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shifting. However, this conclusion must be tempered by the fact that the variation in the 
average daily price between treatment and control customers and between high-ratio and 
low-ratio customers is very small. 58 This fact could suggest that the estimated daily price 
elasticities have less to do with prices than they do with the education and awareness 
regarding energy costs and ways to reduce cost that customers received through 
participation in the pilot. That is, they may represent more of an education impact than a 
price impact. 

Table 5-2 also shows the elasticity estimates for the outer summer. Recall that the outer 
summer is based on October 2003 and May and June 2004. The elasticity of substitution 
in the outer summer is -0.063 and is statistically significant with a t-statistic equal to -5.61. 
It is roughly 40 percent less than the summer 2003 value. Given the significant drop in 
the elasticity of substitution in the inner summer between 2003 and 2004, it is difficult to 
know how much of the inner-summer/outer-summer difference is due to seasonality and 
how much of it is due to the drop-off in responsiveness in the second year of the 
experiment. 

Tables 5-3 through 5-5 contain impact estimates for the inner summer of 2003, the inner 
summer of 2004, and the outer summer (which spans the two years), respectively. Recall 
from the discussion in Section 4 that there are two approaches to estimating the statewide 
average, the "average customer" approach and the "zonal weighted average" approach. 
The latter approach is more accurate but it is more difficult to estimate standard errors 
using this approach. Thus, we use the standard errors and t-statistics based on the 
average customer approach as a proxy for the statistics associated with the zonal average 
impact estimates. 

As seen in Table 5-3, the statewide average impact on peak-period energy use in the 
inner summer of 2003, based on the average SPP price for TOU customers, was -5.92 
percent and it was highly significant. Off-peak energy use increased by 1.53 percent and 
the change in daily energy use was a modest -0.59 percent. The peak-period impact is 
very similar to the impact of the CPP-F rate on normal weekdays, -4.15 percent, reported 
in Table 4-7. Off-peak and daily impacts for the CPP-F treatment on normal weekdays, 
1.77 percent and 0.13 percent, respectively, are also comparable to the TOU impacts. 

The variation in impacts across climate zones in 2003 is quite small. The peak-period 
impacts range from a low of -4.67 percent in climate zone 1 to a high of -6.72 percent in 
climate zone 4. This modest variation reflects the offsetting influences of weather and air 
conditioning saturations in the underlying regression equations. Unlike for the CPP-F 
regressions, where the coefficients on both the weather and CAC interaction terms were 
negative, in the TOU regressions, the coefficient on the price/CAC interaction term was 
negative and highly significant, with a t-statistic equal to -6.90, while the coefficient on the 
price/weather interaction term was positive, with a t-statistic equal to 2.66. With both air 

58 As seen in Table 4-1, daily prices for the CPP-F tariff varied by more than a factor of two between critical 
and nonnal weekdays and by more than a factor of three between critical days and weekends. For the TOU 
tariff, there is no variation across weekdays, the weekdaylweekend variation is less than 1.5 to one, and the 
cross-sectional variation (e.g., across high and low price ratio customers) is very small. 
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conditioning saturation and cooling degree hours increasing going from climate zone 1 to 
climate zone 4, the countervailing influences largely offset each other. 

As seen in Table 5-4, the statewide impacts in summer 2004 were close to zero in both 
the peak and off·peak periods, reflecting the significant decline in the estimated elasticity 
of substitution between 2003 and 2004. The average daily impact was roughly the same 
between the two summers. There was very little variation in the impacts across climate 
zones. 

As seen in Table 5-5, the outer summer, peak-period impact was --4.21 percent. This is 
roughly 1.5 percentage points less than the 2003 inner summer value. The difference is 
approximately equal to two-standard deviations from the outer summer estimate. The 
zonal variation was comparable to that of the inner summer 2003 variation. 
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5.2 WINTER ANALYSIS 

Table 5-6 contains estimates for the elasticity of substitution and daily price elasticity for 
the TOU rate during the winter period. As seen, the difference in estimates for the 
elasticity of substitution between the inner and outer winter are statistically significant but 
the differences in daily elasticities are not. The values for both the elasticity of substitution 
and the daily price elasticity are quite large. Indeed, the inner winter value for the 
elasticity of substitution is larger than the inner summer value for both the TOU and CPP
F rate treatments, and the daily elasticity is much larger than the estimates for any of the 
other treatments or seasons. Such large estimates, and such large differences from the 
other estimated values (even for the same treatment group), are troubling and may 
indicate a problem that we have not been able to identify. 

