region (e.g., summer peak or months when thunderstorms are 
common). Unfortunately, the time periods when the chance of interruptions is greatest are not 
identical for all sponsors of the studies we relied upon, so interruption scenario characteristics 
tended to be different in different regions. Fortunately, most of the studies we examined included 
a summer afternoon interruption, so we could compare that condition among studies. 
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A further limitation of our research is that the surveys that formed the basis of the studies we 
examined were limited to certain parts of the country. No data were available from the 
northeast/mid-Atlantic region, and limited data were available for cities along the Great Lakes. 
The absence of interruption cost information for the northeast/mid-Atlantic region is particularly 
troublesome because of the unique population density and economic intensity of that region. It is 
unknown whether, when weather and customer compositions are controlled, the average 
interruption costs from this region are different than those in other parts of the country.  
 
This paper has removed an important barrier to the widespread use of value based reliability 
planning in regulation and utility system planning – the availability of reasonable estimates of 
customer interruption costs.  There are others.  Additional work that needs to be done includes: 

1. Additional interruption cost surveying should be carried out in regions where 
information on customer interruption costs is currently unavailable (i.e., the Northeast 
Corridor and the Northern Tier of the Mid-West) 

2. An easy to use interruption cost calculator should be developed driven by the customer 
damage functions described in this paper. 

3. Additional work should be carried out to develop the ability to model uncertainty in 
interruption cost estimates 

4. Robust examples of the use of customer interruption costs to assess the benefits arising 
from different kinds of reliability reinforcements and regulatory decisions should be 
developed and published 

5. Additional basic research is needed to develop reasonable ways of using customer 
interruption cost information with currently used indicators of reliability performance 
(e.g., SAIFI and SAIDI); estimate partial interruption cost; and develop modern and less 
expensive techniques for estimating customer interruption costs. 
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1. Summary of Data and Overview of Analysis 

The discussion of the background for this research and the basic approach to database assembly 
was presented in the report provided by Lawton et. al. in 2004.  It is repeated and updated here 
for the convenience of the reader. 
 
Ensuring reliability has and will continue to be a priority for electricity industry expansion and 
restructuring.  Reliable electric power delivered on demand is a cornerstone of electricity’s 
ubiquitous adoption and use.  A central feature in electricity’s value to consumers, whether they 
are individual households or large industrial complexes, is the infrequent occurrence of 
interruptions or other power disturbances that interrupt the use of appliances, motors, electronics, 
or any of the other myriad of end uses for which electricity is the primary energy source. 
 
While no one disagrees that customers seek reliable power, ensuring reliability is a complex and 
multi-faceted problem.  The strategies available to meet that goal are numerous and the price tags 
associated with them vary greatly.  Most important of all, reliability has always been a shared 
responsibility because it is a public good.  Therefore, who pays and who benefits from increased 
reliability has always been an important question for both private and public decision makers.   
 
Underlying any strategy is assumptions about the value end-use customers place on reliability. 
During times of crisis caused by either short-term events, a common (yet, we believe 
inappropriate) assumption is that customers will pay almost any price for reliable power.  In 
contrast, during periods of reliable power delivery but accompanied by rising rates or rising 
taxes, there are frequent charges that the system is being overbuilt and designed to a higher 
standard of reliability than customers are willing to pay.   
 
A general framework for addressing this planning problem has been the application of value-
based planning.   For example see: (Munasinghe, 1979), (Burns and Gross, 1990), (Sanghvi et 
al., 1991), (Allan and Billinton, 1992), (Sullivan et al., 1996), (Sullivan and Keane, 1995), 
(Vojdani et al., 1996), (Wacker et al., 1983), (Wojczynski et al., 1983), (Woo and Train, 1988), 
(Matsukawa and Fujii, 1994), (Dalton et al., 1996), (de Nooij et al, 2006) and 2008), (Ghajar and 
Billinton, 2005), (Billinton et al., 1983), (Wangdee and Billinton, 2004),  (Reitz and Sen, 2006) 
and (Rose et al, 2007) (LaCommare and Eto, 2006) 
 
Value-based planning is designed to match the level of investment in reliability with the societal 
benefit of the improvement in reliability.  The use of value-based planning requires a method for 
estimating customers’ economic value of service reliability.  Historically, generation, 
transmission, and distribution systems investments have been planned using engineering criteria 
that do not consider the economics of the decision.  With value-based planning, it is assumed that 
customer preferences for service reliability can be measured and that these preferences can be 
used to establish economically justified reliability targets for generation, transmission, and 
distribution investments.   
 
In the application of value-based planning, the value of service reliability to customers has been 
conceptualized as equal to the economic losses that customers would experience if a given 
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interruption occurred.7  The economic losses experienced by customers as a result of reliability 
or power quality problems can be described by a Customer Damage Function (CDF)8.  The 
general form of a CDF is: 
 
Loss  = f{interruption attributes, customer characteristics, geographical attributes}. 
 
The dependent variable of economic loss is expressed as a loss in dollars per event, per kWh of 
un-served energy, per kWh of annual energy consumption or per kW of annual peak demand.  
The equation predicts the economic loss from factors that influence interruption costs.9  The 
interruption attributes might include duration, season, time of day, advance notice and day of the 
week.  The customer characteristics could include annual kWh usage, kW demand, type of 
business, type of household, presence of various interruption sensitive equipment, presence of 
backup equipment, and other firmographic or demographic characteristics.  Finally geographical 
attributes might include temperature, humidity, frequency of storms and other geographical 
conditions affecting economic losses from interruptions. 
 
Customer damage functions are useful for reliability planning in several ways.  First, the 
customer damage function provides a framework for conceptualizing and estimating the factors 
that influence customers’ interruption costs for particular types of interruptions.  Second, the use 
of a customer damage function allows for analysis of the isolated effects of different attributes of 
interruptions such as duration or time of day.  Third, it can be used to quantify the economic 
losses from different electricity system reliability investments by multiplying appropriately 
defined customer damage functions by the un-served energy expected under different system 
investment options.  These calculations then become the basis for comparing different reliability 
solutions and evaluating whether the economic benefits to customers are justified by the costs of 
the investment options. 
 
The use of customer damage functions and value of service reliability estimates applies to many 
investment decisions facing utility planners, regulators, and policy makers.  To compare 
alternatives in a planning framework, the calculations may focus on the economic costs or 
benefits of changes in un-served energy, the frequency of key events like momentary 
interruptions or voltage sags), or other aspects of the economic value of reliability.  A few 
examples serve to illustrate:10 

                                                 
7 In practice, for residential customers the surveys in this study rely on willingness-to-pay and/or willingness-to-
avoid questions.  These are taken to be alternatives to direct measurements of measuring residential customers’ 
value of service reliability.  Some additional analysis of the relationship between the WTP/WTA responses and the 
direct interruption cost measures would be of interest in assessing the difference between the two measurement 
approaches, however budget limitations precluded us from pursuing it at this time. 
8 For a discussion of the application of such functions to electric power supply reliability planning see “Prediction of 
Customer Load Point Service Reliability Worth Estimates in an Electric Power System,” L. Goel and R. Billinton, 
1994, IEEE Proc.-Gener, Tans, Dist, Vol.141, No. 4, July 1994.   
9 In this report, we use the term “customer interruption costs” to refer to value of electricity service reliability 
estimates developed through either surveys of the economic losses customers experience as a result of electric 
service interruptions or those developed through surveys of customers’ willingness-to-pay to avoid/willingness-to-
accept compensation for such problems. 
10 Detailed examples of the use of interruption costs in various generation, transmission, and distribution planning 
situations are provided in “Outage Cost Estimation Guidebook”, M. Sullivan and D. Keane, TR-106082, Electric 
Power Research Institute, Palo Alto, CA:  December , 1995. 
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 Generation planning:  As utilities add capacity, the probability of a generation capacity 
shortfall declines and the cost of un-served energy at the time of peak demand declines.  
Reducing the amount and hence cost of un-served energy is valuable to customers, the 
question is whether these benefits outweigh the costs of obtaining them.  By analyzing 
how the benefits from reducing un-served energy are distributed across customer classes 
and by knowing the economic value of that un-served energy has for different customers, 
planners can determine whether costs to improve system generation reliability are 
balanced with the value of the improvement to customers.  

 Transmission planning:  Transmission planners analyze the reliability of transmission 
lines to assure sufficient capacity exists to serve customers under different failure 
contingencies.  With value-based planning, the failure scenarios can be examined based 
on the number and frequency of voltage sags or power quality events they create and the 
costs to reinforce the system to reduce these power quality problems.  By comparing 
these costs to the economic value to customers of the reduction in power quality 
problems, decisions can be made as to whether system reinforcement creates sufficient 
net benefits to justify these added costs.  The customer damage functions, combined with 
the estimates of the frequency with which certain events might occur, serve as the basis 
for calculating the economic value of various options. 

 Distribution planning:  Customers on a distribution circuit can be served with different 
circuit design configurations (e.g., radial, loop, networked, with or without different 
Smart Grid).  Each configuration varies in its cost to implement and each has different 
implications for the expected frequency and duration of interruptions to customers served 
by these circuits.  Planners can compare options by calculating the expected un-served 
energy from various circuit designs and by examining the types of customers currently on 
the circuit and forecasted to locate near the circuit through time.  They can also compare 
designs on the likelihood of various power quality problems.  Using a customer damage 
function, the economic value of the reliability improvements can be calculated for 
specific groupings of customer types and for the specific reliability 
problems/improvements anticipated for a given circuit.  This economic value can be 
compared to the cost of various options to balance the costs with the anticipated benefits. 

 
Value-based planning concepts have been around for 20 or more years.  Over this period, there 
have been numerous studies to quantify the value of reliability as a basis for both public policy 
and private investment, and for operating decisions regarding generation, transmission, 
distribution, and retail offerings.  Efforts have been made to measure interruption costs or value 
of service using a range of methods and techniques.  See for example: (Lawton et. al. 2004), 
(Keane and Woo, 1992), (Sullivan et. al. 1996), (Woo and Train, 1988), Matsuaka and Fujii, 
1994), Wacker, Wojczynski and Billinton (1983), (Billinton, Tollefson and Wacker, 1992), 
(Caves et. al. 1992), (Beenstock et. al. (1997), (Doane, Hartman and Woo, 1988), (Hartman, 
Doane and Woo, 1991), (Woo and Pupp, 1992), (Balducci et. al, 2002), (Gilmer and Mack, 
1983).  
 
Despite these efforts, Eto, et al. (2001) noted that there were few estimates of the aggregate cost 
of unreliable power to the U.S. economy, and the estimates that were available were poorly 
documented or based on questionable assumptions.  Costs of large-scale interruption events (e.g., 
State- or region-wide power interruptions) were not well documented and were mostly based on 
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natural disasters for which it is difficult to separate costs of electric interruptions from damages 
caused by other disaster features (e.g., property damage from wind or water).  Studies of 
hypothetical interruptions obtained from interruption cost surveys could be used to prepare 
aggregate estimates of interruption costs.  However, there are important differences in the survey 
and statistical methodologies used in the studies that must be addressed in any meta-analysis 
relying upon them.  Finally, very little information was available in the public domain regarding 
the costs of power quality problems – an increasingly important aspect of service reliability. 
 
In 2002 LBNL sponsored an effort to assemble the data from a large number of studies for which 
results had never been reported in the public domain and prepare a statistical meta-analysis 
designed to estimate customer damage functions for utility customers in the US.  See Lawton et. 
al. (2004).  
 
The research effort assembled respondent level data from 24 studies carried out by 8 major US 
utilities over the course of 13 years.  These studies were based on carefully executed customer 
interruption cost surveys of residential, commercial and industrial customers.  This report 
describes the expansion and continuation of that research effort and incorporates a number of 
improvements in the data processing and econometric techniques designed to estimate general 
customer damage functions.    
 
The credibility of the estimates rests to a large extent on an understanding of how interruption 
costs were estimated in the various studies and how they have been combined.   The studies 
chosen for this research were selected because they employed a common survey methodology 
including sample designs, measurement protocols, and survey instruments and operating 
procedures.  This methodology is described in detail in EPRI’s Outage Cost Estimation 
Guidebook (Sullivan and Keane, 1995).  A brief discussion of this methodology can be found in 
Appendix B. 
 
The 28 studies used in this research include observations from virtually all the Southeast, most of 
the western U.S. (including almost all of California, rural Washington and Oregon, and the 
largest metropolitan areas in Arizona and Washington), and the Midwest south of Chicago.  The 
time frame covered by the studies ranges from 1989 to 2005 – a period of 16 years.  Several 
studies examined interruption costs for similar customer populations (e.g., residential customers) 
at roughly the same time using nearly identical measurement protocols, but were conducted by 
utilities located in different parts of the country.  Moreover, more than one of participating 
utilities had measured customer interruption costs using the same instruments and procedures at 
different points in time – one after five years and another after 12 years.  In almost all of the 
studies, detailed demographic and firmographic information was collected from study 
respondents and incorporated into the database of results.   
 
While each individual study was extensively analyzed by the utility that conducted the study for 
their own use, until this research was undertaken in 2002 there had been no efforts to combine 
the data from the studies into a single database.  The value of combining the data and developing 
a set of meta-models is the prospect of extending the results of the individual studies in several 
ways: 
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 Individual utilities typically represent only one region of the country, whereas a 
combined dataset provides an opportunity to evaluate value of service across regions that 
will include differences in temperature, humidity, energy rates, and regional economic 
conditions. 

 Utility customers are heterogeneous, particularly in the commercial and industrial sectors.  
Combining the data provides additional cases to examine value of service for important 
sub-segments (i.e., business types). 

 Most of the studies examined here use a survey method in which customers responded to 
various interruption scenarios.  By combining the data across studies, a broader range of 
scenarios can be used to estimate the impacts of time of day, duration, season, and certain 
special conditions, such as receipt of advance notice. 

 Because some of the studies were carried out at different times for the same geographical 
area, it is possible to assess how customer interruption costs are changing for different 
customer types as time passes. 

 
Combining the data has several positive features, but there are also limitations with which to 
contend.  First, because the studies were conducted for specific utilities at specific points in time 
some variables of interest are “collinear” with each other.  Consequently, it is impossible to 
develop a model that separates the impacts of time and geography.  Second, the studies chosen 
for this combined dataset used similar methods for collecting the data but they did not 
necessarily use identical methods.  As a result, it is important to consider that some effects 
identified in the data may be the result of “methods” effects rather than substantive effects of 
different variables. 
 
1.1 Data Update 

The major objective of this project was to identify, gather, and combine the data from prior 
utility value of service or interruption cost studies into separate databases containing the findings 
for three distinct customer groups: residential, small commercial and industrial (C&I), and 
medium and large C&I.  As part of the initial review of past studies, 12 utilities were identified 
that had measured customer interruption costs using survey-based methods for one or more of 
these three customers groups.  Altogether, 28 datasets from 10 companies were ultimately 
acquired, standardized, and then merged. While each dataset presented certain issues (see 
Appendix A), it was possible in most cases to develop rules for combining the data from the 
separate studies into meaningful meta-datasets based on common questions and metrics.   
 
The following steps were taken in creating the databases: 

1. Contact the utilities that had conducted customer interruption cost (or Value of Service 
or interruption cost) studies; 

2. Negotiate agreement(s) to participate in the study, including agreements not to disclose 
customer-specific information or present information that could be attributed to an 
individual firm; 

3. Obtain the datasets, codebooks, and original survey questionnaires; 
4. Standardize each dataset in terms of variable selection and construct; 
5. Merge the datasets; 
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6. Normalize interruption costs to a common base year (2008), using the GDP deflator; 
and, 

7. Review the data and exclude outliers and other data anomalies. 
 
The core elements of this process are described in this chapter.  Additional details are provided 
in Appendix A. 
 
First, all variables were standardized using common metrics.  For example, some studies may 
have described the interruption duration in hours (e.g., a 1 hour interruption) while others may 
have used minutes (e.g., a 30 or 60 minute interruption).  In this instance, the results for both 
studies were converted to minutes.  Although the survey instruments for the various studies may 
have used slightly different wordings, each study measured the same basic underlying concepts.  
These included: 

 Attributes of the Interruption (e.g., duration, frequency, season, time of day) 
 Summary of Costs (e.g., labor costs, material costs, damage costs) 
 Customer Characteristics (e.g., company size, household income) 

 
Second, all of the scenarios were hypothetical.  This is both a strength and weakness of this body 
of studies.  The goal in presenting customers with hypothetical interruption scenarios is that they 
can respond to the same stimulus (a carefully controlled description of a series of interruptions).  
This simplifies associating costs and customer characteristics with attributes of interruptions like 
duration and time of day.  However, because these are hypothetical, customers do not provide 
actual costs for actual events.  Instead, they are asked to carefully estimate their costs for the 
hypothetical situations, regardless of previous interruption experiences.  We cannot determine, 
prime facie, the biases inherent in such self-reports of cost estimates associated with hypothetical 
interruption scenarios. 
 
Third, the interruption scenarios varied in several ways, including 

 duration, 
 onset time of day 
 onset day type (weekday or weekend) 
 season (summer or winter) 
 Extent of advance notice of upcoming interruption 

 
Because planners are typically interested in interruptions occurring under specific system 
conditions, many interruption scenarios described interruptions associated with system peak 
conditions.  For example, studies conducted in northern climates were focused primarily on 
winter interruptions, while those in southern climates were focused primarily on summer 
interruptions.  Some studies measured interruption costs for momentary interruptions, while 
others did not.  Some studies measured costs for long interruptions (i.e., 8-12 hours), while the 
maximum interruption duration was limited to 4 hours in others.  The most commonly used 
interruption scenarios involved interruptions of one- and four-hour durations occurring on 
summer afternoons.  Most of the studies included a common 1-hour interruption occurring at 
time of system peak for all observations. 
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Fourth, the studies were conducted over a 16-year period.  The results from each study are 
appropriate for the time period during which the data were originally collected. To compare the 
results across time it was necessary to take account of inflation and changes in the cost of living.  
Accordingly, all of the cost data have been adjusted to 2008 dollars using the US Bureau of 
Economic Analysis GDP Deflator.   
 
The strategy used to collect interruption cost data in most of these studies involved presenting 
customers with a series of hypothetical interruptions and asking them to describe their costs (or 
to respond to a willingness to pay to avoid their costs) to each one.  Each respondent provided 
cost estimates for more than one scenario (in some cases, up to 8 scenarios).  Statistical power of 
the results was enhanced by organizing the data so that the responses for each scenario in a 
survey were treated as independent observations or records.  For example, if one respondent 
provided separate cost estimates for each of 3 scenarios, then these results were converted into 
three separate records in the meta-database.  The common variables, e.g., firmographic 
information such as SIC code, were appended to each record.   
 
As explained above, meta-datasets were created for three customer groups:  residential, small 
C&I (50 thousand annual kWh or less) and medium and large C&I (more than 50 thousand 
annual kWh).  The commercial and industrial datasets include the following information on each 
observation: 

1. Season 
2. Onset time of day 
3. Onset day of week 
4. Interruption duration 
5. Whether advanced warning was received 
6. Year interruption cost study was completed 
7. Estimated interruption cost; 
8. Customer’s SIC code 
9. Customer’s business type 
10. Number of employees 
11. Whether company has back-up generation  
12. Customer’s annual kWh consumption 

 
The residential customers’ survey included similar interruption scenario information (items #1-7, 
above) but also included: 

1. Willingness to pay measure (WTP) 
2. Willingness to accept credit (WTA) 
3. Type of housing 
4. Home ownership 
5. Household income 
6. Whether household has sickbed resident 
7. Whether household uses medical equipment in the home 
8. Whether household has a home business 

 
The commercial and industrial, and the residential datasets are also differed from one another in 
other important respects, as described below. 
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1.2 Commercial and Industrial Datasets 

Development of commercial and industrial sector databases involved creating separate databases 
for the medium and large C&I and small C&I data.   Each includes enterprises involved in all 
aspects of commercial and industrial activity as well as government services.  Although utilities 
use slightly different criteria for defining small, medium and large customer classes, we used 
common criteria to assign customers to either small versus medium and large C&I.  The small 
commercial and industrial customer was defined as a one using 50 thousand kWh annually or 
less.  The medium and large C&I customer was defined as a customer using more than 50 
thousand kWh annually.   
 
For both commercial and industrial customers, all of the studies employed the same interruption 
cost estimation methodology – direct worth or direct cost estimation (see Appendix C).  In the 
direct worth estimation methodology, customers were asked to estimate the losses they would 
experience under varying assumptions about the timing, duration and extent of electric 
interruptions.  In most cases, the estimation involved customers completing a worksheet for each 
scenario in which they reported various types of costs and various types of savings.  These costs 
and savings were then summed to calculate a net cost of the interruption.  Customers were 
generally asked to provide estimates for four to ten scenarios (i.e., combinations of onset time, 
duration, extent of advance warning, season and day of the week).  Thus, these studies produced 
a range of estimated interruption costs for each customer – one for each combination of 
interruption conditions on which they were asked to report.  It is not uncommon for some of the 
customers within a given study to receive one randomly chosen set of interruption conditions, 
while others receive a somewhat different randomly chosen set.   
 
For the two commercial and industrial datasets, the primary dependent variable is total cost of 
the interruption on a per event basis.  In most cases, demand and usage information for each 
customer was also available and, for reporting purposes, was used to express interruption cost on 
a per average kW11 and per annual kWh basis.   
 