Tables 5-7 and 5-8 contain impact estimates for the TOU rate for the inner and outer 
winter periods, respectively. The impacts in the outer winter are very small. The inner 
winter estimates show a reduction of around 4 percent for the peak period and an 
increase in energy use of around 2 percent for the off-peak, weekday period. Weekend 
energy use increases by roughly 3 percent. 
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5.3 CONCLUSIONS 

Drawing firm conclusions about the impact of TOU rates from the SPP is somewhat 
complicated by the fact that the TOU sample sizes were small relative to the CPP-F 
sample sizes. Small sample sizes are more subject to influence by outliers and changes 
in the sample composition over time. Further complicating the estimation of the daily 
energy equation is that longitudinal variation in daily prices is quite small, especially 
compared with the variation in daily prices found in the CPP-F database, where the daily 
price is much higher on critical days than on normal weekdays. As discussed in Section 
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5.1, there is reason to believe that the reduction in daily energy use among treatment 
customers may be due as much or more to the influence of education as it is to any 
differences in price between treatment and control customers. I n short, there are reasons 
to take the analysis of the TOU rate treatment with a "grain of salt." Indeed, an argument 
could be made that the normal weekday elasticities from the CPP-F treatment may be 
better predictors of the influence of TOU rates on energy demand than are the TOU price 
elasticity estimates. 

On the other hand, if the TOU results are accurate, they have very important policy 
implications as they suggest that the relatively modest TOU prices tested in this 
experiment do not have sustainable impacts. One interpretation of the results is that, by 
the summer of 2004, customers had concluded that they saved little by responding to the 
rates and stopped doing so. Another possible interpretation is that customers need the 
frequent reminders associated with critical day notifications and the increased 
sensitization resulting from the much higher peak period prices on critical days in order to 
ingrain changes in behavior that result in sustainable impacts even on normal weekdays. 
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The CPP-V tariff examined in the SPP was similar to the CPP-F tariff except for the 
following differences. First, customers on the CPP-V rate were notified of a critical event 
on the day of th~ event rather than the day before. Notification could be sent up to four 
hours prior to when critical peak prices would go into effect. Second, the high-price period 
on critical days could vary in length from one to five hours during the normal 2 pm to 7 pm 
peak period, and the starting time could also vary59 Finally, all customers on the CPP-V 
rate either already had or were offered an enabling technology to facilitate demand 
reduction on critical days. Customers were not charged for the technology installation or 
operation. 

During the summer of 2003, two groups of customers were recruited onto CPP-V rates. 
Track A customers were drawn from a population of customers with average summer 
energy use exceeding 600 kWh per month. Track C customers were recruited from a 
sample of customers that had previously volunteered for the AB970 Smart Thermostat 
pilot. All Track A and C customers resided in the SDG&E service territory. Track A 
recruitment and technology installation went more slowly than necessary to meet sample 
targets in time for inclusion in the summer 2003 analysis and recruitment was halted part 
way through the first summer. A satisfactory sample of Track A customers was 
successfully recruited prior to summer 2004. Consequently, Track A analysis was only 
possible for the summer of 2004 whereas Track C analysis was completed for both 
summer periods as well as for the winter. 

The Track A sample is segmented into two climate zones, which are part of statewide 
zones 2 and 3. However, the weather in SDG&E zones 2 and 3 is generally milder than in 
statewide zones 2 and 3. Track C participants are largely drawn from SDG&E climate 
zone 3. 

Table 6-1 shows the average price by rate period for Track A CPP-V customers for 
summer 2004. Track C prices were very similar. CPP-V prices were typically five to ten 
percent higher than CPP-F average prices, which are shown in Table 4-1. 

59 Table 2-1 in Section 2 summarizes the dispatch dates and time periods that were implemented during the 
course of the pilot for both Track A and Track C customers. 
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The remainder of this section presents the analysis for both Track A and Track C 
treatments, The Track A analysis is discussed in Section 6.1 and the Track C analysis in 
Section 6.2. 

6.1 TRACK A ANALYSIS 

Track A customers were given the option of going on the CPP-V rate with or without the 
installation of an enabling technology. For those choosing a technology, customers were 
given the option of having a control device placed on their central air conditioner, their 
electric water heater or their pool pump. Of the 57 customers in zone 2 who went on the 
rate, only 33, or roughly 60 percent, chose an enabling technology. Of the 38 customers 
in zone 3, 29, or roughly 75 percent, chose some technology option. Fourteen of the 33 
customers in zone 2 who chose technology selected air conditioning controls, 7 selected 
water heater controls and 12 selected pool pump controls. In zone 3, 15 out of 29 
customers who chose technology selected smart thermostats, 5 selected electric water 
heater controls and 8 selected pool pump controls. 