1.3 The Residential Dataset 

Unlike the commercial and industrial customers where costs associated with an interruption can 
be converted into an economic loss based on lost profits or costs over savings, the costs of 
interruptions to residential customers are often more intangible.  Residential customers tend to 
describe their costs in terms of the “hassle” or “inconvenience” of an interruption rather than in 
terms of specific labor or material costs.  For this reason, most of the residential interruption cost 
studies in this meta-analysis use some form of ‘willingness to pay’ (the amount the household 
respondent would be willing to pay in order to avoid an interruption of a certain scenario) as the 

                                                 
11 The use of average kW in this report is different from many previous studies where maximum kW demand is 
used.  Maximum kW is not used in this report because it is not included in many of the datasets.  Instead, average 
kW is calculated by dividing annual kWh by 8760 hours/year.  If necessary, maximum kW can be estimated by 
dividing average kW by an assumed load factor. 
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dependent variable (rather than rely on estimation of direct costs)12.  The meta-analysis described 
here focuses on these ‘willingness to pay’ measures.   
 
Unlike the commercial and industrial customers where costs associated with an interruption can 
be converted into an economic loss based on lost profits or costs over savings, the costs of 
interruptions to residential customers are often more intangible.  Residential customers tend to 
describe their costs in terms of the “hassle” or “inconvenience” of an interruption rather than in 
terms of specific labor or material costs.  For this reason, most of the residential interruption cost 
studies in this meta-analysis use some form of ‘willingness to pay’ (the amount the household 
respondent would be willing to pay in order to avoid an interruption of a certain scenario) as the 
dependent variable (rather than rely on estimation of direct costs)13.  The meta-analysis described 
here focuses on these ‘willingness to pay’ measures.14 

                                                 
12 Some of the studies measured willingness to pay, willingness to accept and direct worth interruption cost 
estimates.  Willingness to accept and direct worth measurements were not analyzed in developing the customer 
damage functions reported in later sections. 
13 Some of the studies measured willingness to pay, willingness to accept and direct worth interruption cost 
estimates.  Willingness to accept and direct worth measurements were not analyzed in developing the customer 
damage functions reported in later sections. 
14 The validity and reliability of various approaches to damage cost measurement using contingent valuation have 
been discussed at length in the literature. We cannot do it justice in the space available in this format. Those 
interested in this debate should see Mitchell and Carson (1989) or Horowitz and McConnell (2002). 
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2. Methodology 

2.1 The Nature of Interruption Cost Data 

The distribution of reported interruption costs has at least three characteristics which present 
significant challenges to the modeling exercise contemplated here. First, a significant portion of 
the observations have a value of zero. For example, 33.3% of reported interruption costs for 
medium and large C&I customers are zero. Second, the nonzero interruption costs are 
significantly right-skewed (for most of this range, interruption costs are approximately 
lognormal). Third, the right tail of the distribution deviates substantially from log normality due 
to excess kurtosis.15 For example, for medium and large C&I customers, the value of the 
distribution of interruption costs at the 95th percentile is more than 1,000 times larger than the 
figure at the 5th percentile. In addition, there are a small number of large customers whose 
interruption costs are several orders of magnitude higher than other respondents. Given these 
characteristics, it is likely that standard regression techniques (e.g. OLS) will produce extremely 
unreliable results, subject to serious bias and inflated error variances. 
 
There is a significant literature dealing with analysis of data on healthcare expenditures which 
has similar properties (See Jones (2000) for an overview). For example, annual data on 
healthcare expenditures is characterized by a large cluster of data at 0 and a right skewed 
distribution of the remaining outcomes. For instance, people who do not get sick generally use 
$0 of medical care in a given year. Of those who do get sick, most are not seriously ill, but there 
will be a subset of the population who will incur significant medical expenses.  In addition, there 
will be a small number of outliers with extremely expensive medical care.  From an applied 
statistical perspective, how should one take these characteristics into account?  These issues are 
addressed below. 
 
2.2 Outliers 

The distribution of interruption costs contains significant outliers. For example, as indicated 
above for medium and large C&I customers the top five values for a 1 hour interruption are 
greater than 100 million dollars, and the highest interruption cost reported is 112,000 times that 
of the mean interruption cost. Outliers are generally classified as mild outliers or extreme 
outliers. In statistical terms a value X is an extreme outlier if: 
 
X<Q1-3*IQR  (1) 
 
X>Q3+3*IQR  (2) 
 
Mild outliers are any data values which lie between 1.5 times and 3.0 times the interquartile 
range below the first quartile or above the third quartile. We computed the implied cutoff values 
based on the medium and large C&I survey responses for a 1-hour interruption. The results are 
described below: 
 

                                                 
15 For example, for the data on medium and large C&I customers, the test for normality fails to reject the null 
hypothesis of normality for the skew of the distribution, but easily rejects the null based on excess kurtosis. 
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  Low High 
Mild Outlier cutoff points -6,448.3 11,451.9
# mild outliers 0 578
% mild outliers 0.00% 4.05%
      
Severe Outlier cutoff points -13,160.8 18,164.4
# severe outliers 0 1618
% severe outliers 0.00% 11.34%
 
Unfortunately, the extreme kurtosis of the data leads the standard method to reject a substantial 
fraction of the dataset (15%) as outliers.  However, because the data are approximately 
lognormal over a most of the distribution, and the form of the primary interruption cost 
regression is logarithmic, it appropriate to examine the data in log form. In natural logarithms, 
the outlier diagnostics provide much more reasonable results: 
 
  Low High 
Mild Outlier cutoff points 1.794 13.440
# mild outliers 4 51
% mild outliers 0.04% 0.55%
      
Severe Outlier cutoff points -2.573 17.810
# severe outliers 0 0
% severe outliers 0.00% 0.00%
 
For the regression analyses presented in this report, both the mild and severe outliers were 
eliminated using the above procedure, except that these criteria were applied within industry and 
duration for log interruption costs and within industry for log annual kWh usage. For all C&I 
data combined, approximately 2.8% of cases are excluded owing to outliers and missing data, 
leaving 51,741 cases available for calculating total cost. For the residential dataset, 
approximately 2.7% of cases are excluded owing to outliers and missing data, leaving 26,026 
cases available for calculating total cost. 
 
2.3 Functional Form and Transformation 

Excluding the zeros and outliers, the distribution of interruption costs is approximately 
lognormal. For such distributions, estimation using logged estimates will often yield more 
precise and robust results than direct analysis of unlogged dependent variable. As such, one 
might propose the following simple loglinear specification for interruption costs, where Ci 
represents reported interruption costs for each scenario and Xi represents a vector of scenario-
related and firmographic variables: 
 

)ln( ii Cc    (3) 
 

)ln( ii Xx    (4) 
 

iii uxc     (5) 
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Of course, we are not interested in log scale results per se. The question then arises how to derive 
the desired predictions of raw interruption costs Ĉi from the estimated equation above. Note that 
taking the antilogarithm of the predicted values from the loglinear equation above will not yield 
the desired predictions, i.e., exp(Ĉi) ≠ Ĉi. Indeed, given the nature of the data on interruption 
costs, the results of that procedure are likely to be far from the correct values. 
 
Many economic models specify loglinear relations between variables, which means that after a 
log-transformation of the dependent variable, and possibly independent variables, the model is a 
standard linear regression model in the transformed variables. The transformed model can 
therefore be estimated by OLS and optimal predictors for the transformed dependent variables 
are easily obtained. However, one is generally interested in predicting the original variables, not 
the variables in logs. One solution is just to take the inverse transform of the optimal predictor in 
the transformed model, i.e. take the exponential of the optimal predictor from the loglinear 
model. This solution is not optimal for the original variable because the nonlinear (inverse) 
transformation results in a biased predictor, due to both the distribution of the estimator and the 
random nature of the disturbance term. The problem is one of relating (conditional) expectations 
before and after a nonlinear transformation. This relation is trivial in linear models but for 
nonlinear models the problem cannot usually be solved analytically. 
 
If the error term ui is both normal and homoskedastic, then the predicted values can be recovered 
via the following relation: 
 

  2

2

|
 

 ix

ii eXCE   (6) 
 
Where σ2 is the variance of the error u. Of course, the assumption of normality and 
homoskedasticity is unlikely to hold in general and in particular is extremely unlikely to hold for 
the interruption cost data at issue here. If the data are nonnormal, another option is the 
“smearing” estimator of Duan (1983), where the σ2/2 factor is replaced by the mean of the 
antilog of the residuals, however this estimator also assumes homoskedasticity.16 
 
The fundamental issue here is not one of simply transformation but a broader question of 
functional form. Of course, one simple approach would be (despite the characteristics of the data 
described above) to use OLS on the raw interruption cost data. The advantage of this approach is 
simplicity – there is no retransformation issue with a purely linear model and the effects of 
various factors on interruption costs can be clearly observed. The disadvantages, however, are 
numerous and fatal. First, the high skew of the underlying data means that the results are not 
robust to smaller data sets, i.e., the results from one dataset may provide poor predictions for 
another dataset. OLS can also produce negative interruption costs. OLS will be extremely 
inefficient in the statistical sense due to the enormous residual variance 
 
A simpler way to address the issue is to abandon the goal of estimating E[log(Y)|X], in favor of 
estimating log(E[Y|X]). In other words, we estimate the mean interruption cost, which is linked 
to the predictor variables through a log function, while the loglinear approach models the mean 
log(Ci). Another way of thinking about the difference between these two models is that the GLM 
                                                 
16 See Ai and Norton (2000). 
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approach models the arithmetic mean of interruption costs, while the standard loglinear approach 
models the geometric mean of the interruption cost. Of course, the estimated parameters will 
then be arithmetic means instead of geometric means, but in our case the primary goal is the 
generation of accurate interruption cost predictions under various scenarios, rather than the 
interpretations of individual parameters per se. Another advantage of the GLM approach is that 
arithmetic means are still even when the outcome is zero, and thus such an approach could be 
used to model interruption costs including the zero values (although the use of the two-part 
model obviates the need to do so). 
 
Following the approach laid out by Manning and Mullaly (1999), the GLM framework is 
specified by two relationships. The first specifies the mean function for the observed raw-scale 
variable Ci (interruption costs in our case) conditional on a set of independent variables Xi: 
 

ii XCE  ])[ln(   (7) 
 
or 
 

iX
ii eXCE   )(][  (8) 

 
The second relationship relates the variance function for Y to X: 
 

)()( 2
ii XvCVar     (9) 

 
It is useful to consider a general class of variance functions of the form: 
 

 ))(()( ii XCV    (10) 
 
where γ must be finite and non-negative. In the case γ=0, we obtain the usual nonlinear least 
squares estimator. In the case γ=1, we obtain the Poisson like class, where the variance is 
proportional to the mean, which is itself a function of X. In the case of γ=2 we get the gamma 
family of distributions, from which the lognormal, Weibull, and Chi-squared are variants 
depending on the shape parameters. Manning and Mullaly (1999) note that the family of gamma 
models (γ=2) are in some respects a natural “baseline” specification, since if the true model is 
actually C= exp(X·β)*u, then it is natural to suggest that Var[C|X] is proportional to the mean 
E[C|X] squared. Deb, Manning and Norton (2006) suggest the use of the GLM Family Test (a 
variant of the Park test) to identify the correct value of gamma. The purpose of the GLM Family 
Test is to determine the relationship between the mean and variance as specified in the last 
equation above. The procedure for implementing the test is as follows:17 
 

1. Regress interruption costs iC (raw scale) on iX (using either OLS or GLM) 

2. Save the raw scale residuals iû and iĈ , the predicted values of iC  
3. Regress the log of the estimated residuals on the log of the predicted values.  The 

estimated coefficient ̂ from this regression gives the family: 

                                                 
17 See Pregibon (1980). 
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If ̂ =0, Gaussian NLLS (variance unrelated to mean) 
If ̂ =1, Poisson (variance equals mean) 
If ̂ =2, Gamma (variance exceeds mean) 
If ̂ =3, Wald or inverse Gaussian 
 
The estimated values of gamma for the three customer groups are presented below: 
 

  
Estimate of 

Gamma 
Standard 

Error 

Medium and Large C&I 1.919 0.00608 

Small C&I 1.844 0.01083 

Residential 1.654 0.02997 

 
Although the high number of observations and resulting low standard errors lead to a rejection of 
the null hypothesis that gamma=2 in each case, the fact that the values are close to 2 strongly 
favors the use of the gamma family of errors. Thus the decision was made to employ GLM with 
a logarithmic link function with gamma distributed errors.  
 
Because the total number of observations represent the answers to multiple scenarios (up to 6), 
the standard errors presented in all of the regression estimates contained in the report are 
adjusted to reflect clustering by respondent.18 
 
2.4 The Regression Specification 

Previous literature has dealt with the peculiarities of interruption cost data using a variety of 
regression specifications, many of which can be described under the general rubric of switching 
regressions.19  The most general setting is as follows: 
 
Regime 1: iii uXy  11  if and only if ii uZ   

 
Regime 2: iii uXy  22  if and only if ii uZ   

 
The first term in each of the two regime descriptions above, where the presumed variable of 
interest yi is related to a set of determinants ( X1  ) is sometimes referred to as the outcome 
equation.  The second term ( Z  ) which specifies the determination between the two regimes is 
sometimes referred to as the selection equation. 

                                                 
18 See the svy command in the Stata reference manual. 
19 Although the terms switching regression and selection model are sometimes used interchangeably, technically 
selection models as well as both endogenous and exogenous switching models are distinct classes depending on 
which of the two regimes are observed versus unobserved and whether the selection equation is linked to the 
outcome equation.  As is explained below, because we assume that both regimes are observed (whether or not 
interruption costs are positive) and that the regime indicator has no effect on the outcome (interruption costs), the 
distinction is moot with regard to our analysis.  
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Censored and truncated models, selection models (such as the Heckman two-step model), and 
the two-part model employed here are all particular applications of switching regressions.  In 
censored or truncated models, the outcome variable yi is only observed in one regime state.  
Matters may be further complicated when the same factors that determine the regime affect the 
outcome variable.  With respect to interruption costs, the selection model determines whether or 
not respondents report positive interruption costs for the scenario in question.  The outcome 
model relates interruption costs to the scenario-related and firmographic variables, conditional on 
the fact that interruption costs are indeed positive. 
 
Although an interruption cost which is reported as zero may indeed be some small positive 
number which is too troublesome to compute exactly, there is no issue of truncation or 
censoring.  That is the zeros do not represent values below zero that have somehow been 
censored.  The standard Tobit model assumes that the observations are left-censored at zero, that 
is, that values which are zero are actually negative.  Figure 1 displays a graphic comparison of a 
distribution that corresponds with the form for which the Tobit model is appropriate and the 
actual distribution of interruption costs observed in this study for Medium and Large 
Commercial and Industrial Customers.  In the figure it is evident that the distribution of 
interruption costs is not at all similar to the distribution that is left censored.   
 
Figure 2-1, shows that the distribution of interruption costs increases uniformly as the value of 
interruption costs decrease, until the point mass at zero is reached.  Although interruption costs 
may decrease for some time over some duration, by definition net interruption costs cannot be 
negative, and in addition to reported interruption costs of zero there are many values near zero. 
 
As in the general case, a potential endogeneity in the estimation of interruption costs arises from 
the linkage between the parameters of the outcome equation and the selection equation.  The 
presence of this endogeneity determines the appropriateness (or inappropriateness) of the 
statistical model chosen.  In practical terms, the question is whether the factors that determine 
whether the interruption costs are zero also determine the magnitude of interruption costs. 
We assume that endogeneity is not an issue with respect to interruption costs, and that a model 
which accounts for this assumption explicitly presents the best approach from a statistical 
perspective.  Consider as an example the Heckman selection model, where the log odds ratio 
from the selection model appears in the outcome model to account for the presumed 
endogeneity.  The presence of the correction is due to the potential correlation between the error 
term in the selection model and the error term in the (conditional) outcome model.  On the one 
hand, if the conditional outcome model does not have the correction term, it may be under-
specified, leading to estimation bias.  On the other hand, if the correction term does not belong, 
the outcome model will underpredict interruption costs, perhaps significantly.  The correct 
choice between these two approaches is discussed in detail in Duan and Manning (1983).  In the 
following section we introduce our preferred approach and offer an empirical evaluation of its 
performance vis-à-vis other switching regressions. 
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Figure 2-1.  Comparison of Censored Distribution with the Actual Distribution of Interruption 
Costs for Medium and Large Commercial and Industrial Customers Histogram of Interruption 
Costs (0 to 95th Percentile) 

 
2.5 The Two-Part Model 

Unlike sample selection models, the two-part model assumes that the selection equation and the 
outcome equation are completely independent from one another. In the first step, a limited 
dependent model is used to assess the probability that a particular customer will indeed report a 
value of zero versus any positive value for a particular interruption scenario, based on a set of 
independent variables which describe the nature of the interruption as well as customer 
characteristics. The predicted probabilities from this first stage are retained. In the second step, 
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interruption costs for only those customers who report positive costs are related to a set of 
independent variables (which may or may not be the same as the independent variables used in 
the first stage). Predictions are made from this model for all customers, including those who 
reported zero interruption costs. Finally, the predicted probabilities from the “first part” are 
multiplied by the estimated interruption costs from the “second part” to generate the final 
interruption cost predictions. Heuristically, the model can be described as follows, where Ci 
represents interruption costs for customer i, Zi and Xi represent vectors of customer 
characteristics as well as interruption scenario parameters for customer i, γ and β represent 
parameter vectors, and ui and εi represent disturbance terms: 
 
Part I: ),()0Pr( iii uZFC   (11) 
 

)̂(ˆ ii ZFP      (12) 
 
Part II: ),,,( iii XfC    0iC  (13) 
 

),( ii XfC   for all i   (14) 
 

iii CPC ˆˆ~      (15) 
 
 
Presumably the nomenclature “two-part” is employed rather than “two-stage” to emphasize the 
fact that the two parts of the model are not related in any way. The choice of independent 
variables and functional form are totally at the discretion of the researcher, and there is no 
linkage between the two equations. 
 
In order to evaluate the validity of our assumption regarding the appropriateness of the two-part 
model versus the Tobit or the Heckman selection model, an in-sample test of forecasting 
accuracy was performed.  The three different specifications were each used to estimate the 
interruption costs for 20% of the sample held back from the model parameter estimation 
exercise. Model parameters were estimated for all three customer groups: Small C&I customers, 
medium and large C&I customers, and residential customers.  The models were estimated using 
a randomly selected group of respondents representing 80% of the total respondents.  The 
estimated model was then used to predict interruption costs for the remaining 20% of the sample.  
The results of this in-sample validation exercise are presented in Table 2-1 through Table 2-3 
below.  The results indicate that the Two Part regression procedure produces much more 
accurate predictions of customer interruption costs than either of the other model specifications. 
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Table 2-1.  Reported and Predicted Interruption Costs Across Three Regression Specifications, 
Small C&I Customers 

Variable 

Reported 
Interruption 

Costs 

Predicted 
Interruption 
Costs (Two-
part model) 

Predicted 
Interruption 
Cost (Tobit) 

Predicted 
Interruption 

Cost (Heckman 
Two-step 
model) 

Duration         

Voltage Sag $210 $372 -$1 $1,703 

Up to 1 Hour $738 $653 $0 $2,418 

2 to 4 hours $3,236 $2,322 $34 $5,623 

8 to 12 hours $3,996 $3,971 $217 $7,697 

Industry (1-hour duration)         

Agriculture $302 $531 -$1 $1,351 

Mining $3,161 $1,357 $0 $1,930 

Construction $1,577 $1,128 $1 $3,235 

Manufacturing $1,027 $869 $1 $3,325 

Telco. & Utilities $665 $896 $1 $2,968 

Trade & Retail $623 $564 $1 $2,114 

Fin., Ins. & R. E. $1,039 $886 $0 $3,029 

Services $563 $488 $0 $2,234 

Public Admin. $139 $291 -$1 $1,629 

Average kW/hr (1-hour duration)         

0-1 kW/hr $449 $575 $1 $1,723 

1-2 kW/hr $843 $636 $0 $2,429 

2-3 kW/hr $804 $707 $0 $2,583 

3-4.5 kW/hr $752 $676 $0 $2,676 

Over 4.5 kW/hr $617 $741 $1 $2,984 

Region (1-hour duration)         

Midwest $474 $493 $0 $1,855 

Northwest $335 $491 -$1 $2,313 

Southeast $820 $762 $0 $2,629 

Southwest $1,136 $511 -$1 $2,591 

West $867 $791 $2 $2,286 

Time of Day (1-hour duration)         

Night $226 $495 -$1 $2,781 

Morning $659 $622 $0 $2,268 

Afternoon $1,087 $770 $2 $2,347 

Evening $349 $469 -$1 $4,382 
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Table 2-2.  Reported and Predicted Interruption Costs Across Three Regression Specifications, 
Medium and Large C&I Customers 

Variable 

Reported 
Interruption 

Costs 

Predicted 
Interruption 
Costs (Two-
part model) 

Predicted 
Interruption 

Cost 
(Tobit) 

Predicted 
Interruption 

Cost (Heckman 
Two-step 
model) 

Duration         

Voltage Sag $7,331 $8,439 $108 $5,075 

Up to 1 Hour $16,347 $12,566 $319 $8,371 

2 to 4 hours $40,297 $38,757 $5,400 $37,523 

8 to 12 hours $46,227 $43,068 $7,886 $44,404 

Industry (1-hour duration)         

Agriculture $1,646 $1,096 $5 $640 

Mining $33,925 $14,972 $896 $12,347 

Construction $3,091 $5,987 $23 $2,436 

Manufacturing $46,004 $31,839 $1,004 $23,207 

Telco. & Utilities $5,942 $7,032 $38 $2,452 

Trade & Retail $3,074 $2,875 $52 $2,199 

Fin., Ins. & R. E. $5,760 $8,710 $49 $3,144 

Services $3,868 $4,512 $29 $2,604 

Public Admin. $19,784 $9,402 $52 $3,406 

Average kW/hr (1-hour duration)         

0-25 kW/hr $1,351 $1,796 $15 $1,226 

25-100 kW/hr $3,466 $3,975 $45 $2,629 

100-500 kW/hr $11,975 $10,017 $184 $6,595 

500-2500 kW/hr $44,699 $28,505 $670 $18,999 

Over 2500 kW/hr $101,076 $77,023 $2,621 $51,441 

Region (1-hour duration)         

Midwest $15,355 $9,728 $296 $7,642 

Northwest $2,808 $4,458 $21 $3,064 

Southeast $26,066 $20,729 $527 $13,508 

Southwest $4,094 $3,593 $35 $2,164 

West $19,975 $13,297 $415 $8,802 

Time of Day (1-hour duration)         

Night $7,439 $4,933 $16 $2,831 

Morning $7,711 $6,276 $120 $4,552 

Afternoon $25,244 $19,815 $590 $13,058 

Evening $27,275 $15,073 $94 $9,430 
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Table 2-3.  Reported and Predicted Interruption Costs Across Three Regression Specifications, 
Residential Customers 

Variable 

Reported 
Interruption 

Costs 

Predicted 
Interruption 
Costs (Two-
part model) 

Predicted 
Interruption 

Cost 
(Tobit) 

Predicted 
Interruption 

Cost (Heckman 
Two-step 
model) 

Duration     

Voltage Sag $2.3 $2.4 -$0.6 $18.9 

Up to 1 Hour $4.1 $3.8 -$0.4 $20.8 

2 to 4 hours $7.3 $7.2 $0.4 $26.8 

8 to 12 hours $11.5 $9.4 $1.0 $29.5 

Average kW/hr (1-hour duration)         

0-0.5 kW/hr $3.9 $3.1 -$0.4 $14.1 

0.5-1 kW/hr $3.5 $3.2 -$0.4 $17.3 

1-1.75 kW/hr $4.0 $3.7 -$0.4 $20.7 

1.75-2.5 kW/hr $4.1 $4.1 -$0.4 $23.4 

Over 2.5 kW/hr $5.0 $4.6 -$0.3 $26.5 

Region (1-hour duration)         

Northwest $3.1 $3.6 -$0.5 $23.9 

Southeast $6.2 $4.6 -$0.1 $18.2 

Southwest $1.8 $3.1 -$0.7 $27.5 

West $4.5 $3.6 -$0.3 $15.3 

Time of Day (1-hour duration)         

Morning $5.3 $5.2 $0.0 $19.8 

Afternoon $4.1 $3.5 -$0.3 $14.9 

Evening $3.3 $3.2 -$0.6 $27.6 
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Figure 2-2.  Medium and Large Commercial and Industrial Customers Histogram of Reported and 
Predicted Log Interruption Costs Using Tobit Specification 

 
In particular the Tobit results are of note.  See Figure 2-2.  They are so far from the true value as 
to be essentially nonsensical.  The graphs above demonstrate clearly why the Tobit produces 
such dramatic underestimates of interruption costs.      
 
What is conspicuously missing from the top of the figure are the 33.2% of observations which 
are reported as zero interruption cost.  How does the Tobit procedure handle those zeros in the 
estimation process? 
 
The identical scale of the two histograms makes very clear where the zeros are mapped to in 
terms of predicted interruption costs.  They are assumed to be low (or negative) values, the effect 
of which is to dramatically bias the predicted interruption costs towards zero in every category.  
The fault does not lie in the Tobit estimation itself; in fact it performs exactly as intended.  The 
problem is the assumption regarding the nature of the zero values for interruption costs. 
 
The Heckman model also underpredicts interruption costs relative to the reported values, 
although not as severely as the Tobit model.  See Figure 2-3.  The charts representing reported 
and predicted interruption costs for the Heckman model are similar, although not nearly as 
dramatic as the Tobit results: 
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Figure 2-3.  Medium and Large Commercial and Industrial Customers Histogram of Reported and 
Predicted Log Interruption Costs Using Heckman Specification 

 
As with the Tobit case, the Heckman model performs exactly as expected.  By assuming that the 
zero reported interruption costs arise from a self-selected sample and actually represent non-zero 
values, the Heckman procedure “corrects” the regression coefficients which apply to all 
observations.  For medium and large C&I customers, the correction causes an underprediction of 
interruption costs.  With respect to residential customers, the correction leads to a severe 
overprediction of willingness to pay for interruptions. 
 
2.6 Implications 

The models applied here to the interruption cost data from the various surveys are departures 
from the previous literature on the modeling of interruption costs. We believe that the use of the 
two-part model versus the Tobit or other selection model and the GLM versus the standard 
loglinear model both represent improvements over previous results which significantly increase 
the statistical accuracy of the predictions from those models and, in turn, should significantly 
improve the reliability of the customer damage functions derived from them.  
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3. Medium and Large Commercial and Industrial Customer Results 

The medium and large commercial and industrial dataset is built from 13 studies conducted by 
10 companies and includes approximately 7,196 respondents. Overall 31,068 total responses 
were utilized in the analysis. The number of cases varies depending on availability of data since 
either the study or the scenario details for a particular respondent may contain missing values). 
The distribution of the available data across various interruption attributes, years, and customer 
characteristics is described below. 
 
Table 3-1 summarizes the number of records available for analysis by region, season, day of 
week, and year of study. The results show that the number of responses ranges from 76 to more 
than 3,600 for various combinations. Overall there is substantial coverage across regions, for 
winter versus summer seasons, and across year of study. For the medium and large commercial 
and industrial sector, there is more limited data on weekend interruptions.  
 

Table 3-1.  Medium and Large Commercial and Industrial Customers Number of Observations by 
Region, Company, Season, Day of Week and Year 

Year of Survey 
Region - 
Company Season 

Day of 
Week 1989 1990 1993 1996 1997 1999 2000 2002 2005 Total 

Midwest-1 Summer Weekday               2,048   2,048

Summer Weekday       1,654           1,654Midwest-2 

Summer Weekend       298           298
Northwest- 1 Winter Weekday 1,834                 1,834

Summer Weekday           2,335       2,335Northwest- 2 

Summer Weekend           472       472
Southeast- 1 Summer Weekday         87         87

Summer Weekday     3,649   2,721         6,370Southeast- 2 

Winter Weekday     296   327         623
Southeast- 3 Summer Weekday   2,106               2,106

Summer Weekday             2,811     2,811

Summer Weekend             589     589

Southwest 

Winter Weekday             593     593

Summer Weekday             1,489     1,489

Winter Weekday             293     293

West-1 

Winter Weekend             601     601

Summer Weekday 1,624   1,795           2,967 6,386West-2 

Winter Weekday 403               76 479

Total: 3,861 2,106 5,740 1,952 3,135 2,807 6,376 2,048 3,043 31,068
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While suggesting a reasonable degree of coverage for conducting the meta-analysis, the results in 
Table 3-1 also point to a key limitation in the data: The results show that there are certain “holes” 
in the coverage that will limit the ability to use the merged data to sort out the effects for some 
variables.  In particular, the region of the country and the year of the study are highly correlated. 
In most years only one or two utilities conducted a study, and the studies were done in different 
parts of the county. As a result, a calculation of the average interruption cost for a given year is 
heavily influenced by the region and type of scenarios asked in that region. For this reason, the 
data probably cannot be used effectively to evaluate the changes in interruption costs over time 
without additional statistical controls for the region (or utility) and scenario characteristics. This 
problem surfaces for many of the calculations of interruption costs that would be of interest. 
Simple comparison of average interruption costs for levels of a variable of interest (such as 
interruption costs for different interruption durations or for different regions) must be interpreted 
very cautiously outside the context of a multivariate model that can control for other customer or 
interruption attributes. The underlying group of customers responding to a scenario will vary 
from scenario to scenario and differences in these underlying groups may be more important in 
explaining differences in the interruption costs than the levels of the variable of interest (such as 
duration). For this reason, we remind the reader that the regression analysis presented at the end 
of this chapter provide the most meaningful information on the value of service. The bivariate 
tabulations presented in the tables are suggestive, but due to the methodological and data 
structural issues, may be somewhat misleading. For example, it makes sense to compare the 
effect of a specific condition on interruption cost only when the same respondents provide 
information to both permutations. However, frequently one group of respondents provides 
information about only one kind of scenario, and these results may not be comparable to 
different respondents. Importantly, only multiple regression or similar analyses take all of these 
factors into consideration simultaneously and consistently.  
 
3.1 Interruption Cost Descriptive Statistics 

Table 3-2 and Table 3-3 show the distribution of interruption costs by interruption duration on a 
per-event and per-average kW basis, respectively for medium and large commercial and 
industrial customers. The results in Table 3-2 show interruption costs rising from an average of 
$7,220 for a voltage sag to $41,459 for an 8-hour interruption. Although the results trend 
generally upward as would be expected, there are substantial deviations from this trend. For 
example, the voltage sag has a significantly higher per event cost ($7,220) than a 15-minute 
interruption (at $2,432). In addition, reported interruption costs for a 30 minute interruption is 
greater than the cost for a 1 hour interruption and a one hour interruption has a lower average 
cost than a two hour interruption.  Neither of these differences makes sense.  They arise because 
both the 30 minute interruption and the 2 hour interruption were estimated for a relatively small 
subset of customers that differ substantially from the average customers in the study in terms of 
their size and type. As discussed above, the table (unlike the regression analysis presented in 
Section 3.2 below) does not control for all of the other factors within each duration which vary 
among the scenarios. The effect of duration on interruption costs can only be interpreted in the 
context of a multivariate model controlling for differences among the studies. 
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Table 3-2.  Medium and Large Commercial and Industrial Customers US 2008$ Interruption Cost 
per Event by Duration 

Percentiles 

Duration N Mean 
Standard 

Error 
Standard 
Deviation 5% 25% 50% 75% 95%

Voltage sag 6,225 $7,220 751 $59,286 $0 $0 $0 $692 $17,868 

15 min 459 $2,432 614 $13,163 $0 $0 $0 $374 $9,969 

20 min 403 $8,808 2,252 $45,216 $0 $0 $470 $3,463 $29,360 

30 min 908 $35,150 3,816 $114,986 $0 $12 $1,500 $15,897 $171,866 

1 hour 13,600 $15,056 737 $85,892 $0 $0 $541 $3,911 $51,349 

2 hours 296 $7,298 1,298 $22,330 $0 $0 $831 $2,769 $41,534 

4 hours 6,848 $39,870 1,775 $146,908 $0 $352 $3,356 $21,650 $175,884 

8 hours 1,753 $41,459 3,861 $161,653 $0 $127 $3,789 $23,488 $164,754 

12 hours 576 $28,999 4,231 $101,533 $0 $1,178 $5,279 $18,752 $107,513 

 
 

Table 3-3.  Medium and Large Commercial and Industrial Customers US 2008$ Interruption Cost 
per Average kW/Hour by Duration 

Percentiles of Individual kW/Hour figures 

Duration N 
Mean 
(Ratio) 

Standard 
Error 

Standard 
Deviation 5% 25% 50% 75% 95% 

Voltage sag 6,225 $8.1 0.77 $60.9 $0.0 $0.0 $0.0 $5.6 $139.5 

15 min 459 $9.3 2.32 $49.7 $0.0 $0.0 $0.0 $6.2 $128.2 

20 min 403 $13.6 2.21 $44.4 $0.0 $0.0 $4.7 $19.1 $132.5 

30 min 908 $14.0 1.48 $44.5 $0.0 $0.0 $4.2 $21.8 $216.1 

1 hour 13,600 $21.5 1.06 $123.1 $0.0 $0.0 $7.7 $46.2 $408.9 

2 hours 296 $77.4 14.44 $248.5 $0.0 $0.0 $15.7 $60.5 $435.8 

4 hours 6,848 $44.4 2.28 $188.4 $0.0 $2.8 $39.8 $160.8 $1,113.1 

8 hours 1,753 $93.3 10.11 $423.1 $0.0 $1.5 $69.9 $316.6 $2,302.3 

12 hours 576 $26.5 4.54 $108.9 $0.0 $8.3 $100.6 $304.1 $1,293.8 

 
 
One of the primary drivers of interruption costs which is not controlled in Table 3-2 is customer 
size. Interruption cost varies significantly as a function the size of the customer’s operation and 
its dependence on electricity. There are two important proxy measures of customer size that can 
be used to scale interruption costs to the magnitude of electric demand and usage for typical 
customers.  These are: interruption cost per unserved kW and interruption cost per annual 
average kWh sold.  It is useful to calculate interruption costs scaled to these quantities because in 
utility planning the magnitude of unserved load or energy is often calculated for alternative 
design or operating criteria.   For example, utilities commonly know the annual sales of energy at 
various points on the transmission and distribution system by customer type.  That is, it is 
relatively easy to obtain measurement of the annual kWh sold to residential commercial and 
industrial customers at the feeder, circuit, distribution transformer, and substation and 
transmission line level.  In addition, in some planning applications, degradations or 
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improvements in reliability are often expressed in terms of lost load (kW demand) or unserved 
energy (unserved annual kWh (properly scaled to interruption duration).   
 
Table 3-3 shows the effect of normalizing the per even interruption costs to an average kW/Hour 
basis.  Some of the oddities present in Table 3-2 are eliminated by this normalization, although 
there are still inconsistencies.  Because the individual figures for interruption costs per average 
kW/Hour are extremely variable, the mean and standard error figures are based on the total sum 
of interruption costs divided by annual average kW/Hour.20 The distribution percentiles are still 
based on the distribution of the individual values. The costs range from $8.1 per average 
kW/Hour of demand for a voltage sag to $93.3 per average kW/Hour for an 8-hour interruption 
(although the figure for a 12-hour interruption is lower than the figure for an 8-hour interruption, 
it is possible that this difference represents a methodological artifact as only one study used the 
12-hour duration). 
 
In Table 3-4 and Table 3-5, comparisons of the average interruption costs for a 1-hour 
interruption for several key variables—season, day of week, region, and industry—are presented. 
The data include the mean and standard deviation of interruption costs as well as several 
percentiles in the distribution. Table 3-4 presents these summary statistics for the raw 
interruption costs, while  
For data on regions, the rank order of the regions is somewhat different when the interruption 
costs are measured on a per average kW/Hour basis. The Southwest region has the highest costs 
per average kW/Hour ($37), while the Midwest and Northwest (at slightly less than $20 per 
average kW/Hour) have the lowest values. Finally, in terms of industry, construction has the 
highest cost per average kW/Hour at $62.9. The remaining business types range from $7.6 to 
$43.6 on a per average kW/Hour basis with mining being the lowest. 
 
Some of the interruption cost surveys also included scenarios with advanced warning for a 
particular interruption (For surveys which did not provide such alternatives, all scenarios are 
assumed to be interruptions which occur without warning). For medium and large C&I 
customers there were also questions regarding the presence of backup power generators or power 
conditioning equipment. However, the only way to make such cost comparisons meaningful is to 
be certain that one is comparing the same scenarios while varying the characteristics, and do so 
with essentially the same respondents. In particular, larger customers are likely to have both 
backup generation and power conditioning, so they might actually report higher interruption 
costs.  The separate effects of those choices as well as advance warning are presented in the 
regression results below. 
 presents the same information per average kW/Hour. These values are presented to provide a 
measure of the typical values and range of values in the underlying data used in the meta-
analysis, and provide a check of the validity of the data. However, as noted above, these averages 
must be compared carefully as the underlying pool of customers included in the calculation 
changes among each of these categories. 

                                                 
20 Another possible explanation is that the use of the facility by the customer has changed overtime as indicated by 
substantial shifts in electricity use over the year.  This could be the case of manufacturing facilities or even for 
restaurants or other small businesses that close for renovations and then reopen. 
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Table 3-4.  Medium and Large Commercial and Industrial Customers 2008 
Summary of the Cost per Event of a 1-Hour Outage 

Percentiles 
Outage 

Characteristic N Mean 
Standard 

Error 
Standard 
Deviation 5% 25% 50% 75% 95%

Season  

Winter 1,729 $11,129 1,724 $71,679 $0 $0 $0 $1,558 $34,268 

Summer 11,871 $15,628 805 $87,758 $0 $0 $625 $4,230 $53,994 

Day  

Weekend 1,359 $2,249 329 $12,146 $0 $0 $125 $979 $9,126 

Weekday 12,241 $16,478 816 $90,332 $0 $0 $623 $4,576 $57,819 

Region  

Midwest 1,474 $12,294 1,924 $73,871 $0 $0 $587 $3,911 $37,562 

Northwest 2,315 $3,552 349 $16,813 $0 $0 $187 $1,250 $14,496 

Southeast 4,338 $23,797 1,725 $113,591 $0 $0 $750 $6,749 $89,767 

Southwest 1,983 $5,946 1,147 $51,097 $0 $0 $141 $1,432 $14,585 

West 3,490 $18,166 1,560 $92,188 $0 $108 $1,082 $6,922 $62,305 

Industry  

Agriculture 187 $1,063 290 $3,971 $0 $0 $108 $541 $2,565 

Mining 170 $18,501 3,747 $48,858 $0 $245 $1,850 $10,825 $98,287 

Construction 129 $3,663 788 $8,945 $0 $0 $301 $4,038 $15,040 

Manufacturing 3,620 $41,691 2,576 $155,010 $0 $261 $3,997 $19,750 $174,763 

Telco. & Utilities 1,023 $8,837 1,631 $52,166 $0 $0 $208 $1,624 $26,424 

Trade & Retail 3,390 $2,818 171 $9,975 $0 $0 $367 $1,624 $12,918 

Fin., Ins. & R.E. 585 $5,790 1,526 $36,905 $0 $0 $122 $1,952 $19,087 

Services 3,690 $4,810 345 $20,946 $0 $0 $208 $1,869 $19,496 

Public Admin. 207 $12,239 3,904 $56,169 $0 $0 $216 $2,549 $46,044 
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Table 3-5 presents the same information per average kW/Hour. These values are presented to 
provide a measure of the typical values and range of values in the underlying data used in the 
meta-analysis, and provide a check of the validity of the data. However, as noted above, these 
averages must be compared carefully as the underlying pool of customers included in the 
calculation changes among each of these categories. 

 

Table 3-5.  Medium and Large Commercial and Industrial Customers US 2008$ Summary of the 
Cost per Average kW/Hour of a 1-Hour Interruption 

Percentiles of Individual kW/Hour figures 
Interruption 

Characteristic N 
Mean 
(Ratio) 

Standard 
Error 

Standard 
Deviation 5% 25% 50% 75% 95% 

Season  

Winter 1,729 $13.8 1.91 $79.5 $0.0 $0.0 $0.0 $20.0 $300.1 

Summer 11,871 $22.8 1.21 $131.7 $0.0 $0.0 $9.4 $50.2 $427.2 

Day  

Weekend 1,359 $30.6 4.49 $165.4 $0.0 $0.0 $2.9 $35.6 $396.8 

Weekday 12,241 $21.4 1.06 $117.7 $0.0 $0.0 $8.2 $47.6 $416.4 

Region  

Midwest 1,474 $19.8 2.91 $111.7 $0.0 $0.0 $5.2 $30.4 $181.4 

Northwest 2,315 $19.9 2.04 $98.4 $0.0 $0.0 $2.8 $23.4 $176.4 

Southeast 4,338 $18.2 1.26 $82.9 $0.0 $0.0 $7.1 $40.6 $311.8 

Southwest 1,983 $37.0 6.98 $310.6 $0.0 $0.0 $8.2 $102.0 $880.2 

West 3,490 $28.5 2.82 $166.8 $0.0 $0.7 $15.0 $66.2 $594.1 

Industry  

Agriculture 187 $43.6 11.59 $158.5 $0.0 $0.0 $3.6 $33.7 $221.3 

Mining 170 $7.6 1.23 $16.1 $0.0 $0.4 $6.8 $32.4 $161.9 

Construction 129 $62.9 17.03 $193.4 $0.0 $0.0 $12.1 $100.0 $660.1 

Manufacturing 3,620 $22.0 1.39 $83.5 $0.0 $0.9 $11.2 $55.9 $520.0 

Telco. & Utilities 1,023 $19.0 3.66 $116.9 $0.0 $0.0 $1.4 $25.3 $393.9 

Trade & Retail 3,390 $34.2 2.04 $118.5 $0.0 $0.0 $12.9 $49.5 $367.0 

Fin., Ins. & R.E. 585 $32.7 9.20 $222.5 $0.0 $0.0 $1.3 $49.2 $615.2 

Services 3,690 $18.7 1.33 $81.0 $0.0 $0.0 $3.8 $36.0 $403.6 

Public Admin. 207 $14.8 4.45 $64.0 $0.0 $0.0 $1.2 $25.7 $216.5 

 
 
The data suggest that interruption costs on a per event basis are higher in the summer than the 
winter ($15,628 versus $11,129); are higher on weekdays than weekends ($16,478 versus 
$2,249); are higher in the Southeast ($23,797 per event) than in the Northwest ($3,552 per event) 
or Midwest ($12,294 per event); and are higher for manufacturing ($41,691 per event) and 
mining ($18,501) than other business and government sectors. Although these patterns are 
generally similar when examined on a per average kW/Hour basis, there can be substantial 
differences. The interruption cost per average kW/Hour of demand is $13.8 for winter and $22.8 
for summer, consistent with the raw data on interruption costs. Unlike the per-event figures, the 
day of the week data on an average kW/Hour basis show that interruption costs on a per average 



31 

kW/Hour are higher on the weekend ($30.6) than during the weekday ($21.4) for medium and 
large commercial and industrial customers. This is counterintuitive, since we would expect lower 
average interruption costs during periods when most businesses are closed (weekends) compared 
to when they are open (weekdays).  The problem here is that only five surveys asked about 
weekend interruptions at all, and the average customer size for those five surveys was 1.2 million 
annual kWh versus 6.25 million annual kWh for the remaining surveys.  As such, any analysis 
which does not control for size (as in the regression analysis below) can yield misleading figures 
when simply tabulating costs on a univariate basis. 
 