Both treatment and control customers for the Track A, CPP-V sample represent single
family households using more than 600 kWh/month. Thus, while the Track A, CPP-V 
treatment group is arguably more representative of the general population than is the 
Track C, CPP-V sample, the average household still differs from the general SDG&E 
population and from the statewide population. 

Track A treatment and control customers also differ significantly from each other in a 
couple of important ways. For example, the saturation of central air conditioning for 
treatment customers is roughly 80 percent whereas the saturation of air conditioning 
among control customers is closer to 40 percent. The latter is much closer to SDG&E's 
general population average of 35 percent (25 percent in zone 2 and 49 percent in zone 3). 
The average income of treatment customers, at $122,000 in zone 2 and $90,000 in zone 
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3, is also much higher than either the SDG&E control group ($86,000 in zone 2 and 
$60,000 in zone 3) or the statewide averages of $71 ,000 in zone 2 and $66,000 in zone 3. 
In light of these differences, and the fact that price response varies with air conditioning 
ownership, elasticity and impact estimates are presented separately based on control 
group average air conditioning saturations and treatment group average air conditioning 
saturations. 

Regression models were initially estimated separately for climate zones 2 and 3. The 
results were quite similar so the data were pooled across climate zones in subsequent 
model runs. 

A price/weather interaction term was included in the initial regressions. The coefficient 
had a positive sign and was statistically significant in the substitution equation. It had a 
negative sign and was statistically significant in the daily equation. However, the term 
was dropped from the specification because it produced unreasonable results when 
extrapolating outside of the mild weather of San Diego County. Recall from the 
discussion in Section 4 that the weather term in the substitution equation equals the 
difference between CDH/hr during the peak period and CDH/hr during the off-peak period. 
The average value for this variable for all statewide climate zones is positive, since 
temperatures are typically higher during the peak period than during the off-peak period. 
However, in SDG&E climate zones 2 and 3, the opposite appears to be the case on many 
days. An examination of hourly temperature curves shows that the highest daily 
temperatures typically occur in the late morning and early afternoon, especially in zone 2 
in San Diego, and there is a significant drop in temperature in the last couple of hours of 
the peak period. This typical summer pattern leads to very low or even negative values 
for the weather term in the substitution equation. When the weather/price interaction term 
was included in the model and the much larger, statewide zonal average values were 
used to estimate the elasticities, the variation in elasticities across zones was quite large 
and the results often were unreasonable. As such, we do not believe it is appropriate to 
extrapolate in such a way to the statewide climate zones and we dropped the 
price/weather interaction term from the specification60 

There are a couple of important implications of the decision to drop the weather term in 
the model specification. One is that it means there is no variation in elasticities across 
critical and normal weekdays. Second, it means that the estimation of elasticities for 
populations outside of the estimating sample (e.g., statewide climate zones) will not reflect 
variation in weather (although variation due to differences in CAC saturations can still be 
estimated). As discussed later, we believe this may lead to an overestimation of price 
response in statewide climate zones 1 and 2 and to an underestimation of response in 
statewide climate zones 3 and 4. 

60 The CPP-V treatment was limited to the SDG&E service territory for several reasons. The preexisting 
AB970 thermostat pilot was only conducted in SDG&E's service territory so that was the only option for Track 
C. Many people on WG3 involved in pilot design saw advantages to drawing the Track A and Track C 
samples from the same service territory so results could more easily be compared. Finally, SDG&E staff 
already had experience with the smart thermostat technology that was being used because of the AB970 pilot. 
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The final model specification that underlies the results reported in Tables 6-2 and 6-3 
includes price, weather (by itself, not as an interaction term with price) and price/CAC 
interaction terms in the substitution equation, and price and weather in the daily equation. 
The price/CAC interaction term in the daily equation was not statistically significant and 
was dropped. 

The variation in air conditioning saturations across climate zones 2 and 3 is small for both 
control and treatment groups (e.g., control group zone 2 and 3 saturations equal 0.38 and 
0.43, respectively, and treatment group zone 2 and 3 saturations equal 0.82 and 0.79, 
respectively). Consequently, results are presented based on the average air conditioning 
saturations across the two zones rather than for each zone separately. As seen in the 
parentheses in the first column of Table 6-2, the saturation of air conditioning for the 
treatment group is nearly twice as large as for the control group. That is, even though 
relatively few participants accepted the smart thermostats that were offered as part of the 
recruitment process, for some reason, customers with central air conditioning volunteered 
at a much higher rate than did those without central air conditioning. Because of the 
significant differences in the air conditioning saturation between treatment and control 
customers, results are presented under two sets of assumptions. The first assumes that 
the average treatment participant is like the control group while the second assumes the 
participant is like the treatment group. 