For data on regions, the rank order of the regions is somewhat different when the interruption 
costs are measured on a per average kW/Hour basis. The Southwest region has the highest costs 
per average kW/Hour ($37), while the Midwest and Northwest (at slightly less than $20 per 
average kW/Hour) have the lowest values. Finally, in terms of industry, construction has the 
highest cost per average kW/Hour at $62.9. The remaining business types range from $7.6 to 
$43.6 on a per average kW/Hour basis with mining being the lowest. 
 
Some of the interruption cost surveys also included scenarios with advanced warning for a 
particular interruption (For surveys which did not provide such alternatives, all scenarios are 
assumed to be interruptions which occur without warning). For medium and large C&I 
customers there were also questions regarding the presence of backup power generators or power 
conditioning equipment. However, the only way to make such cost comparisons meaningful is to 
be certain that one is comparing the same scenarios while varying the characteristics, and do so 
with essentially the same respondents. In particular, larger customers are likely to have both 
backup generation and power conditioning, so they might actually report higher interruption 
costs.  The separate effects of those choices as well as advance warning are presented in the 
regression results below. 
 
3.2 Customer Damage Function Estimation 

The summary of interruption costs for the key characteristics outlined above provides a measure 
of whether the combination of various studies fit intuitively with expectations of interruption 
costs for this sector. However, the results may not be particularly useful when attempting to 
make sense of the values of one particular variable across studies. The average value of 
interruption costs for any given descriptor variable is a function of the interruption attributes, 
region, and the customer types that answered that particular scenario. As noted at the beginning 
of this section, the combination of customer and interruption characteristics can vary 
substantially depending on the variables being examined. To adequately control for these varying 
influences, a multivariate regression analysis was conducted to develop a customer damage 
function. The results of that regression analysis were then used to estimate a general customer 
damage function expressing commercial and industrial customers’ interruption costs as a 
function of interruption duration, onset time, season, and various customer characteristics such as 
annual usage, number of employees and other variables. 
 
As discussed above in the methodology section, the usual response distribution for the dependent 
variable – interruption costs presents certain modeling challenges. In almost all studies, and 
including the large commercial and industrial customers, a significant number of respondents 
report “0” (zero) interruption costs for many scenarios. This is particularly true of short duration 
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interruptions, but may be true of even longer ones at certain times of the day or seasons because 
of backup generation or the ability to shift production without incurring additional costs. To 
overcome this problem, the analysis reported below uses a two-part model. In the first step, a 
limited dependent model is used to assess the probability that a particular customer will indeed 
report a value of zero versus any positive value for a particular interruption scenario, based on a 
set of independent variables which describe the nature of the interruption as well as customer 
characteristics. The predicted probabilities from this first stage are retained. In the second step, 
interruption costs for only those customers who report positive costs are related to a set of 
independent variables (which may or may not be the same as the independent variables used in 
the first stage). Predictions are made from this model for all customers, including those who 
reported zero interruption costs. Finally, the predicted probabilities from the “first part” are 
multiplied by the estimated interruption costs from the “second part” to generate the final 
interruption cost predictions.  
 
A second issue with the typical distribution of interruption costs is the presence of a number of 
extremely large values. As detailed more fully in Section 3 above, all observations meeting the 
statistical definition of mild outlier (more than 3 times the interquartile range above the 75th or 
below the 25th percentile were eliminated from the data for both log interruption costs (within 
industry and duration) and for log of annual kWh usage (within industry). The total number of 
observations removed by these criteria is 397.21  
 
The data on interruption costs are also highly skewed, i.e., there are a small number of relatively 
high values. The high skew of the underlying data means that the results are not robust to smaller 
data sets, i.e., the results from one dataset may provide poor predictions for another dataset. A 
regression analysis such as OLS on the raw values will be extremely inefficient in the statistical 
sense due to the enormous residual variance, and can also produce negative interruption costs. To 
overcome this issue, the analysis was conducted under the assumption that the mean of 
interruption costs is related to the predictor variables through a logarithmic versus a linear link 
function. The decision to use a lognormal link function was based on several considerations. 
Using a lognormal transformation gives the underlying distribution of interruption costs a more 
normal shape with less severe tails (see Figure 3-1 and Figure 3-2). 
 
To observe the magnitude of the impact of the variables in the models on the interruption cost it 
is necessary to compare the predictions made by the function under varying assumptions. For 
example, it is possible to observe the effects of duration on interruption cost holding the other 
variables constant at their sample means. In this way, a prediction is obtained for customer 
interruption costs under different interruption conditions. 
 
To develop a set of models, several combinations of the variables representing attributes of the 
interruption (e.g., duration, time of day, advanced warning) and customer characteristics (e.g., 
number of employees, SIC code, and presence of backup equipment) as well as their interactions 
were tested. Because not all studies included the same variables, the regression models utilized 
variables that appeared in all studies 

                                                 
21 See the discussion on outliers above in Section 3.4. 
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Figure 3-1.  Medium and Large Commercial and Industrial Customers Histogram of Interruption 
Costs (0 to 95th Percentile) 
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Figure 3-2.  :  Medium and Large Commercial and Industrial Customers Histogram of Log 
Interruption Costs, Positive Values Only 
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Table 3-6 and 3-7 describes initial probit regression model that specifies the relationship between 
the presence of zero interruption costs and a set of independent variables that includes 
interruption characteristics, customer characteristics, and industry designation. Although the 
purpose of this preliminary limited dependent model is only to normalize the predictions from 
the interruption costs regression in the second part of the two-part model, there are a few 
interesting results of note: 

 The longer the interruption, the more likely that the costs associated with it are positive 
(the presence of a negative coefficient on the square of duration indicates that this effect 
diminishes for longer durations). 

 Afternoon interruption costs are more likely to incur positive costs than any other time of 
day. 

 Weekday interruptions are more likely to produce positive interruption costs than 
weekends. 

 Summer interruptions are more likely to incur costs than non-summer interruptions. 
 
Table 3-8 describes the GLM regression which relates the level of interruption costs to customer 
and interruption characteristics as well as industry designation for those variables for which 
sufficient data from multiple studies were available. A few results of note: 

 The longer the interruption, the higher the interruption cost. 
 Afternoon and evening interruptions cost more than morning interruptions, weekday 

interruptions are more costly than weekend interruptions. 
 Larger customers (in terms of annual MWh usage) incur larger costs for similar 

interruptions. 
 Construction and manufacturing industries incur larger costs for a similar interruption 

than other industries. 
 Interruption costs in winter and summer are not significantly different. 
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Table 3-6.  Medium and Large Commercial and Industrial Customers Average Values for 
Regression Inputs 

Variable Average Value 

Interruption Characteristics  

Duration (minutes) 122.1 

Duration Sq. 14,908.3 

Morning 46.0% 

Afternoon 40.4% 

Evening 3.1% 

Weekday 93.7% 

Warning Given 8.8% 

Summer 85.8% 

Customer Characteristics  

Log of Annual MWh 8.9 

Backup Gen. or Power Cond. 37.2% 

Backup Gen. and Power Cond. 8.4% 

Interactions  

Duration X Log of Annual MWh 266.6 

Duration Sq. X Log of Annual MWh 32,545.8 

Industry  

Mining 1.4% 

Construction 0.9% 

Manufacturing 28.6% 

Telco. & Utilities 7.2% 

Trade & Retail 25.0% 

Fin., Ins. & R.E. 3.8% 

Services 25.2% 

Public Admin. 1.8% 

Industry Unknown 4.7% 
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Table 3-7.  Medium and Large Commercial and Industrial Customers Regression Output for 
Probit Estimation 

Variable Coefficient 
Standard 

Error P-Value 

Interruption Characteristics  

Duration 0.007 0.001 0.000 

Duration Sq. -7.01E-06 8.25E-07 0.000 

Morning 0.200 0.025 0.000 

Afternoon 0.380 0.035 0.000 

Evening -0.020 0.044 0.653 

Weekday 0.151 0.028 0.000 

Warning Given 0.076 0.027 0.005 

Summer 0.461 0.033 0.000 

Customer Characteristics  

Log of Annual MWh 0.085 0.008 0.000 

Backup Gen. or Power Cond. 0.027 0.028 0.336 

Backup Gen. and Power Cond. 0.265 0.050 0.000 

Interactions  

Duration X Log of Annual MWh -1.76E-04 7.54E-05 0.019 

Duration Sq. X Log of Annual MWh 1.58E-08 1.18E-07 0.893 

Industry  

Mining 0.685 0.161 0.000 

Construction 0.376 0.166 0.023 

Manufacturing 0.557 0.117 0.000 

Telco. & Utilities 0.184 0.123 0.137 

Trade & Retail 0.455 0.115 0.000 

Fin., Ins. & R.E. 0.230 0.130 0.077 

Services 0.164 0.116 0.155 

Public Admin. 0.207 0.151 0.170 

Industry Unknown 0.150 0.128 0.240 

Constant -1.706 0.129 0.000 

Regression Diagnostics  

Observations 31,068 

Log Likelihood -17,466 

Degrees of Freedom 7,175 

Prob > F 0.000 
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Table 3-8.  Medium and Large Commercial and Industrial Customers 2008 
Regression Output for GLM Estimation 

Variable Coefficient 
Standard 

Error P-Value 

Interruption Characteristics  

Duration 0.009 0.001 0.000 

Duration Sq. -9.01E-06 1.73E-06 0.000 

Morning 0.019 0.090 0.838 

Afternoon 0.280 0.121 0.021 

Evening 0.306 0.140 0.029 

Weekday 0.252 0.078 0.001 

Warning Given -0.088 0.060 0.140 

Summer -0.077 0.089 0.386 

Customer Characteristics  

Log of Annual MWh 0.451 0.020 0.000 

Backup Gen. or Power Cond. 0.080 0.075 0.286 

Backup Gen. and Power Cond. 0.127 0.114 0.266 

Interactions  

Duration X Log of Annual MWh -2.09E-04 1.45E-04 0.151 

Duration Sq. X Log of Annual MWh 1.73E-07 2.34E-07 0.460 

Industry  

Mining 0.430 0.299 0.150 

Construction 1.579 0.593 0.008 

Manufacturing 1.289 0.273 0.000 

Telco. & Utilities 0.815 0.296 0.006 

Trade & Retail 0.273 0.267 0.308 

Fin., Ins. & R.E. 1.225 0.358 0.001 

Services 0.522 0.270 0.053 

Public Admin. 0.617 0.346 0.075 

Industry Unknown 1.076 0.330 0.001 

Constant 4.524 0.298 0.000 

Regression Diagnostics  

Observations 20,755 

Log Likelihood -217,448 

Degrees of Freedom 5,991 

LR Test (Model with Constant Only) LR χ2(22) =  36,378.08  p-value=0.0000 

LR Test (Model with Constant, Duration, 
and log of annual MWh Only) 

LR χ2(22) =  5,284.45  p-value=0.0000 
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Table 3-9 summarizes the reported versus the predicted values for various important interruption 
costs drivers from the estimated regression model: 
 

Table 3-9.  Medium and Large Commercial and Industrial Customers Summary of Predicted vs. 
Reported Interruption Cost 

Variable 

Predicted 
Interruption 

Cost 

Reported 
Interruption 

Cost 

Predicted as 
a % of 

Reported 

Duration 

Voltage Sag $8,348 $7,220 116% 

Up to 1 Hour $12,573 $15,702 80% 

2 to 4 hours $40,690 $38,521 106% 

8 to 12 hours $45,684 $38,377 119% 

Industry (1-hour duration) 

Agriculture $1,156 $1,063 109% 

Mining $16,824 $24,269 69% 

Construction $7,135 $3,622 197% 

Manufacturing $32,214 $42,185 76% 

Telco. & Utilities $9,032 $9,271 97% 

Trade & Retail $2,547 $2,711 94% 

Fin., Ins. & R. E. $7,615 $5,830 131% 

Services $4,389 $4,813 91% 

Public Admin. $9,937 $13,347 74% 

Average kW/hr (1-hour duration) 

0-25 kW/hr $1,680 $1,801 93% 

25-100 kW/hr $3,992 $4,312 93% 

100-500 kW/hr $10,027 $11,621 86% 

500-2500 kW/hr $28,240 $31,336 90% 

Over 2500 kW/hr $75,274 $106,801 70% 

Region (1-hour duration) 

Midwest $9,791 $11,546 85% 

Northwest $4,789 $3,366 142% 

Southeast $20,693 $25,419 81% 

Southwest $3,891 $8,591 45% 

West $13,971 $18,166 77% 

Time of Day (1-hour duration) 

Night $5,132 $6,976 74% 

Morning $6,349 $8,489 75% 

Afternoon $20,058 $24,090 83% 

Evening $17,295 $24,949 69% 
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3.3 Key Drivers of Interruption Costs 

The customer damage models are the key output from this research. The models can be used to 
estimate interruption costs for a wide range of interruptions with different attributes (e.g., 
duration, time of day) and for different types of customers (e.g., large versus small companies). 
They replace the enormous number of tables that would be required to summarize all the 
different combinations of characteristics. Using this information is relatively straightforward. To 
simulate the interruption cost for a particular set of interruption or customer characteristics one 
multiplies the appropriate value for each variable times the coefficient for that variable. The 
multiplications are summed across the variables and added to the constant (first entry for each 
model). Since the variable being predicted—i.e., interruption cost—has been transformed to be 
the log of the interruption cost, as a final step in the simulation the antilog of the summed value 
must be taken. The resulting value is the predicted interruption cost for the set of values used for 
each independent variable. 
 
Figure 3-3, Figure 3-4, and Figure 3-5 below display comparisons of the results of the customer 
damage functions based on the estimated econometric model described above for various 
customer characteristics (including industry and size) as well as for varying times of day and 
seasons. It is evident that the relationship between interruption costs and duration is non-linear – 
increasing slowly within the first hour, accelerating through the second through the eighth hours, 
and then beginning to taper off thereafter. All of the predictions are positive at the intercept 
representing the impact of momentary interruptions. 
 
In Figure 3-3, the customer damage function assumes a summer weekday afternoon interruption 
for customers with the average value for annual kWh. There appears to be a natural break 
between “low-cost” interruption industries (Agriculture, Retail, Public Administration, Services, 
Utilities, and Mining) and “high-cost” interruption industries (Manufacturing, Construction and 
Finance, Insurance, & Real Estate). 
 
In Figure 3-4, the customer damage function assumes a summer weekday afternoon interruption 
for a customer with an industry equal to the average industry shares. While there is significant 
variation in interruption costs according to consumption, the relationship is not at all linear.  
Indeed, an increase in consumption from 100 kW/Hour to 2500 kW/Hour, an increase of 25-fold, 
increases interruption costs for a 1-hour interruption by a factor of slightly less than 10. 
 
Figure 3-5 shows the effect of day and season on interruption costs (assuming a customer of 
average size and an industry equal to the average industry shares).  For medium and large C&I 
customers, there is little seasonal variation, although afternoon interruptions are more costly. 
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Figure 3-3.  Medium and Large Commercial and Industrial Customers US 2008$ Customer 
Damage Functions by Industry - Summer Weekday Afternoon 

 
 
The results show that for medium and large commercial and industrial customers, an average 
customer with 7.1 million annual kWh consumption will experience approximately $17,411 in 
costs from a 1-hour afternoon interruption in the winter and $20,360 in costs for a summer 
afternoon 1-hour interruption. These costs increase sharply as duration increases in both the 
winter and in the summer. 
 
The curvilinear nature of the line suggests that for medium and large commercial and industrial 
establishments, costs actually moderate with longer interruptions. This makes sense, as focus 
groups and interview respondents often note that at some point employees are sent home, shifts 
are eliminated, and the interruptions extend into hours that would be normally non-productive 
(evening and night time hours). Since none of the studies measure costs beyond 12 hours, it is 
difficult to extrapolate from this data when and by how much costs rise as an interruption 
extends into multiple days. 
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Figure 3-4.  Medium and Large Commercial and Industrial Customers US 2008$ Customer 
Damage Functions by Average kW - Summer Weekday Afternoon 
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Figure 3-5.  Medium and Large Commercial and Industrial Customers US 2008$ Customer 
Damage Functions by Season and Time of Day 
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Table 3-10.  Medium and Large Commercial and Industrial Customers US 2008$ Expected 
Interruption Cost 

Interruption Duration 

Time of Interruption 

Hours 
per 

Year 

% of 
Hours 

per 
Year Momentary 30 minutes 1 hour 4 hours 8 hours 

Summer Weekday Morning 521 6% $8,133 $11,035 $14,488 $43,954 $70,190 

Summer Weekday Afternoon 435 5% $11,756 $15,709 $20,360 $59,188 $93,890 

Summer Weekday Evening 435 5% $9,276 $12,844 $17,162 $55,278 $89,145 

Summer Weekday Night 695 8% $6,936 $9,586 $12,788 $40,954 $65,982 

Summer Weekend Morning 209 2% $5,696 $7,835 $10,410 $32,879 $52,850 

Summer Weekend Afternoon 174 2% $8,363 $11,318 $14,828 $44,656 $71,228 

Summer Weekend Evening 174 2% $6,364 $8,945 $12,110 $40,841 $66,384 

Summer Weekend Night 278 3% $4,767 $6,688 $9,038 $30,294 $49,188 

Winter Weekday Morning 1,043 12% $6,120 $8,683 $11,851 $41,152 $67,234 

Winter Weekday Afternoon 869 10% $9,306 $12,963 $17,411 $57,097 $92,361 

Winter Weekday Evening 869 10% $6,533 $9,492 $13,231 $49,608 $82,177 

Winter Weekday Night 1,390 16% $4,915 $7,126 $9,913 $36,902 $61,050 

Winter Weekend Morning 417 5% $4,097 $5,908 $8,180 $29,921 $49,341 

Winter Weekend Afternoon 348 4% $6,347 $8,977 $12,220 $42,025 $68,543 

Winter Weekend Evening 348 4% $4,271 $6,314 $8,936 $35,468 $59,378 

Winter Weekend Night 556 6% $3,220 $4,750 $6,709 $26,426 $44,177 

Anytime 8,760 100% $6,558 $9,217 $12,487 $42,506 $69,284 

 
 
3.4 Implications 

From the above examples it should be apparent that it is possible to use the customer damage 
functions from the above models to estimate customer interruption costs under a wide variety of 
conditions. However, it is not appropriate to use these functions to estimate interruption costs for 
individual customers. The regression functions used above can be used to predict the mean of 
customer interruption costs for populations of customers with different characteristics under 
different conditions. There is substantial unexplained variation among customers in the 
interruption costs they experience resulting from factors that are not accounted for in the above 
equations (e.g., process design differences, resistance of equipment to electric disturbances, etc.) 
that will not generally be known without an in-depth interview. The existence of these unknowns 
implies that the prediction for any individual customer from the above functions may be 
significantly in error. Inferences about the nature of specific elements of a population based 
solely upon aggregate statistics collected for the group to which those individuals belong is 
commonly known as the ecological fallacy. This fallacy assumes that individual members of a 
group have the average characteristics of the group at large. These customer damage functions 
should only be applied to reasonably large populations of customers to ensure that random but 
significant differences among customers do not produce estimates that deviate dramatically from 
the predictions made by the above equations.
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4. Small Commercial and Industrial Results 

The small commercial and industrial dataset is built from 12 studies conducted by 9 companies 
and includes approximately 4,636 respondents. Overall, there were approximately 20,673 total 
responses available for the analysis. The distribution of the available data across various 
interruption attributes, years, and customer characteristics is described first. A summary of the 
multivariate analysis is presented second. 
 
In terms of coverage, Table 4-1 summarizes the number of records available for analysis by 
region, season, day of week, and year of study. Overall there were 20,673 responses to various 
scenario combinations across the studies (excluding outliers). The results show that there are 
from 48 to more than 3,500 responses depending on the scenario and region combination. There 
are a substantial number of cases available for the analysis of summer and winter scenarios 
occurring on both weekdays and weekends. The data also vary reasonably across regions 
although, as with the medium and large C&I results in Section 4, there is no coverage for the 
Northeast. Most of the studies were completed in the past 10 years, but two studies date back to 
the late 1980’s and early 1990’s. Overall, the data in Table 4-1 suggest sufficient coverage to 
develop models of interruption costs for a wide cross-section of the country and across a range of 
scenarios. 
 

Table 4-1.  Small Commercial and Industrial Customers Number of Observations by Region, 
Company, Season, Day of Week and Year 

Year of Survey 
Region - 
Company Season 

Day of 
Week 1989 1990 1993 1996 1997 1999 2000 2002 2005 Total 

Midwest-1 Summer Weekday               1,119   1,119

Summer Weekday       155           155Midwest-2 

Summer Weekend       48           48
Northwest- 1 Winter Weekday 375                 375

Summer Weekday           3,552       3,552Northwest- 2 

Summer Weekend           731       731

Summer Weekday     1,374   2,785         4,159Southeast- 2 

Winter Weekday     188             188
Southeast- 3 Summer Weekday   766               766

Summer Weekday             1,346     1,346

Summer Weekend             450     450

Southwest 

Winter Weekday             449     449

Summer Weekday             2,046     2,046

Winter Weekday             415     415

West-1 

Winter Weekend             821     821

Summer Weekday     831           2,966 3,797West-2 

Winter Weekday                 256 256

Total: 375 766 2,393 203 2,785 4,283 5,527 1,119 3,222 20,673
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While the data in Table 4-1 show fairly broad coverage across both geography and interruption 
type, they also indicate the need for caution in interpreting the data for certain combinations of 
characteristics, just as was true with the medium and large C&I. For example, all of the 1989 
data are winter weekday scenarios from one region (the Northwest), while all of the 1990 data 
are summer weekdays from the Southeast. Comparing the average interruption costs for the years 
1989 and 1990 without some effort to control for the effects of the differences in region and type 
of scenario would be misleading.  
 
4.1 Interruption Cost Descriptive Statistics 

The next few tables provide a summary of the observed interruption costs for a few key variables 
but, again, caution must be used in interpreting the results because of coverage issues.  
 
Table 4-2 shows the distribution of interruption costs per event by interruption duration. The 
results show interruption costs rising from an average of $273 for a voltage sag to $4,079 for an 
8-hour interruption. The results trend generally upward as would be expected, although the 
figure for a 30 minute interruption is higher than would be expected and the figure for a 12-hour 
interruption is less than the figure for an 8-hour interruption (It is possible that the latter result 
represents a methodological artifact as only one study used the 12-hour duration). However, as 
discussed above, the table (unlike the regression analysis presented in Section 4.2 below) cannot 
control for all of the other factors which vary among the scenarios included within each duration. 
The effect of duration on interruption costs can only be examined in the context of a multivariate 
model controlling for differences among the studies. 
 
Table 4-3 shows interruption costs converted to a cost per average kW/Hour. Because the 
individual figures for interruption costs per average kW/Hour are extremely variable (due in part 
to customers with extremely low kW usage and thus extremely high average kW/Hour figures), 
the mean and standard error figures are based on the total sum of interruption costs divided by 
annual average kW/Hour. The distribution percentiles are still based on the distribution of the 
individual values. Again, the figures are generally increasing, but as discussed above, only a 
multiple regression analysis can sort out these effects simultaneously to discern the true 
relationship between interruption duration and costs. 
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Table 4-2.  Small Commercial and Industrial Customers Interruption Cost per Event by Duration 

Percentiles 

Duration N Mean 
Standard 

Error 
Standard 
Deviation 5% 25% 50% 75% 95% 

Voltage sag 3,419 $273 24.4 $1,430 $0 $0 $0 $21 $1,246 

15 min 92 $256 88.7 $850 $0 $0 $0 $0 $1,480 

20 min 215 $392 92.1 $1,351 $0 $0 $59 $235 $1,174 

30 min 256 $775 139.2 $2,228 $0 $0 $7 $300 $5,174 

1 hour 8,911 $723 26.6 $2,511 $0 $0 $32 $423 $3,250 

2 hours 188 $2,718 1,093.6 $14,995 $0 $0 $0 $498 $4,153 

4 hours 5,519 $2,508 123.0 $9,139 $0 $0 $392 $1,664 $10,430 

8 hours 1,393 $4,079 312.3 $11,656 $0 $54 $812 $3,247 $16,237 

12 hours 680 $2,951 223.2 $5,821 $0 $375 $1,194 $3,125 $12,502 

 
 

Table 4-3.  Small Commercial and Industrial Customers US 2008$ Interruption Cost per Average 
kW/Hour by Duration 

Percentiles of Individual kW/Hour figures 

Duration N 
Mean    
(Ratio) 

Standard 
Error 

Standard 
Deviation 5% 25% 50% 75% 95% 

Voltage sag 3,419 $120.1 10.8 $633.2 $0.0 $0.0 $0.0 $9.8 $661.5 

15 min 92 $85.0 29.4 $281.7 $0.0 $0.0 $0.0 $0.0 $442.8 

20 min 215 $187.5 45.6 $669.2 $0.0 $0.0 $31.9 $159.6 $1,591.8 

30 min 256 $318.7 58.1 $930.1 $0.0 $0.0 $2.8 $112.0 $2,239.3 

1 hour 8,911 $324.8 12.1 $1,144.6 $0.0 $0.0 $15.9 $231.2 $1,943.6 

2 hours 188 $934.7 378.5 $5,189.4 $0.0 $0.0 $0.0 $231.7 $1,940.6 

4 hours 5,519 $1,185.4 59.1 $4,390.0 $0.0 $0.0 $217.5 $976.4 $7,605.6 

8 hours 1,393 $2,145.2 169.2 $6,313.6 $0.0 $31.2 $582.2 $2,241.4 $14,197.2 

12 hours 680 $1,313.0 98.5 $2,568.9 $0.0 $189.6 $653.8 $1,715.3 $6,735.8 
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Table 3-4 provides a summary of the average interruption cost for 4 other interruption attributes 
or customer characteristics including season, weekday/weekend, region, and SIC code. The 
results are shown only for scenarios where the duration is 1 hour. The data suggest that 
interruption costs on a per event basis are higher in the summer than in the winter ($737 versus 
$543); are higher on weekdays than weekends ($765 versus $459); are higher in the Southwest 
than in other regions of the country; and are higher for Mining and Construction versus other 
industries. 
 
 
Table 4-4.  Small Commercial and Industrial Customers US 2008$ Summary of the Cost of 
a 1-Hour Interruption 

Percentiles 
Interruption 

Characteristic N Mean 
Standard 

Error 
Standard 
Deviation 5% 25% 50% 75% 95% 

Season  

Winter 638 $543 72.3 $1,826 $0 $0 $0 $245 $3,059 

Summer 8,273 $737 28.1 $2,556 $0 $0 $49 $433 $3,289 

Day  

Weekend 1,229 $459 57.2 $2,006 $0 $0 $0 $188 $1,835 

Weekday 7,682 $765 29.4 $2,581 $0 $0 $54 $480 $3,461 

Region  

Midwest 366 $732 110.1 $2,107 $0 $0 $115 $587 $2,936 

Northwest 2,352 $341 21.8 $1,058 $0 $0 $0 $250 $1,500 

Southeast 2,584 $799 53.6 $2,723 $0 $0 $0 $380 $3,847 

Southwest 1,346 $967 87.3 $3,202 $0 $0 $61 $612 $4,307 

West 2,263 $886 60.1 $2,860 $0 $0 $138 $554 $3,792 

Industry  

Agriculture 599 $352 60.5 $1,480 $0 $0 $0 $108 $1,624 

Mining 33 $1,545 526.3 $3,024 $0 $0 $108 $1,304 $8,565 

Construction 373 $1,301 248.3 $4,795 $0 $0 $73 $692 $4,607 

Manufacturing 750 $913 99.5 $2,724 $0 $0 $43 $625 $4,846 

Telco. & Utilities 474 $810 113.6 $2,473 $0 $0 $31 $489 $4,846 

Trade & Retail 2,154 $627 37.7 $1,748 $0 $0 $95 $465 $3,059 

Fin., Ins. & R.E. 642 $975 121.8 $3,086 $0 $0 $0 $440 $5,412 

Services 3,233 $531 28.0 $1,590 $0 $0 $12 $375 $2,447 

Public Admin. 99 $310 114.0 $1,135 $0 $0 $0 $192 $1,285 
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The mean and standard error of interruption costs per average kW/Hour in Table 4-5 below are 
also based on the total sum of interruption costs divided by annual average kW/H (the 
distribution percentiles are still based on the distribution of the individual values). Like the per-
event figures, the data on a per average kW/Hour basis indicate that summer interruptions ($331) 
cost more than winter interruptions ($247). Weekday interruptions ($341) cost more than 
weekend interruptions ($220), illustrating lower average interruption costs during periods when 
most (retail) businesses are closed (weekends) compared to when they are open (weekdays). 
 
 

Table 4-5.  Small Commercial and Industrial Customers US 2008$ Summary of the Cost per 
Average kW/Hour of a 1-Hour Interruption 

Percentiles of Individual kW/Hour figures 
Interruption 

Characteristic N 
Mean   
(Ratio) 

Standard 
Error 

Standard 
Deviation 5% 25% 50% 75% 95% 

Season  

Winter 638 $247.0 33.2 $838.0 $0.0 $0.0 $0.0 $129.0 $1,354.8 

Summer 8,273 $330.8 12.8 $1,164.6 $0.0 $0.0 $20.9 $243.4 $1,999.7 

Day  

Weekend 1,229 $219.9 27.6 $966.6 $0.0 $0.0 $0.0 $106.1 $992.3 

Weekday 7,682 $340.5 13.3 $1,166.7 $0.0 $0.0 $22.4 $267.5 $2,095.5 

Region  

Midwest 366 $352.7 55.1 $1,054.9 $0.0 $0.0 $55.9 $371.3 $2,685.4 

Northwest 2,352 $147.7 9.5 $459.0 $0.0 $0.0 $0.0 $117.7 $940.8 

Southeast 2,584 $287.6 19.5 $990.8 $0.0 $0.0 $0.0 $141.8 $1,534.6 

Southwest 1,346 $522.8 47.2 $1,731.1 $0.0 $0.0 $33.1 $330.8 $2,328.5 

West 2,263 $505.2 35.1 $1,671.5 $0.0 $0.0 $104.2 $441.9 $3,080.8 

Industry  

Agriculture 599 $241.7 42.3 $1,035.5 $0.0 $0.0 $0.0 $89.5 $2,701.6 

Mining 33 $926.9 335.7 $1,928.3 $0.0 $0.0 $137.0 $905.9 $9,058.6 

Construction 373 $618.4 120.0 $2,317.3 $0.0 $0.0 $39.7 $496.1 $3,307.5 

Manufacturing 750 $382.0 41.7 $1,141.9 $0.0 $0.0 $24.0 $310.9 $2,508.9 

Telco. & Utilities 474 $358.5 51.0 $1,110.2 $0.0 $0.0 $14.0 $212.7 $2,397.2 

Trade & Retail 2,154 $260.8 16.0 $743.7 $0.0 $0.0 $40.3 $225.6 $1,488.4 

Fin., Ins. & R.E. 642 $457.8 58.1 $1,471.4 $0.0 $0.0 $0.0 $249.4 $2,550.5 

Services 3,233 $235.1 12.5 $713.5 $0.0 $0.0 $5.9 $209.8 $1,464.7 

Public Admin. 99 $166.1 61.0 $607.4 $0.0 $0.0 $0.0 $106.2 $1,249.4 
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4.2 Customer Damage Function Estimation 

For the small C&I database, a similar set of procedures and analyses were conducted as those 
applied to the medium and large C&I database. A two-part model consisting of an initial Probit 
model to determine the probability of positive interruption costs was combined with a GLM 
model which relates average interruption costs to a set of independent variables via a logarithmic 
link function with Gamma distributed errors. The same truncation procedures described in 
Section 2 and implemented on the medium and large C&I database in Section 3 were also 
employed here. All observations meeting the statistical definition of mild outlier (more than 3 
times the interquartile range above the 75th or below the 25th percentile were eliminated from the 
data for both log interruption costs (within industry and duration) and for log of annual kWh 
usage (within industry). The total number of observations removed by these criteria is 1,057.22 
The distributions of both the raw interruption costs and the natural log of interruption costs for 
the small C&I customer database are shown in Figure 4-1 and Figure 4-2. 
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Figure 4-1.  Small Commercial and Industrial Customers Histogram of Interruption Costs  
(0 to 95th Percentile) 

 

                                                 
22 See the discussion on outliers above in Section 3.4. 
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Figure 4-2.  Small Commercial and Industrial Customers Histogram of Log Interruption Costs, 
Positive Values Only 

 
Table 4-6 and 4-7 describe the initial probit regression model that specifies the relationship 
between the presence of zero interruption costs and a set of independent variables that includes 
interruption characteristics, customer characteristics, and industry designation. Although the 
purpose of this preliminary limited dependent model is only to normalize the predictions from 
the interruption costs regression in the second part of the two-part model, there are a few 
interesting results of note: 
 

 The longer the interruption, the more likely that the costs associated with it are positive 
(the presence of a negative coefficient on the square of duration indicates that this effect 
diminishes for longer durations). 

 Afternoon interruption costs are significantly more likely to incur positive costs than any 
other time of day, weekday interruptions are more likely to produce positive interruption 
costs than weekends, and summer interruptions are more likely to incur costs than non-
summer interruptions. 

 Customers with higher usage are more likely to have positive interruption costs. 
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Table 4-6.  Small Commercial and Industrial Customers Average Values for Regression Inputs 

Variable 
Average 

Value 

Interruption Characteristics  

Duration (minutes) 147.7 

Duration Sq. 21,815.0 

Morning 50.8% 

Afternoon 30.7% 

Evening 2.5% 

Weekday 90.1% 

Warning Given 9.1% 

Summer 87.9% 

Customer Characteristics   

Log of Annual MWh 3.0 

Backup Gen. or Power Cond. 26.2% 

Backup Gen. and Power Cond. 3.4% 

Interactions   

Duration X Log of Annual MWh 436.5 

Duration Sq. X Log of Annual MWh 64,476.9 

Industry   

Mining 0.4% 

Construction 4.9% 

Manufacturing 9.5% 

Telco. & Utilities 4.8% 

Trade & Retail 26.9% 

Fin., Ins. & R.E. 6.2% 

Services 33.0% 

Public Admin. 1.0% 

Industry Unknown 6.3% 
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Table 4-7.  Small Commercial and Industrial Customers Regression Output for Probit Estimation 

Variable Coefficient 
Standard 

Error P-Value 

Interruption Characteristics   

Duration 0.003 0.001 0.000 

Duration Sq. -2.71E-06 9.08E-07 0.003 

Morning 0.549 0.028 0.000 

Afternoon 0.746 0.041 0.000 

Evening 0.076 0.063 0.226 

Weekday 0.231 0.029 0.000 

Warning Given -0.004 0.032 0.903 

Summer 0.252 0.040 0.000 

Customer Characteristics  

Log of Annual MWh -0.066 0.027 0.014 

Backup Gen. or Power Cond. 0.063 0.033 0.055 

Backup Gen. and Power Cond. 0.330 0.080 0.000 

Interactions  

Duration X Log of Annual MWh 1.02E-03 2.14E-04 0.000 

Duration Sq. X Log of Annual MWh -9.82E-07 3.23E-07 0.002 

Industry  

Mining 0.639 0.204 0.002 

Construction 0.710 0.090 0.000 

Manufacturing 0.648 0.078 0.000 

Telco. & Utilities 0.546 0.096 0.000 

Trade & Retail 0.680 0.071 0.000 

Fin., Ins. & R.E. 0.525 0.088 0.000 

Services 0.507 0.069 0.000 

Public Admin. 0.206 0.179 0.249 

Industry Unknown 0.383 0.087 0.000 

Constant -1.714 0.103 0.000 

Regression Diagnostics  

Observations 20,673 

Log Likelihood -12,547 

Degrees of Freedom 4,618 

Prob > F 0.000 
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Table 4-8 describes the GLM regression which relates the level of interruption costs to customer 
and interruption characteristics as well as industry designation for those variables for which 
sufficient data from multiple studies were available. A few results of note: 
 

 The longer the interruption, the higher the interruption cost (the presence of a negative 
coefficient on the square of duration indicates that this effect diminishes for longer 
durations). 

 Weekday interruptions are more costly than weekend interruptions, but summer 
interruptions cost less than non-summer interruptions. 

 Larger customers (in terms of annual MWh usage) incur larger costs for similar 
interruptions. 

 The construction and mining industries incur larger costs for a similar interruption than 
other industries. 

 Time of day does not impact the magnitude of interruption costs. 
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Table 4-8.  Small Commercial and Industrial Customers Regression Output for GLM Estimation 

Variable Coefficient 
Standard 

Error P-Value 

Interruption Characteristics   

Duration 0.010 0.002 0.000 

Duration Sq. -1.26E-05 2.17E-06 0.000 

Morning -0.087 0.128 0.494 

Afternoon -0.036 0.142 0.797 

Evening -0.084 0.177 0.633 

Weekday 0.284 0.086 0.001 

Warning Given -0.148 0.071 0.038 

Summer -0.541 0.158 0.001 

Customer Characteristics  

Log of Annual MWh 0.168 0.072 0.019 

Backup Gen. or Power Cond. 0.240 0.073 0.001 

Backup Gen. and Power Cond. 0.455 0.165 0.006 

Interactions  

Duration X Log of Annual MWh -1.14E-03 5.43E-04 0.036 

Duration Sq. X Log of Annual MWh 2.08E-06 7.43E-07 0.005 

Industry  

Mining 0.505 0.444 0.255 

Construction 0.567 0.239 0.018 

Manufacturing 0.069 0.187 0.713 

Telco. & Utilities 0.111 0.227 0.624 

Trade & Retail -0.328 0.174 0.060 

Fin., Ins. & R.E. 0.152 0.211 0.471 

Services -0.414 0.171 0.015 

Public Admin. -0.485 0.378 0.200 

Industry Unknown 0.244 0.216 0.259 

Constant 6.755 0.262 0.000 

Regression Diagnostics  

Observations 11,286 

Log Likelihood -97,537 

Degrees of Freedom 3,616 

LR Test (Model with Constant Only) LR χ2(22) =  5,275.37  p-value=0.0000 

LR Test (Model with Constant, Duration, and log of 
annual MWh Only) 

LR χ2(22) =  2,912.43  p-value=0.0000 
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Table 4-9.  Small Commercial and Industrial Customers Summary of Predicted vs. Reported 
Interruption Cost 

Variable 

Predicted 
Interruption 

Cost 

Reported 
Interruption 

Cost 

Predicted as 
a % of 

Reported 

Duration 

Voltage Sag $374 $273 137% 

Up to 1 Hour $660 $712 93% 

2 to 4 hours $2,465 $2,515 98% 

8 to 12 hours $3,992 $3,709 108% 

Industry (1-hour duration) 

Agriculture $503 $352 143% 

Mining $1,358 $1,545 88% 

Construction $1,447 $1,285 113% 

Manufacturing $901 $954 94% 

Telco. & Utilities $864 $799 108% 

Trade & Retail $586 $597 98% 

Fin., Ins. & R. E. $867 $977 89% 

Services $477 $526 91% 

Public Admin. $287 $368 78% 

Average kW/hr (1-hour duration) 

0-1 kW/hr $597 $616 97% 

1-2 kW/hr $624 $771 81% 

2-3 kW/hr $688 $728 95% 

3-4.5 kW/hr $738 $698 106% 

4.5-6 kW/hr $746 $610 122% 

Region (1-hour duration) 

Midwest $497 $606 82% 

Northwest $503 $338 149% 

Southeast $765 $797 96% 

Southwest $544 $967 56% 

West $810 $886 91% 

Time of Day (1-hour duration) 

Night $489 $223 219% 

Morning $621 $660 94% 

Afternoon $800 $1,046 76% 

Evening $576 $168 343% 
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4.3 Key Drivers of Interruption Costs 

Figures 4-3 - 4-6 display a comparison of the results of the customer damage function based on 
the estimated econometric model over the durations found in the sample dataset for several key 
drivers, including industry, time of day/season, and customer size. The results show that the 
relationship between damage and duration is non-linear for small customers just as it was for 
medium and large customers, albeit at much lower average values. Costs increase slowly within 
the first hour; accelerate through the second through the eighth hours; and, again, decline 
thereafter. All of the predictions are positive at the intercept representing the cost of momentary 
interruptions. 

The results indicate that interruption costs for construction are significantly higher than those of 
any other business activity in the small customer class. The costs are roughly 50% more than 
those experienced by the next highest sector, mining. Costs for construction and mining are 
significantly higher than those of other businesses because they depend heavily on electricity to 
directly support production. Costs for other business types are relatively close to those of retail 
trade – though the differences among them are statistically significant. 
 
Interruption costs for winter interruptions are significantly higher than those experienced in 
summer; and interruption costs during the night and on weekends are significantly lower as 
expected. The results show that an average small-medium customer in terms of number of 
employees and consumption will have approximately $818 in costs for a 1-hour summer 
afternoon interruption and $1,164 for a 1-hour winter afternoon interruption. 
 
Figure 4-4 shows that the size of customer’s load has an impact on interruption costs, but the 
relationship is nonlinear and small in magnitude. Increasing average kW/Hour consumption by a 
factor of 20 from 0.25 to 5.0 results in only a small increase in customer interruption cost, except 
at longer durations. 
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Figure 4-3.  Small Commercial and Industrial Customers US 2008$ Customer Damage Functions 
by Industry- Summer Weekday Afternoon 
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Figure 4-4.  Small Commercial and Industrial Customers US 2008$ Customer Damage Functions 
by Average kW - Summer Weekday Afternoon 

 

$0

$1,000

$2,000

$3,000

$4,000

$5,000

$6,000

$7,000

$8,000

$9,000

0 1 2 3 4 5 6 7 8

Outage Duration (Hours)

Summer Afternoon Wint. Afternoon Summer Morning Wint. Morning

 
Figure 4-5.  Small Commercial and Industrial Customers US 2008$ Customer Damage Functions 
by Season and Time of Day 
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Table 4-10.  Small Commercial and Industrial Customers US 2008$ Expected Interruption Cost 

Interruption Duration 

Time of Interruption 

Hours 
per 

Year 

% of 
Hours 

per 
Year Momentary 30 minutes 1 hour 4 hours 8 hours 

Summer Weekday Morning 521 6% $346 $492 $673 $2,389 $4,348 

Summer Weekday Afternoon 435 5% $439 $610 $818 $2,696 $4,768 

Summer Weekday Evening 435 5% $199 $299 $431 $1,881 $3,734 

Summer Weekday Night 695 8% $195 $296 $430 $1,946 $3,927 

Summer Weekend Morning 209 2% $203 $296 $414 $1,620 $3,067 

Summer Weekend Afternoon 174 2% $265 $378 $519 $1,866 $3,414 

Summer Weekend Evening 174 2% $107 $166 $246 $1,202 $2,512 

Summer Weekend Night 278 3% $103 $162 $242 $1,230 $2,618 

Winter Weekday Morning 1,043 12% $451 $660 $928 $3,659 $6,953 

Winter Weekday Afternoon 869 10% $592 $846 $1,164 $4,223 $7,753 

Winter Weekday Evening 869 10% $237 $368 $546 $2,699 $5,670 

Winter Weekday Night 1,390 16% $228 $358 $537 $2,760 $5,904 

Winter Weekend Morning 417 5% $253 $381 $549 $2,408 $4,791 

Winter Weekend Afternoon 348 4% $343 $504 $711 $2,846 $5,443 

Winter Weekend Evening 348 4% $122 $195 $298 $1,662 $3,697 

Winter Weekend Night 556 6% $116 $187 $289 $1,679 $3,811 

Anytime 8,760 100% $293 $435 $619 $2,623 $5,195 
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5. Residential Results 

The residential database differs from the two commercial and industrial databases. The most 
important difference is that most residential studies of interruption costs or value of service do 
not focus on direct worth or cost estimates; rather they utilize willingness to pay or willingness to 
accept measures. Developing these measures generally involves describing a scenario to a 
residential customer and then asking them what they would be willing to pay to avoid this 
specific interruption or what they would be willing to accept as compensation (usually described 
as a credit on their bill) in order to put up with the interruption. The primary reason for using 
these alternatives to direct cost is the assumption that much of the “cost” of an interruption for 
residential customers is associated with the hassle, inconvenience, and personal disruption of the 
interruption, rather than direct out-of-pocket expenses, like buying candles or flashlight batteries. 
In this situation, customers may be able to more accurately represent the value of reliability by 
expressing their willingness to pay to avoid an interruption (or their willingness to accept some 
type of credit to accept an interruption) rather than calculate an out of pocket cost or savings. 
 
In theory, from an economic perspective, willingness to pay (WTP) and willingness to accept 
(WTA or Credit) measures should produce the same value for a given interruption.23 In practice, 
it is difficult to construct questions that produce identical results. Customers tend to place paying 
the utility in a different frame of reference than accepting a credit from the utility. Typically, 
willingness to accept measures produce a higher estimated value than willingness to pay 
measures. There are various practical and theoretical reasons offered for this finding. As a 
practical matter for this meta-analysis, all of the studies used a WTP framework and only a few 
also tested a WTA framework. Consequently the analysis focuses only on the WTP results. 
 
In addition to the differences in measuring interruption costs, the residential sector is also a much 
more homogenous population with respect to interruption costs. Where commercial and 
industrial customer studies find interruption costs from 0 to hundreds of millions of dollars, the 
typical residential study shows that interruption costs vary over a much smaller range depending 
on the scenario. This effectively reduces the variation in the interruption cost measurement 
making it somewhat more difficult to find powerful explanatory variables. Households 
themselves are also more homogenous than business customers in terms of the end uses, 
dependence on electricity for critical operations, and consumption. This is not to say that 
reliability is not important to residential customers, rather to note that the range of variation in 
interruption costs and in customer characteristics is much narrower in the residential sector. 
 
The residential database was built from 8 studies conducted by 6 companies, with a total of 7,546 
respondents. There were approximately 26,026 individual responses to scenarios that form the 
basis of the merged dataset, subject to availability as a result of missing data and removal of 
outliers.  Table 5-1 below shows the distribution of responses available for analysis by region, 
season, day of the week, and year: 

                                                 
23 Although, technically WTP measures could be constrained by income. This analysis makes no attempts to 
reconcile any differences between WTA and WTP. 
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Table 5-1.  Residential Customers Number of Cases by Region, Company, Season, Day of Week and 
Year 

Year of Survey 
Region - 
Company Season 

Day of 
Week 1989 1993 1997 1999 2000 2005 Total 

Summer Weekday 718           718Northwest- 1 

Winter Weekday 1,392           1,392

Winter Weekday       3,554     3,554Northwest- 2 
 

Summer Weekday      718     718

Summer Weekday   2,792 3,101       5,893

Summer Weekend    489       489

Southeast- 2 
 

Winter Weekday   335         335

Summer Weekday        2,461   2,461

Summer Weekend         372   372

Southwest 
 

Winter Weekday         760   760

Summer Weekday        1,946   1,946

Winter Weekday         797   797

West-1 
 

Winter Weekend         372   372

Summer Weekday   1,601     3,531 5,132West-2 

Winter Weekday   384       703 1,087

Total: 2,110 5,112 3,590 4,272 6,708 4,234 26,026

 
 
5.1 Interruption Cost Descriptive Statistics 

As with the commercial and industrial dataset, it is useful to see the underlying average costs, 
even though they are embedded in the data for customers who responded to the various 
scenarios. Table 5-2 shows that residential consumers generally report increasing WTP as the 
length of the interruption increases. However, the data are inconsistent and the standard 
deviations are generally larger than the average. The inconsistency suggests that the interruption 
costs reported by customers tend to vary widely across the studies and the average interruption 
costs for any given duration are subject to a great deal of influence from the studies used for that 
scenario. 
 
The two most robust estimates for duration are the 1-hour and 4-hour as these two scenario 
durations were used in multiple studies across multiple regions. The average WTP per event for a 
1-hour interruption is $4.2 and the average for a 4-hour interruption is $7.1, suggesting only a 
modest impact of duration on residential customer’s willingness to pay to avoid an interruption. 
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Table 5-2.  Residential Customers Interruption Cost by Duration 

Percentiles 

Duration N Mean 
Standard 

Error 
Standard 
Deviation 5% 25% 50% 75% 95% 

Voltage sag 4,456 $2.2 0.093 $6.2 $0.0 $0.0 $0.0 $1.3 $12.8 

30 min 1,453 $1.1 0.126 $4.8 $0.0 $0.0 $0.0 $0.0 $6.1 

1 hour 10,518 $4.2 0.088 $9.0 $0.0 $0.0 $0.1 $4.3 $24.5 

2 hours 335 $3.8 0.306 $5.6 $0.0 $0.0 $1.4 $6.9 $13.8 

4 hours 7,495 $7.1 0.140 $12.1 $0.0 $0.0 $2.6 $7.8 $30.6 

8 hours 1,769 $10.1 0.347 $14.6 $0.0 $0.0 $5.4 $12.5 $46.7 

 

Table 5-3.  Interruption Cost per Average kW/Hour by Duration 

Percentiles of Individual kW/Hour figures 

Duration N 
Mean 
(Ratio) 

Standard 
Error 

Standard 
Deviation 5% 25% 50% 75% 95% 

Voltage sag 4,456 $1.4 0.062 $4.1 $0.0 $0.0 $0.0 $1.1 $10.6 

30 min 1,453 $0.6 0.069 $2.6 $0.0 $0.0 $0.0 $0.0 $3.5 

1 hour 10,518 $2.6 0.056 $5.8 $0.0 $0.0 $0.1 $3.4 $18.0 

2 hours 335 $2.3 0.189 $3.5 $0.0 $0.0 $0.9 $3.4 $11.7 

4 hours 7,495 $5.3 0.112 $9.7 $0.0 $0.0 $2.2 $8.6 $30.4 

8 hours 1,769 $6.7 0.247 $10.4 $0.0 $0.0 $3.7 $11.7 $37.8 

 
 
The WTP figures for several other key variables are shown in Table 5-4 for the raw costs and in 
Table 5-5 for the average kW/Hour costs. All figures are for scenarios with 1-hour duration, but 
they include a range of other attributes like winter versus summer and time of day. Overall, the 
results suggest that interruption costs per event for residential customers are: 
 

 Higher in the summer than in the winter; 
 Significantly higher on weekends than on weekdays (reversing the trend for commercial 

and industrial customers. 
 
While these patterns are generally consistent with results from individual studies of interruption 
costs, caution must be used in interpreting the point estimates as different groups of customers 
responded to different combinations of scenario attributes. The customer damage functions 
presented below are the only reliable way to make generalizations about how interruption costs 
vary according to the various drivers. 
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Table 5-4.  Residential Customers US 2008$ Summary of the Cost of a 1-Hour Interruption 

Percentiles 
Interruption 

Characteristic N Mean 
Standard 

Error 
Standard 
Deviation 5% 25% 50% 75% 95% 

Season  

Winter 2,524 $2.9 0.170 $8.5 $0.0 $0.0 $0.0 $0.6 $25.0 

Summer 7,994 $4.7 0.102 $9.1 $0.0 $0.0 $0.7 $6.4 $24.5 

Day  

Weekend 489 $8.6 0.498 $11.0 $0.0 $1.3 $6.4 $12.8 $32.1 

Weekday 10,029 $4.0 0.088 $8.8 $0.0 $0.0 $0.0 $3.8 $20.8 

Region  

Northwest 3,566 $3.2 0.143 $8.5 $0.0 $0.0 $0.0 $1.3 $25.0 

Southeast 3,233 $6.6 0.172 $9.8 $0.0 $0.1 $2.8 $6.9 $25.6 

Southwest 1,078 $1.8 0.213 $7.0 $0.0 $0.0 $0.0 $0.0 $12.2 

West 2,641 $3.7 0.169 $8.7 $0.0 $0.0 $0.5 $3.7 $16.2 

 

Table 5-5.  Residential Customers US 2008$ Summary of the Cost per kW/Hour of a 1-Hour 
Interruption 

Percentiles of Individual kW/Hour figures 
Interruption 

Characteristic N 
Mean 
(Ratio) 

Standard 
Error 

Standard 
Deviation 5% 25% 50% 75% 95%

Season  

Winter 2,524 $1.5 0.089 $4.4 $0.0 $0.0 $0.0 $0.2 $13.9 

Summer 7,994 $3.1 0.070 $6.2 $0.0 $0.0 $0.6 $4.3 $19.2 

Day  

Weekend 489 $5.3 0.326 $7.2 $0.0 $0.7 $3.9 $8.4 $28.6 

Weekday 10,029 $2.5 0.057 $5.7 $0.0 $0.0 $0.0 $3.0 $17.4 

Region  

Northwest 3,566 $1.6 0.073 $4.4 $0.0 $0.0 $0.0 $0.6 $13.9 

Southeast 3,233 $4.2 0.113 $6.4 $0.0 $0.1 $2.2 $6.5 $22.8 

Southwest 1,078 $1.0 0.117 $3.8 $0.0 $0.0 $0.0 $0.0 $7.5 

West 2,641 $3.6 0.165 $8.5 $0.0 $0.0 $0.5 $4.0 $19.8 

 
 
5.2 Customer Damage Function Estimation 

To account for the influences of different interruption and customer characteristics, a 
multivariate analysis of the residential data was conducted. A two-part model consisting of an 
initial Probit model to determine the probability of positive interruption costs was combined with 
a GLM model which relates average interruption costs to a set of independent variables via a 
logarithmic link function with Gamma distributed errors. The same truncation procedures 
described in Section 2 and implemented on the C&I databases in Sections 3 and 5 were also 
employed here.  The total number of observations eliminated is 742.24 
                                                 
24 This includes 21 anomalous observations on Household Size which were eliminated by inspection, rather than the 
procedures described in Section 3.4. 
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The residential data presents different challenges than the C&I data. Although the residential 
data are less variable and contain fewer outliers, the percent of customers giving a “0” response 
can be as high as 60 to 80 percent for short duration interruptions. Use of the two-part model 
allows for the estimation of unbiased parameters to measure the relative effects of the 
interruption attributes and customer characteristics given the high number of 0 responses. The 
distributions of both the raw interruption costs and the natural log of interruption costs for the 
small C&I customer database are shown in Figure 5-1 and Figure 5-2. 
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Figure 5-1.  Residential Customers Histogram of Interruption Costs (0 to 95th Percentile) 
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Figure 5-2.  Residential Customers Histogram of Log Interruption Costs, Positive Values Only 
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In creating the customer damage functions, the residential analysis focuses on the WTP estimates 
of interruption costs instead of the WTA because there is more data across the studies in which a 
WTP framework was used. 
 
The same basic treatment of the dependent variable used in the commercial and industrial 
datasets is also used for the residential data. In the first step a probit model was run on a dummy 
variable equal to zero for those observations with zero WTP and 1 for positive WTP. The 
predicted probabilities from this first step were retained. In the second step a GLM model using a 
log link function was used to relate the mean of interruption costs to the variables representing 
interruption scenarios and customer characteristics using a log link function and assuming the 
gamma family of error distribution. 
 
Although the purpose of the preliminary probit model is only to normalize the predictions from 
the interruption costs regression in the second part of the two-part model, there are a few 
interesting results of note in Table 5-6 below. 
 

Table 5-6:  Residential Customers Average Values for Regression Inputs 

Variable Average Value 

Interruption Characteristics  

Duration 129.2 

Duration Sq. 16,694.9 

Afternoon 44.2% 

Evening 35.9% 

Weekday 95.3% 

Summer 68.1% 

Customer Characteristics   

Log of Annual MWh 2.6 

Household Income $67,327.0 

Backup Gen. 6.5% 

Medical Equipment 5.1% 

Interruption in Last 12 Months 71.3% 

Attached Housing 5.0% 

Apartment/Condo 10.3% 

Mobile Home 3.9% 

Manufactured Housing 2.1% 

Unknown Housing 2.3% 

Residents 0-6 Years Old 0.2 

Residents 7-18 Years Old 0.5 

Residents 19-24 Years Old 0.2 

Residents 25-49 Years Old 0.9 

Residents 50-64 Years Old 0.5 

Residents 65+ Years Old 0.4 
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 The longer the interruption, the more likely that the WTP to avoid it is positive (the 

presence of a negative coefficient on the square of duration indicates that this effect 
diminishes for longer durations). 

 Customers are more likely to pay a positive amount to avoid a morning interruption 
versus any other time of day, a weekend interruption versus a weekday interruption 
(although the effect is not statistically significant), and a summer interruption versus a 
non-summer interruption. 

 

Table 5-7.  Residential Customers Average Values for Regression Inputs 

Variable Average Value 

Interruption Characteristics  

Duration 129.2 

Duration Sq. 16,694.9 

Afternoon 44.2% 

Evening 35.9% 

Weekday 95.3% 

Summer 68.1% 

Customer Characteristics   

Log of Annual MWh 2.6 

Household Income $67,327.0 

Backup Gen. 6.5% 

Medical Equipment 5.1% 

Interruption in Last 12 Months 71.3% 

Attached Housing 5.0% 

Apartment/Condo 10.3% 

Mobile Home 3.9% 

Manufactured Housing 2.1% 

Unknown Housing 2.3% 

Residents 0-6 Years Old 0.2 

Residents 7-18 Years Old 0.5 

Residents 19-24 Years Old 0.2 

Residents 25-49 Years Old 0.9 

Residents 50-64 Years Old 0.5 

Residents 65+ Years Old 0.4 
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Table 5-8.  Residential Customers Regression Output for Probit Estimation 

Variable Coefficient 
Standard 

Error P-Value 

Interruption Characteristics  

Duration 4.34E-03 1.71E-04 0.000 

Duration Sq. -5.52E-06 3.50E-07 0.000 

Afternoon -0.154 0.030 0.000 

Evening -0.624 0.024 0.000 

Weekday -0.009 0.030 0.764 

Summer 0.521 0.022 0.000 

Customer Characteristics  

Log of Annual MWh -0.013 0.022 0.547 

Household Income 1.75E-06 4.27E-07 0.000 

Backup Gen. -0.212 0.059 0.000 

Medical Equipment 0.120 0.066 0.071 

Interruption in Last 12 Months 0.107 0.031 0.000 

Attached Housing 0.221 0.065 0.001 

Apartment/Condo 0.007 0.047 0.879 

Mobile Home 0.008 0.070 0.910 

Manufactured Housing 0.343 0.094 0.000 

Unknown Housing -0.003 0.089 0.978 

Residents 0-6 Years Old 0.027 0.025 0.289 

Residents 7-18 Years Old 0.011 0.016 0.473 

Residents 19-24 Years Old 0.057 0.028 0.043 

Residents 25-49 Years Old 0.027 0.022 0.212 

Residents 50-64 Years Old 0.013 0.024 0.584 

Residents 65+ Years Old -0.052 0.027 0.056 

Constant -0.532 0.080 0.000 

Regression Diagnostics  

Observations 26,026 

Log Likelihood -16,296 

Degrees of Freedom 7,538 

Prob > F 0.000 

 
Table 5-9 shows the GLM model developed from the residential data. This model used the 
maximum available data across the studies since most of the studies included household income, 
kWh annual usage, and region along with the interruption attribute variables. A few results of 
note: 

 The longer the interruption, the higher the WTP to avoid it (the presence of a negative 
coefficient on the square of duration indicates that this effect diminishes for longer 
durations). 

 Customers have a higher WTP to avoid evening interruptions. 
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 Customers have a higher WTP to avoid weekend interruptions versus weekday 
interruptions, but the WTP for summer interruptions is not significantly different from 
non-summer interruptions. 

 Larger customers (in terms of annual MWh usage) incur larger costs for similar 
interruptions. 

 

Table 5-9.  Residential Customers Regression Output for GLM Estimation 

Variable Coefficient 
Standard 

Error P-Value 

Interruption Characteristics  

Duration 3.29E-03 2.48E-04 0.000 

Duration Sq. -2.86E-06 4.50E-07 0.000 

Afternoon -0.189 0.043 0.000 

Evening 0.128 0.029 0.000 

Weekday -0.157 0.036 0.000 

Summer -0.016 0.031 0.618 

Customer Characteristics  

Log of Annual MWh 0.201 0.032 0.000 

Household Income 2.42E-06 5.93E-07 0.000 

Backup Gen. 0.267 0.093 0.004 

Medical Equipment 0.144 0.101 0.155 

Interruption in Last 12 Months 0.008 0.044 0.854 

Attached Housing 0.114 0.090 0.207 

Apartment/Condo 0.081 0.063 0.197 

Mobile Home 0.078 0.102 0.446 

Manufactured Housing 0.157 0.117 0.183 

Unknown Housing 0.328 0.143 0.022 

Residents 0-6 Years Old 0.039 0.032 0.230 

Residents 7-18 Years Old 0.051 0.022 0.020 

Residents 19-24 Years Old 0.022 0.036 0.549 

Residents 25-49 Years Old -0.042 0.030 0.168 

Residents 50-64 Years Old -0.036 0.032 0.271 

Residents 65+ Years Old 0.022 0.036 0.527 

Constant 1.305 0.112 0.000 

Regression Diagnostics  

Observations 14,023 

Log Likelihood -44,164 

Degrees of Freedom 4,657 

LR Test (Model with Constant Only) LR χ2(22) =  1,773.84  p-value=0.0000 

LR Test (Model with Constant, Duration, and log 
of annual MWh Only) 

LR χ2(22) =  556.20  p-value=0.0000 
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Table 5-10 presents the average of the reported and predicted WTP figures for several categories. 
The model appears to provide an excellent overall fit to the data. 
 

Table 5-10.  Residential Customers US 2008$ Summary of Predicted vs. Reported Interruption 
Cost 

Variable 

Predicted 
Interruption 

Cost 

Reported 
Interruption 

Cost 
Predicted as a 
% of Reported 

Duration 

Voltage Sag $2.4 $2.2 109% 

Up to 1 Hour $3.7 $3.9 95% 

2 to 4 Hours $7.1 $6.9 103% 

8 Hours $9.7 $10.1 96% 

Average kW/hr (1-hour duration) 

0-0.5 kW/hr $2.9 $3.5 83% 

0.5-1 kW/hr $3.2 $3.3 97% 

1-1.75 kW/hr $3.7 $4.0 93% 

1.75-2.5 kW/hr $4.0 $4.1 98% 

> 2.5 kW/hr $4.6 $4.3 107% 

Region (1-hour duration) 

Northwest $3.5 $3.2 109% 

Southeast $4.6 $6.6 70% 

Southwest $3.0 $1.4 214% 

West $3.6 $3.7 97% 

Time of Day (1-hour duration) 

Morning $5.0 $5.7 88% 

Afternoon $3.6 $3.6 100% 

Evening $3.1 $3.0 103% 

 
 
5.3 Key Drivers of Interruption Costs 

Figure 5-3, Figure 5-4, and Figure 5-5 below show the predicted interruption costs across various 
durations for a summer afternoon interruption. Figure 5-3 shows a simulation of interruption 
costs for households with low versus high annual consumption, where low consumption was 
defined as less than 0.25 kW/Hour on average and high was defined as greater than 4 kW/Hour 
on average. The simulation shows the effect of household energy consumption on predicted 
interruption costs. The difference between a low consumption household and a high consumption 
household ranges from $2.80 to $4.70 for a 1-hour interruption to $7.50 to $13.00 for an 8-hour 
interruption. 
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Figure 5-3.  Residential Customers US 2008$ Customer Damage Functions by Average kW - 
Summer Weekday Afternoon 

 
Figure 5-4 shows a simulation of interruption costs for households with low versus high annual 
income, where low consumption was defined as less than $25,000 on average and high was 
defined as greater than $100,000 on average. The simulation shows the effect of annual income 
on predicted interruption costs. The difference between a low income household and a high 
income household ranges from $3.40 to $4.40 for a 1-hour interruption to $9.40 to $11.90 for an 
8-hour interruption. 
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Figure 5-4.  Residential Customers US 2008$ Customer Damage Functions by Household Income - 
Summer Weekday Afternoon 
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Figure 5-5.   Residential Customers US 2008$ Customer Damage Functions by Season and Time of 
Day 
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Table 5-11.  Residential Customers US 2008$ Summary of Predicted vs. Reported Interruption 
Cost 

Interruption Duration 

Time of Interruption 

Hours 
per 

Year 

% of 
Hours 

per Year Momentary 30 minutes 1 hour 4 hours 8 hours 

Summer Weekday Morning 521 6% $3.7 $4.4 $5.2 $9.9 $13.6 

Summer Weekday Afternoon 435 5% $2.7 $3.3 $3.9 $7.8 $10.7 

Summer Weekday Evening 435 5% $2.4 $3.0 $3.7 $8.4 $11.9 

Summer Weekday Night 695 8% $2.4 $3.0 $3.7 $8.4 $11.9 

Summer Weekend Morning 209 2% $4.4 $5.2 $6.1 $11.6 $16.0 

Summer Weekend Afternoon 174 2% $3.2 $3.9 $4.6 $9.1 $12.6 

Summer Weekend Evening 174 2% $2.9 $3.6 $4.4 $9.9 $14.0 

Summer Weekend Night 278 3% $2.9 $3.6 $4.4 $9.9 $14.0 

Winter Weekday Morning 1,043 12% $2.4 $3.0 $3.7 $8.0 $11.2 

Winter Weekday Afternoon 869 10% $1.7 $2.1 $2.6 $6.0 $8.5 

Winter Weekday Evening 869 10% $1.3 $1.7 $2.1 $5.7 $8.2 

Winter Weekday Night 1,390 16% $1.3 $1.7 $2.1 $5.7 $8.2 

Winter Weekend Morning 417 5% $2.9 $3.6 $4.3 $9.4 $13.2 

Winter Weekend Afternoon 348 4% $2.0 $2.5 $3.1 $7.1 $10.0 

Winter Weekend Evening 348 4% $1.5 $2.0 $2.5 $6.7 $9.7 

Winter Weekend Night 556 6% $1.5 $2.0 $2.5 $6.7 $9.7 

Anytime 8,760 100% $2.1 $2.7 $3.3 $7.4 $10.6 

 
 
5.4 Implications 

The results from combining the data across the residential studies for this meta-analysis are 
encouraging but require further work to clarify the value of service reliability in this sector. The 
most encouraging aspect is that it appears that data from several studies can be reasonably 
combined to test the effects of various interruption attributes and customer characteristics across 
a broader geography and range of interruption scenarios than is possible in individual studies. 
The combined results, particularly when controlled in a multivariate analysis, are fairly 
consistent in the prediction of interruption cost values across various durations, and the results 
are plausible. Overall, the models show average 1-hour summer afternoon interruption costs for 
residential customers in the $2 to $5 range, an estimate that is not substantially different than 
other efforts to estimate this cost, yet it is based on combining data across several studies with 
slightly different methodologies and from different parts of the country. Further, the estimates 
along the duration curve and the variation across types of characteristics are generally sensible 
given what is known about interruption costs. 
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6. Intertemporal Analysis 

Several of the studies utilized in this meta-analysis are in fact repeat studies conducted by the 
same utility (although the respondents were randomly chosen for each survey). The question 
naturally arises as to whether it is possible to estimate the effect of time on interruption costs, 
(i.e., are interruption costs generally increasing over time)? 
 
6.1 Methodology 

The methodology for the Intertemporal analysis is identical to that for the static analyses except 
for the addition of a dummy variable representing year differences in interruption costs from the 
base year (the earliest year the study was conducted) in the GLM equation relating mean 
interruption costs to the structural variables. 
 
6.2 Results 

There were a total of six cases involving a total of twelve studies which lent themselves to the 
intertemporal analysis. The results of those six comparisons are presented below (the results of 
the first step probit analyses as well as all other coefficients from the second step GLM analyses 
have been suppressed for brevity. 
 

Table 6-1.  Impact of Year Across Six Intertemporal Models 

Company and Survey Year Tested Coefficient 
Standard 

Error P-Value 

West-2 (Year = 2005)   

Medium and Large C&I (base year = 1989) -0.017 0.172 0.923 

Small C&I (base year = 1993) -0.219 0.186 0.239 

Residential (base year = 1993) -0.046 0.115 0.686 

Southeast-2 (Year = 1997)   

Medium and Large C&I (base year = 1993) 0.295 0.243 0.226 

Small C&I (base year = 1993) -1.501 0.219 0.000 

Residential (base year = 1993) 0.482 0.063 0.000 

 
 
6.3 Implications 

The most striking feature of this analysis is the degree to which, in an overall sense, reported 
costs have remained stable in the 10-15 year period since from the first study to the most recent.  
In four of the six cases, the p-value shown indicates the likelihood that any differences observed 
between the average interruption costs in each period would be expected as part of normal 
sampling variation rather than providing evidence of different interruption costs. Of the two 
cases where there is statistical significance, one produces a negative result, which would seem 
counterintuitive. These results do not offer strong evidence that the observed differences between 
costs in the two periods is due to a true change in value over time, or terribly reliable guidance 
regarding the magnitude of the difference. 
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7. Recommendations for Further Research 

7.1 Interruption Cost Database Improvements 

Several significant improvements should be made to the interruption cost meta-database.  These 
improvements include the collection of additional interruption cost data on key geographical 
locations where information is currently not available and development of an easy to use 
interruption cost calculator that does not require extensive knowledge of econometric techniques 
to calculate customer interruption cost estimates. 
 
Additional Interruption Cost Surveying Should be Undertaken for Key Geographical 
Areas of the US 
 
The current interruption cost meta-database contains significant numbers of observations of 
interruption costs for customers located in the West, Southwest, Southeast, Northwest and Lower 
Mid-West.  Significantly absent are interruption cost estimates for customers in the Northern tier 
of the Mid-West (i.e., Chicago metro and Minneapolis) and the Northeast corridor (e.g., New 
York metro, Boston metro and Baltimore-Washington corridor).  There are reasons to suspect 
that interruption costs in these regions may be significantly different from those for other regions 
of the nation.  This problem could be solved by carrying out customer interruption cost studies 
for a small number of key utilities located in these regions using the sampling and measurement 
protocols that were used in the other studies in the meta-database.  This information is needed to 
round out the full database on the US and to ensure that interruption cost estimates can be made 
available to planners in those regions. 
 
An Easy to Use Interruption Cost Calculator Should be Developed Using the Customer 
Damage Functions from the Meta-Database 
 
An important factor limiting the expanded use of value-based electricity reliability planning is 
the somewhat arcane nature of the topic.  Customers, not to mention grid planners, and policy 
makers, typically have only a nebulous appreciation for the economic value of reliable electric 
service, and thus are unable to properly account for it during resource planning processes.  On a 
going forward basis as the demand for electricity capacity at all levels of electric systems 
expands to meet load growth resulting from the electrification of transportation and increasing 
penetration of renewable resources, the need for careful analysis of the benefits of capacity 
expansion, undervaluation of capacity investments may cause real problems. 
 
The interruption cost estimation procedures outlined in this report are valid and reasonable.  
However, in their present form they are difficult for most intended users to apply.  In order to 
address this issue, a simple, useful, and user-friendly tool that will enable customers to quickly 
estimate the economic value of reliable electric service should be developed.  In order to help 
make value-based reliability planning a more common practice, the tool should be publicly 
available and posted online along with reasonable documentation.  
 
The interruption cost calculator should be a windows application that requests some basic 
information from users about the interruption scenario from customers in order to produce 
customized estimates of interruption costs.  These input variables would correspond to the 
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planning level and the principle variables in the customer damage functions that have already 
been developed.  Examples of key inputs include: the share of residential, small C&I, and 
medium/large C&I customers; the duration and onset time of the interruptions, and 
environmental attributes such as the season, average temperature, and humidity.  The output 
would focus on the interruption costs for the region, utility, circuit, etc. that the user seeks to 
model.  In other words, the estimate would combine the residential and commercial interruption 
costs to reflect those in the area being modeled, and provide a break down of share of 
interruption costs borne by different customer types.  
 
In order to present the most robust, user-friendly tool to consumers, it should incorporate a 
number of toggles and options features in the calculator, enabling users to quickly and easily 
load default input factors and customize those inputs to suit their needs.  Prior to releasing this 
tool to the general public, it must undergo extensively pressure-testing to make sure it produces 
reasonable results and that users cannot easily cause it to produce erroneous calculations.  It 
should also be beta-tested it with planners and other industry users to work out all possible bugs 
or kinks and ensure a smooth roll-out. 
 
The Interruption Cost Calculator Should Explicitly Model Statistical Uncertainty 
 
In many planning applications it is not only important to know the expected or average value of 
lost load but the uncertainty associated with those impacts.  Uncertainty can arise from two 
sources:  uncertainty associated with the regression parameters of the statistical model and 
uncertainty associated with the key drivers or inputs into the customer damage function.  Any 
eventual interruption cost calculator should take account of both sources of uncertainty and 
produce the full probability distribution of the value of lost load.  With such a tool in place,  it 
would be possible to make such statements as “based on the known uncertainties in the estimates 
of interruption costs, customer population sizes and reliability history, there is a 95% chance that 
the value of lost load for the system of interest is greater than X” (e.g., X is $50 Billion).  
 
This could be accomplished by expanding the interruption cost calculator to work with Crystal 
Ball or @Risk, Monte Carlo simulation software packages that works as add-ins to MS Excel.  
The underlying calculator would also require some additional work on the input options in order 
to allow them to be modeled stochastically at the user’s discretion.  
 
With the development of the enhanced interruption cost calculator, it would be relatively 
straightforward to develop a Monte Carlo simulation-based model for estimating the value of lost 
load for the US, for a region, for a transmission line and even for a distribution circuit.  This 
aspect of the calculator would also have to undergo significant bench and beta-testing to ensure 
that it was working properly and that users were not able to drive it to produce results that were 
nonsensical. 
 
7.2 Interruption Cost Application Demonstration Projects 

An important impediment to the application of value based reliability planning is the absence of 
publically available templates and widely accepted examples of the application of economic 
analysis in the context of utility transmission and distribution planning.  Some utility planners 
and engineers may question whether the overlay of economic considerations will yield decisions 
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about reliability investments that are truly optimal.  An important next step in encouraging the 
use of value based planning by regulators and utilities is the assembly of carefully conducted 
demonstrations or case studies.  There are many policy decisions where interruption costs can be 
used to assess whether the benefits of increasing reliability (the avoided interruption costs) 
outweigh the costs of investments.  These include:  
 

1. Evaluation of the economic benefits of specific Smart Grid applications on specific 
systems; 

2. Assessing the economic costs and benefits of adding distributed generation (fuel cells, 
wind and solar) to grid connections;  

3. Evaluating the reasonableness of routine grid reinforcement investments designed to 
preserve reliability at its present levels; 

4. Selecting optimal resource adequacy levels for generation; and 
5. Evaluating the economic benefits of Demand Response programs. 

 
Some work has been undertaken in virtually all of these applications.  However, most of this 
work has been done by utilities during internal efforts to plan for system reinforcement in 
preparing requests for funds to undertake system reinforcement or in the context of other 
regulatory proceedings and virtually none of it has been published. 
 
There is a critical need to assemble concrete examples of the above kinds of analyses and to 
develop reasonable analysis techniques that both regulators and utility planners can understand.  
In most cases, this search will reveal that critical flaws existed either in the interruption cost 
assumptions used in the analysis or in the ways in which these cost assumptions were integrated 
with decision making.  Therefore, it is also highly desirable that a set of ideal demonstrations be 
built – taking account of what has already been learned, but incorporating the best available 
techniques for incorporating information about interruption costs into the above described types 
of planning decisions.  
 
7.3 Basic Research in Interruption Cost Estimation 

Use of Common Reliability Indicators with Customer Interruption Cost Information Needs 
Development and Test 
 
For many years now utilities have been tracking the reliability of their transmission and 
distribution systems using aggregate level performance indicators such as the System Average 
Interruption Frequency Index (SAIFI), the System Average Interruption Duration Index (SAIDI) 
and the Momentary Average Interruption Frequency Index (MAIFI).  These average 
performance indicators provide very crude information about the impacts of unreliability on 
customers.  Take, for example, the measurement of SAIFI.  It represents the average frequency 
of interruption for all customers on the system components for which it is being reported 
(system, area, substation, line, etc.). It is the number of customer interruptions divided by the 
number of customers on the system.  Unfortunately, this research shows that not only does the 
frequency of interruptions matter from the point of view of interruption cost, but so does duration 
– as well as the types of customers being interrupted.  It is not possible to calculate the 
interruption cost for the system component by multiplying the interruption cost per event of 
duration (SAIDI) (properly weighted for the composition of customers by type on the system) 
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times the average frequency of interruptions (SAIFI).  This is so because underlying SAIDI is 
some set (frequency) of events of varying duration.  A simplifying assumption that can be made 
is that the average duration is made up of n = (SAIFI) interruptions.  In essence, this scales the 
SAIDI to the average frequency of interruptions.  The problem with this approach is that it 
ignores the real distribution of unreliability with respect to time.  Moreover, because the 
relationship between interruption cost and duration is positive and non-linear, this approach 
contains the potential to significantly underestimate the real interruption costs being experienced 
on the system component. 
 
The use of these system average indicators is well established and will not likely change to 
accommodate the calculation of more realistic reliability impacts.  Instead what is needed is 
careful research to discover and document the biases (if any) that may be introduced in making 
different kinds of simplifying assumptions designed to estimate interruption costs for system 
components (under different conditions) from information about the impacts of these conditions 
on commonly used reliability indicators. 
 
Partial Interruption Costs Are Not Well Understood 
 
Virtually all interruption cost studies to date have developed interruption costs for full 
interruptions.  While this information is vary useful for valuing reliability improvements 
obtainable from system reliability reinforcements, they are of limited use for evaluating the costs 
and benefits of demand response.  Demand response typically involves partial, rather than full 
interruptions.  Most demand response programs do not involve full interruptions.  Instead, 
customers reduce their demand partially in response to control or price signals coming from the 
system operators.  The value of demand response to the system is the cost of the full interruption 
that might have been experienced by all parties on the system absent the demand response.  The 
costs experienced by demand response participants are not the cost of a full interruption, but 
instead are the value of the part of the load they curtail at the time of the demand response 
request.  For purposes of evaluating the cost effectiveness of demand response programs, it is not 
appropriate to consider the value of the partial interruption to be zero – although in some cases it 
undoubtedly is.  The question is: what is the value of the partial interruption for customers 
participating in these programs if it is not zero.   
 
The current meta-database (focused on the value of full interruptions) cannot address this issue.  
To do so, additional research should be undertaken to measure the cost of partial interruptions for 
loads of different types.  There is a solid literature on utility customer response to curtailable and 
interruptible programs and to time varying rates.  With the increasing penetration of advanced 
metering equipment, evidence of customer response to pricing and load control methodologies is 
becoming increasingly available.  A careful review of the literature and results of ongoing 
customer studies designed to estimate the value of partial interruptions to customers should be 
undertaken to supplement the existing information in the meta database on full interruption costs.  
 
Less Costly Methods for Measuring Customer Interruption Cost are Needed 
 
A major barrier to widespread use of customer interruption cost information in regulation and 
utility planning is the cost of collecting reliable information on customer interruption costs.  The 
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meta-data base and customer damage functions described in this paper will make reasonable 
“placeholder” estimates of customer interruption costs widely available and should go a long 
way toward solving this problem. 
 
However, in the ideal case, a more refined and less expensive approach should be developed for 
estimating customer interruption costs.  The current generation of customer interruption cost 
surveys was built on state of the art survey techniques that were available in the 1980s.  Given 
the experience with these methods and the changes in survey technology that have evolved over 
the past 10 years it should be possible to develop a new, more accurate and much less expensive 
process for measuring customer interruption costs.  In particular, the following improvements 
should be investigated: 
 

1. It is likely that large commercial and industrial customer interruption cost can be 
measured using a combination of internet and telephone interviewing – reducing the costs 
of the current on-site approach to interruption cost measurement for this class of 
customer by two-thirds.  This approach should be tested. 

2. It may also be possible to measure large and medium customer interruption costs using a 
webinar format in which a large number of respondents are guided through a standard 
survey instrument by a single super-interviewer who answers questions from the 
audience as the form is completed on line.  Again, this would significantly reduce costs 
and should be tested. 

3. Medium and small commercial and industrial customers can be measured using the 
internet after an appropriate respondent at each target organization has been identified by 
telephone. 

 
All of these approaches (and maybe others) should result in much lower data collection cost.  
The question is: will the resulting data be comparable to what is obtained using conventional 
survey measurement techniques? 
 
Experiments should be undertaken to test and perfect alternative interruption cost data collection 
methodologies that yield both valid and reliable information.  These tests will be difficult to 
carry out.  The inherent variation in interruption costs measurements and the current costs of 
some of the measurement techniques are high.  The challenge will be to design experimental 
tests of the reliability of measurements that are sufficiently powerful to detect meaningful 
differences arising from the survey designs.   
 
The Impact of Changing Interruption Frequency is Not Well Understood 
 
All of the surveys used in the meta-analysis measured the economic cost a single interruption in 
the context of the customer’s current level of service.  That is, they ask the customer to describe 
the costs they would experience in the event of a single interruption.  It is not described as an 
additional interruption.  Indeed the survey forms do not allow measurement of the impact of 
increasing frequency on interruption cost.  It is unknown how the costs of interruption would 
change if the frequency of interruptions were increased or decreased.   
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While it is reasonable to assume that interruption costs will increase or decrease monotonically 
with frequency, this assumption should be investigated. 
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8. Summary and Conclusions 

This paper describes research designed to merge the results from 28 previously confidential 
interruption cost surveys into several large, integrated data sets (for different customer types) that 
can be used to estimate electricity customer interruption costs for the US. The principal benefit 
of this work is the development of reliable estimates of customer interruption costs for 
populations of industrial, commercial, and residential customers in the US derived from a rich 
database of responses to customer interruption cost surveys. The interruption costs reported in 
this paper illustrate the usefulness of the customer damage functions that have been estimated 
using the meta-database assembled for this research.  
 
Although customer damage functions reported in this paper represent a significant improvement 
over past information about customer interruption costs, there are limitations to how the data 
from this meta-analysis should be used. First, certain very important variables in the data are 
confounded among the studies we examined. In particular, region of the country and year of the 
study are correlated in such a way that it is impossible to separate the effects of these two 
variables on customer interruption costs. Thus, for example, it is unclear whether the higher 
interruption cost values for the southwest are purely the result of the hot summer climate in that 
region or whether those costs are higher in part because of the particular economic and market 
conditions that prevailed during the year when the study for that region was done.  
 
There is also some correlation between regions and scenario characteristics. The sponsors of the 
interruption-cost studies were generally interested in measuring interruption costs for conditions 
that were important for planning for their specific systems. As a result, interruption conditions 
described in the surveys for a given region tended to focus on periods of time when interruptions 
were more “problematic” for that region (e.g., summer peak or months when thunderstorms are 
common). Unfortunately, the time periods when the chance of interruptions is greatest are not 
identical for all sponsors of the studies we relied upon, so interruption scenario characteristics 
tended to be different in different regions. Fortunately, most of the studies we examined included 
a summer afternoon interruption, so we could compare that condition among studies. 
 
A further limitation of our research is that the surveys that formed the basis of the studies we 
examined were limited to certain parts of the country. No data were available from the 
northeast/mid-Atlantic region, and limited data were available for cities along the Great Lakes. 
The absence of interruption cost information for the northeast/mid-Atlantic region is particularly 
troublesome because of the unique population density and economic intensity of that region. It is 
unknown whether, when weather and customer compositions are controlled, the average 
interruption costs from this region are different than those in other parts of the country.  
 
This paper has removed an important barrier to the widespread use of value based reliability 
planning in regulation and utility system planning – the availability of reasonable estimates of 
customer interruption costs.  There are others.  Additional work that needs to be done includes: 

1. Additional interruption cost surveying should be carried out in regions where 
information on customer interruption costs is currently unavailable (i.e., the Northeast 
Corridor and the Northern Tier of the Mid-West) 
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2. An easy to use interruption cost calculator should be developed driven by the customer 
damage functions described in this paper. 

3. Additional work should be carried out to develop the ability to model uncertainty in 
interruption cost estimates 

4. Robust examples of the use of customer interruption costs to assess the benefits arising 
from different kinds of reliability reinforcements and regulatory decisions should be 
developed and published 

5. Additional basic research is needed to develop reasonable ways of using customer 
interruption cost information with currently used indicators of reliability performance 
(e.g., SAIFI and SAIDI); estimate partial interruption cost; and develop modern and less 
expensive techniques for estimating customer interruption costs. 
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Appendix A. Data Transformation 
 
Creating the meta-datasets involved a multi-step process. First, the datasets, codebooks and 
survey instruments had to be obtained from the companies if Population Research Systems did 
not have them already available. Second, datasets had to be standardized and merged. This 
Appendix describes these processes. 
 
A.1 Acquiring the Datasets 
 
Companies that had conducted VOS studies were contacted by phone by the Project Director. 
Typically they asked for documentation, so they were emailed a letter and a document explaining 
the genesis and purpose of the study. When requested, Non-Disclosure Agreements were signed 
assuring that customer-specific information would not be made available, an assurance that was 
actually part of the study design. Because PRS had conducted several of the studies, the data and 
other materials for those studies were in-house. In other cases we received data files from the 
utility, or from the consulting firm that conducted the study. In one instance, the data were on 5-
¼” floppy disks but fortunately they were still readable. 
 
A.2 Construction of The Database 
 
Altogether, we received 28 different datasets from surveys fielded by 10 different utility 
companies between 1989 and 2005. Some of the utilities surveyed all three customer types – 
medium and large commercial and industrial C&I, small C&I, and residential – while others did 
not. In some cases there was only one dataset for commercial and industrial customers, and these 
were sorted into medium-large or small according to electricity usage. Table A- 1.  Inventory of 
Datasets lists the utility company, survey year, and types of data for each of these 28 datasets. 
 

Table A- 1.  Inventory of Datasets 

Utility Company 
Survey 
Year 

Medium and Large 
C&I Small C&I Residential 

Southeast-1 1997 X   

1993 X X X Southeast-2 

1997 X X X 
Southeast-3 1990 X X   

Midwest-1 2002 X   
Midwest-2 1996 X X   

West-1 2000 X X X 

1989 X     

1993   X X 

West-2 

2005 X X X 
Southwest 2000 X X X 

Northwest-1 1989 X X 
Northwest-2 1999 X X 
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Note: The Midwest-1 company classified the target populations as industrial and commercial 
rather than medium and large C&I and small C&I, as did the other surveys. This distinction did 
not pose a problem during the standardization process since the companies could be re-
apportioned according to annual kWh. Once received, the next tasks were to read the datasets, 
identify the variables required for the analysis, standardize these variables, merge the datasets, 
and then standardize the dollar amounts into 2008 dollars. The variables required for the C&I 
data and Residential data are in Table A- 2 and Table A- 3: 
 

Table A- 2.  Variables for Commercial & Industrial Meta-Sets 

Interruption Specific Respondent-Specific 

Season  Number of interruptions 

Hour of day Back-up generator 

Day of week Annual usage 

Duration SIC Code 

Warning given Number of employees 

Interruption cost per event  

Year of survey   

Geographic region  

 

Table A- 3.  Variables for Residential Meta-Sets 

Interruption Specific Respondent-Specific 

Year of survey Housing type and ownership 

Season Sick bed/medical & med. equipment. 

Hour of day Home business 

Day of week HH Income 

Duration Number of interruptions 

Warning given Back-up generator 

Geographic region Annual kWh 

Willingness to pay  

Willingness to accept   

 
The small C&I and medium and large C&I data required the same variables, so in order to create 
the small C&I dataset and the medium and large C&I dataset, all of the available C&I datasets 
were merged together into a single C&I dataset. The C&I dataset was then parsed into two 
portions: small C&I and medium and large C&I, based on annual kWh.  
 
A common cutoff point for separating small C&I from medium and large C&I is at 50,000 
annual kWh; customers falling below 50,000 annual kWh are considered small C&I, while those 
above 50,000 annual kWh fall into the category medium and large C&I. The resulting medium 
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and large C&I dataset has 30,966 observations and the small C&I dataset has 21,365 
observations. 
 
As explained in the note at the bottom of Table A- 1, the Midwest-1 company’s customer base 
was divided into industrial and commercial customer types, rather than using small C&I and 
medium and large C&I. To conform to the customer types defined in the other datasets, we apply 
the same decision rule, based on annual kWh, to their industrial and commercial customers, 
effectively reassigning them as small C&I or medium and large C&I.  
 
The combined residential dataset is a straightforward merge of the eight individual residential 
datasets. The resulting residential dataset has 26,738 observations. 
 
A.3 Missing Data and Treatment Of Outliers 
 
There are two relevant dependent variables in the all three of the datasets: (1) total interruption 
cost, and (2) total interruption cost per average kW (calculated by dividing annual kWh by 8760 
– the number of hours in a year). For the purposes of analysis, there is a different sample size for 
each dependent variable, based on the number of observations with missing values on the 
particular dependent variable.  
 
The analysis samples are constructed from the original survey datasets as follows: First, all 
observations meeting the statistical definition of mild outlier (more than 3 times the interquartile 
range above the 75th or below the 25th percentile were eliminated from the data for both log 
interruption costs (within industry and duration) and for log of annual kWh usage (within 
industry) were removed from the analysis.25 Second, those observations with missing values on 
the relevant dependent variable are eliminated.  
 
For all C&I data combined, there are 60,537 cases, but only 53,406 have data for average kW. 
About 2.8% of cases are excluded owing to outliers and missing data, leaving 51,741 cases 
available for calculating total cost.  
 
For the residential dataset, there are 36,168 cases, but only 26,789 have data for average kW, 
household income and household size. About 2.7% of cases are excluded owing to outliers and 
missing data, leaving 26,026 cases available for calculating total cost. 
 
A.4 Calculation of Total Interruption Costs – C&I 
 
The calculation of total interruption cost varies according to the format of each survey. Some 
surveys, in addition to asking about total interruption costs, ask for detailed estimates of 
component costs, including lost production/sales, damage to equipment or materials, extra 
overhead, addition labor and overtime costs, and other costs associated with an interruption. 
Other surveys only request a total estimated cost for each interruption scenario.26  

                                                 
25 See the discussion on outliers above in Section 3.4. 
26 This analysis assumes that reported costs are the same whether the question asks for specific cost components or 
total costs.  The issue of whether the format of such question might tend to bias the results in one direction or 
another is left to future research. 
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In cases where both total costs and component costs are available, our estimate of total 
interruption cost is based on the sum of the component costs. However, if the sum of component 
costs does not match the estimate of total cost provided by the customer, we use the estimate of 
total cost in our analysis instead of the sum of component costs.  
 
Furthermore, many surveys include multiple scenarios to gather information about interruptions 
under different conditions. Interruption scenarios may vary by the time of day, day of the week, 
season, duration of the interruption, and whether or not there is advanced warning of the 
interruption. Within our datasets, each scenario is a separate observation. Therefore, each 
customer may have multiple records within a given dataset, up to a maximum of 6 records for the 
Northwest-2 C&I data. In other words, the scenario became a case to which the individual data 
were appended. 
 
A.5 Calculation Of Willingness to Pay – Residential 
 
The residential surveys do not ask customers for estimates of interruption costs because 
household respondents are unable to accurately gauge the costs unlike business customers. 
Rather, residential customers are generally asked two questions: (1) how much would you be 
willing to pay for electric service to avoid the power interruption in the case of this interruption 
(willingness to pay or WTP)? and (2) how much would you accept as a credit for a particular 
interruption scenario (willingness to accept or WTA)? 
 
These questions can be posed in many ways. Some surveys allow customers to select WTP and 
WTA amounts from a list of possible choices. Others permit customers to enter any amount into 
a blank field. Many surveys use a combination of methods. For example, the West-1 residential 
survey asks customers the following questions to determine WTP and WTA. 
 

Suppose an electric service was available to handle all of your electrical needs during this 
Y hour interruption. With this service, you would not have to make any adjustments to 
the interruption since your electricity would not go off.  
 
Would you pay $X for this electric service to avoid this Y hour interruption? (CIRCLE 
ONE NUMBER) 
1 No 
2 Yes 
-8 Don’t Know 
-9 Refused/Missing 
 
Would you pay 2 * $X for this electric service to avoid this Y hour interruption? 
(CIRCLE 
ONE NUMBER) 
1 No 
2 Yes 
-8 Don’t Know 
-9 Refused/Missing 
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Would you pay ½ * $X for this electric service to avoid this Y hour interruption? 
(CIRCLE 
ONE NUMBER) 
1 No 
2 Yes 
-8 Don’t Know 
-9 Refused/Missing 
 
What is the maximum you would pay for this electric service to avoid this Y hour 
interruption? 
$_______ 
-8 Don’t Know 
-9 Refused/Missing 

 
Our WTP and WTA amounts are calculated as the maximum amount provided by the customer. 
In the case of a categorical response, each category was converted to a numeric value prior to 
applying the maximization rule. 
 
A.6 Explanatory Variables 
 
In order to consolidate our 28 datasets into a single dataset for each customer type, we needed to 
enforce conformity of measures across datasets. Year of survey simply ranges from 1989 to 
2005. The region of the U.S. is recoded as: West, Southwest, Northwest, Midwest, and 
Southeast. Regional assignments are based on the location of the utility company. We do not 
have any information from the Northeast.  
 
Most interruption scenarios include the duration of the interruption, season of the year, day of the 
week, hour of the day, and whether or not advance warning of the interruption is provided. There 
are 12 different durations, ranging from a voltage sag to a 12-hour interruption. It is coded as a 
continuous variable Season has been coded as a dichotomous variable for winter or summer (no 
spring or fall scenarios). Day of the week is sometimes specified, although most surveys only 
distinguish between a weekday and a weekend, so it is coded as a dichotomous variable. Hour of 
the day has been collapsed into four categories: night (11pm-1am) morning (6am-11am), 
afternoon (12pm-4pm), evening (5pm-8pm). Interruption scenarios do not cover all hours of the 
day. Advance warning of an interruption is dichotomized into a Yes/No indicator. 
 
SIC is a 4-digit coded used to categorize companies into industries. The first digit represents the 
broadest industry classification and each subsequent digit provides a more granular description 
of the company’s activities. We have coded SICs into a relatively broad 9-category indicator of 
industry classification, using the first two digits of each company’s SIC codes.  
 
Our categories are: manufacturing; agriculture; mining; construction; retail and trade; finance, 
insurance, and real estate; services; telecommunications and utilities; and public administration. 
Each category and its corresponding range of SIC codes is listed in Table A- 4.  
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Table A- 4.  Categorization of SIC Codes 

SIC Range Industry Category 

01xx-09xx Agriculture, Forestry, & Fishing 

10xx-14xx Mining 

15xx-17xx Construction 

20xx-39xx Manufacturing 

40xx-49xx Transportation, Communication, & Utilities 

50xx-59xx Wholesale & Retail Trade 

60xx-67xx Finance, Insurance, & Real Estate 

70xx-89xx Services 

91xx-97xx Public Administration 

 
A.7 Dollar Standardization 
 
Interruption cost numbers in the small C&I and medium and large C&I datasets, as well as WTP 
and WTA figures in the residential dataset, are standardized to 2008 dollars using the GDP 
deflator from the U.S. Bureau of Economic Analysis (http://www.bea.gov/national). The base 
year for the deflator is 2008 (2008=100). In 1989, the earliest year in the survey, the GDP 
deflator is 64.2. For each survey year, we calculated a deflation factor using the formula:  
 

Deflation factor = 1 / GDP deflator 
 
The final step is to standardize our dollar denominated figures – interruption cost, WTP, WTA, 
household income – to 2008 dollars. This is done by multiplying each dollar amount by the 
deflation factor corresponding to the year of the survey. 
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Appendix B. Survey Methodology 
 
With the publication of the Interruption Cost Estimation Guidebook, survey protocols for 
gathering these data were developed and generally followed by the various firms conducting 
VOS studies. The methodology varies somewhat for each customer group, and each will be 
summarized in this appendix. 
 
B.1 Survey-Based Method of Cost Estimation 
 
The studies used to create the meta-database in this project employed a survey-based 
methodology to gather information about the value of reliable service. The results allow for the 
development of estimates of interruption costs. There are two forms of estimates – direct cost (or 
worth) and imputed cost estimation. Direct cost is more typically used for non-residential 
customers, whereas the imputed cost is used for residential customers because many of the costs 
to residential customers are of an intangible nature, whereas the costs to businesses typically are 
quantifiable. 
 
B.1.1 Direct Cost Estimation 
 
With the direct measurement approach, the survey describes hypothetical interruption 
“scenarios” that have different characteristics. Each interruption scenario describes a specific 
combination of characteristics making up one interruption event. Characteristics that are varied 
include: 
 

 The season in which it occurs (summer and winter). 
 The day of the week (weekend versus a weekday). 
 Start time. 
 Duration. 
 Complete or partial loss of service (voltage sag or black-out). 
 Voluntary or mandatory. 
 Amount of advance warning, if any. 

 
Respondents will usually receive several scenarios. However, because the utility often wants to 
explore more scenarios that respondents can reasonably expect to have time or patience to 
answer, there are typically several versions with a questionnaire, each having three to five 
scenarios. An example of such a scenario is: 
 

At 1:00 PM on a summer weekday, the electric power serving your business stops 
without warning. You don’t know how long this power interruption will last when it 
occurs. After one hour your power comes back on. 
 

Then the C&I customers are asked to estimate the costs, damages, and if relevant, savings 
accrued from each interruption. They are given a worksheet to fill out which looks something 
like this: 
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For this interruption, estimate costs from: 
Damage to equipment:  $________ 
Damage to materials:  $________ 
Wages paid without production:  $________ 
Other costs:  $________ 
Lost sales (or production):  $________ 
Percentage of sales to be recouped: % x Sales lost  $________ 
Total sales lost:  $________ 

Less: 
Wages saved:  $________ 
Energy costs saved:  $________ 
Other savings:  $________ 

Total Costs:  $________ 
 
B.1.2 Cost Estimation Through Imputation 
 
Willingness to pay and willingness to accept credit (WTP and WTA) approaches instead ask the 
customer what they would pay to avoid the interruption occurrence, or how much the customer 
would have to be compensated to be indifferent to the interruption. As with the direct cost 
approach, the survey describes hypothetical interruption “scenarios” that have different 
characteristics. The imputed approaches are especially useful in situations where intangible costs 
are present that are difficult to estimate using the direct worth approach, which is typically the 
case for residential customers. Because not all surveys used the WTA measure, the meta-analysis 
employed mainly WTP. A full discussion of the advantages and disadvantages of the direct 
worth and imputed methods can be found in Chapter 3 of the Interruption Cost Estimation 
Guidebook. 
 
The example below is from a mail survey. 
 

Case #1: On a summer weekday, a power interruption occurs at 3:00 PM without any 
warning. You do not know how long the power interruption will last, but after 1 hour 
your household’s electricity is fully restored. 
 
Willingness to Accept Credit Imputation: 
 
Suppose your Utility could provide you with a credit on your bill each time your home 
experienced this interruption, whether or not you were home. What would be the least 
amount that you would consider a fair payment for each time this interruption occurred in 
your home? (Circle or enter a number) 
 
$0  $.10  $.25  $.50  $1  $2  $3  $4  $5  $6  $8 
$10  $12  $15  $20  $25  $30  $40  $50  Other: $_____ 
 
Willingness to Pay Imputation: 
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Suppose a back-up service was available to handle all of your household’s electrical needs 
during this power interruption. You would be billed by the supplier only for when and for how 
long the back-up service provided you with electricity. If you were charged a fee for this service 
only when you decided to use it (by using an on-off switch in your home), what is the most you 
would be willing to pay for this service each time you used it to avoid this power interruption? 
(Circle or enter number) 
 

$0  $.10  $.25  $.50  $1  $2  $3  $4  $5  $6  $8 
$10  $12  $15  $20  $25  $30  $40  $50  Other: $_____ 
 

An alternate version of a WTP question when fielded by telephone is: 
 

Suppose an electrical service was available to you during the power interruption. With 
this service, you would not have to make any adjustments to the interruption since your 
electricity would not go off.  
 
Would you pay $10.00 for this service to avoid the interruption? (YES or NO) 
[IF YES]: Would you pay $20.00 for this service? 
[IF NO]: Would you pay $5.00 for this service? 
 

In general, however, it is ideal to conduct this kind of research using mailed survey instruments, 
although it’s possible a combined mixed mode mail-Internet methodology may now be 
reasonable. 
 
B.1.3 Survey Design 
 
As is typical, the survey is conducted based on actual usage, hence groups into medium and large 
C&I or small. In reality, the survey instruments may be designed to ask questions that are 
relevant to different companies given their primary mode of business. Manufacturing companies 
are asked about production and materiel costs, damages and savings resulting from interruptions 
to their resources, equipment, and labor. Retail and commercial organizations are asked about the 
impact of power loss on sales and inventory. A few studies have included other subgroups, such 
as agricultural customers, hospitals, and service organizations. In the meta-database, we exclude 
these latter categories due to an inadequate number of cases. 
 
B.2 Data Collection Methodology 
 
B.2.1 Non-Residential Customers 
 
Survey instruments for interruption cost studies are complex and difficult to answer. For very 
large organizations, it is best to have a mid-level to senior-level analyst or consultant conducting 
the interview on-site. This interview takes approximately 2 to 4 hours, and can include input 
from more than one departmental manager. Sometimes several persons will be interviewed 
together, and other times sequentially. Answers required for the survey are not likely to be 
known “off the top of one’s head” nor would they be reliable if given as such. Therefore, the 
process is a “phone-mail-interview” technique, where the research organization is given the 
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initial list of company and contacts, the correct respondent(s) is identified in an initial phone call, 
and an onsite interview is then scheduled. The respondent is then mailed or faxed the survey 
instrument with instructions, so that this information will be available at the time of the on-site 
interview. The presence of the interviewer ensures that the respondent has a clear understanding 
of how to interpret the survey requirements. 
 
A less expensive variation of this procedure is “phone-mail-phone” where instead of conducting 
the interview on-site, the interview is conducted over the phone. This methodology may be 
appropriate for the small/medium organizations. Finally, there have been low budget projects 
where the account contact was sent the survey by mail and then returned it. With follow-up, such 
as reminder postcards and other best practices in mail surveys, this method may have a 
reasonably high response rate but the data quality tend to be compromised. 
 
B.2.2 Residential Customers 
 
There is much less of a respondent recruit issue for residential customers. This survey is usually 
conducted by mail, using best practices for mail surveys to garner a high response rate. 
Residential surveys can also be conducted by telephone. There are certain implications about 
questionnaire design (such as the way WTP questions can be asked) for each methodology. 
Insert text here 
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Appendix C. Recommendations for Questionnaire Design 
 
One of the benefits of conducting this meta-analysis is revisiting the questionnaire design and the 
data analysis made possible by these survey instruments. Reviewers of an earlier version of this 
document also noted that improvements to methodology could be made. Therefore, should a 
utility, Public Utilities Commission, a federal agency or other organization choose to conduct a 
VOS study, it is worthwhile to consider the lessons learned along the way. Certainly, studies 
conducted by utilities need to address that utility’s specific operating environment and customer 
mix. Nevertheless, there are some practices that could not only provide the utility with better 
data, but also allow for future meta-analyses and contributions to a wider industry understanding 
of the value customers place on reliability. These practices are summarized in this Appendix. 
 
C.1 Macro- Versus Micro-Views 
 
The customer groups presented in this research include households, businesses, and 
manufacturers. While some utilities branch out to a more diverse set of businesses, 
manufacturers or producers, such as agricultural or healthcare organizations, no study include the 
broad impacts of an interruption on societal or government costs. Some of those costs would 
understandably be more difficult to quantify, but others can be captured in dollars. For example, 
governments lose sales tax revenue, and may need to expend emergency dollars for police or 
other security measures. A government office does not lose sales revenue, but it does lose 
productivity in the form of staff that gets paid regardless, or fees for government licenses and 
services that go uncollected. Future studies are advised to branch out to these non-business 
interruption costs. 
 
C.2 The Impact of Back-Up Systems 
 
After extensively analyzing the different survey instruments, it is becoming obvious that the 
meaning and implications of having a back-up generation system are not consistently captured in 
the survey methodology. In these questionnaires, respondents are asked at one point in the survey 
whether they have a back-up generator or system, and then only later answer the scenario-
specific questions. Two problems are inherent in the question about back-up systems. First, the 
precise kind of back-up system is not necessarily clarified, for example, is it just for lighting, or 
is it for full operations? Second, the presence of the generator and the tally of interruption costs 
are separated, so it is not clear if the respondent is adequately taking the backup generation 
capability or costs into consideration. 
 
C.3 Advance Warning 
 
In the studies employed in this meta-analysis, scenarios with advance warning are not necessarily 
paired with the identical scenario (and company-respondent) without advance warning, so the 
aggregate analysis yield highly problematic or counter-intuitive results. The implication of this 
methodological problem is that it will be difficult to compare the costs of transmission to 
generation interruptions. 
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C.4 Facilitating Regional Comparisons 
 
Being able to compare the results of one study to another are important for an individual utility 
as well as for cross-service territory insights. There are several techniques in survey design or 
database design that would facilitate this kind of analysis. These are: 
 

 Noting regional climates in a standardized nomenclature. 
 Including standard interruption scenarios, such as, by including one-hour summer 

afternoon weekday for C&I, and one-hour winter morning weekend for residential 
customers. 

 Standardization of costs and savings calculations in the commercial and industrial 
surveys, and scales for asking willingness to pay and willingness to accept credit 
questions for the residential surveys. 

 Noting whether the location is urban, suburban or rural. 
 

Many organizations and industries have standardized protocols (such as quality) in order to have 
a better understanding of benchmarks, trending and best practices. Standards to VOS studies 
would go a long way in ensuring comparability across time and territory. 
 
C.5 Commercial and Industrial Classification Codes 
 
More help needs to be provided to respondents in answering this question, such as a brief 
summary next to a check-box for the code so at the very least, they can get the correct top-level 
classification. Yet even using a precise industrial classification code has its limitations. A retail 
company that gets the bulk of its business on weekdays from 9am to 5pm from customers in the 
store is going to have a different reaction to an interruption than an establishment that does 75% 
of its business in the evenings, or during Friday to Sunday (e.g., movie theatres). A professional 
services firm that relies on electronics and telecommunications equipment comes to a standstill, 
while another has activities that can be accomplished without power. While some instruments do 
note the regular business hours, the information about the kind of business needs to be 
standardized for ease of analysis and cross-comparison. 
 
C.6 Residential Costs and Presence At Home 
 
In some cases, household respondents are asked to input their WTP or WTA for interruptions 
regardless of whether they were home. Yet a debate around the meaning of costs for residents 
hinges on whether they are home, and how much of the cost of an interruption is due to cessation 
of household activity, and how much is due to impact on household appliances and electronics. 
Indicating whether the respondent is normally at home during the time of the interruption 
scenario would add clarification. 
 
 
 
 
 