As seen in Table 6-2, the elasticity of substitution for Track A, CPP-V customers based on 
the control group air conditioning saturation value equals -0.091 and the daily price 
elasticity equals -0.027. If the treatment group saturations are used as input values, the 
CPP-V elasticity of substitution equals -0.111, which is about 20 percent larger than when 
the control group saturations are used. The daily price elasticity does not vary with air 
conditioning ownership. The weekend price elasticity, -0.043, is roughly twice as large as 
the weekday, daily price elasticity. 

While comparisons between the CPP-V and CPP-F elasticities are tempting, they must be 
made carefully in light of the different model specifications, the unusually high air 
conditioning saturation of CPP-V treatment customers, and differences between San 
Diego's climate and the statewide climate. The absence of the price/weather interaction 
term in the model specification for the CPP-V tariff makes the comparisons more difficult. 
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If the statewide, zonal air conditioning saturations are used to calculate CPP-V elasticities, 
the resulting values for CPP-V customers are -0.074 for zone 1, -0.085 for zone 2, -0.105 
for zone 3 and -0.107 for zone 4. The corresponding values for the CPP-F rate, reported 
in Table 4-10, are -0.039, -0.061, -0.102 and -0.113, respectively. Using the statewide 
average saturation of air conditioning (43 percent), the CPP-V elasticity equals -0.092 
while the comparable CPP-F value is -0.076. Thus, based on the statewide average, it 
would appear that Track A, CPPV customers are more price responsive than CPP-F 
customers. However, while it is difficult to know for sure, we suspect the zone 1 and zone 
2 estimates for the CPP-V rate may overstate what is achievable in these climate zones 
while the zone 3 and 4 estimates may understate the true value. It should also be kept in 
mind, however, that if the evidence from the pilot is indicative of what would occur in a 
large scale application, the saturation of air conditioning among households that would 
volunteer for a CPP-V rate in each climate zone is likely to be higher, perhaps much 
higher, than the average saturation in the climate zone. As such, the peak-period impact 
estimates based on the average saturation rate may significantly understate the per 
customer impact of the typical participant in a full-scale rollout of the voluntary rate. 

As seen in Table 6-3, the change in peak-period energy use on critical days resulting from 
the CPP-V rate is -13.35 percent based on the control group air conditioning saturations 
and almost 16 percent based on the treatment group air conditioning saturations. Off
peak energy use on critical days increases by 2.5 to 3.5 percent. The change in daily 
energy use on critical days is negative but statistically insignificant at the 95 percent 
confidence level, with a t-statistic equal to -1.71. 
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Peak-period energy use on normal weekdays declines between 5.5 and 6.7 percent 
depending upon the underlying saturation of air conditioning. Off-peak energy use on 
normal weekdays increases by roughly 2 percent, and the change in daily energy use is 
essentially zero. 

An important policy question is whether demand response varies between households 
with and without an enabling technology. Two binary variables were used to test for 
differences, one representing the presence of any enabling technology and the other 
representing the presence of a Smart Thermostat. Neither variable was statistically 
significant. This does not necessarily mean that technology does not produce any 
significant incremental impact, simply that the data from the SPP cannot be used to prove 
that it does. Recall from earlier discussion that roughly two-thirds of participants accepted 
some form of technology and less than one-third accepted a smart thermostat. The lack 
of significance associated with either variable may simply reflect the relatively small 
overall sample size of customers with and without the technology. 

It is also possible that some technologies, such as smart thermostats, control load better 
than others. To probe this possibility further, we examined load shapes for treatment 
customers who chose the pool pump and water heater control technologies with those of 
control group customers. This comparison revealed that these technologies had little 
impact on energy use, as many pool pumps appear to already be controlled by time 
clocks (based on examination of load shapes on normal weekdays) and that water heating 
loads are not very prevalent during the peak period in the summer. This evidence 
suggests that the lack of significant impacts for these two technology options is probably 
an accurate reflection of reality. 

As evidenced by the Track C results reported in the next section, it would appear that 
smart thermostats have the potential to increase responsiveness compared to what would 
occur in the absence of technology. The fact that the Track A, CPP-V impacts are 
somewhat larger than the CPP-F impacts for zones 2 and 3 (See Table 4-11) also lends 
credence to this possibility. 

6.2 TRACK C ANALYSIS 

As previously discussed, both control and treatment group customers in Track C were 
recruited from among participants in the preexisting AB970 Smart Thermostat pilot. All 
Track C treatment and control customers live in single-family households with central air 
conditioning and are located in SDG&E's service territory and both treatment and control 
customers have smart thermostats. These households are not representative of the 
general population of households, either in SDG&E's service territory or for the state as a 
whole. As such, direct comparisons between Track C and Track A CPP-V results, or 
between Track C and the CPP-F treatment, should be made with caution. 

As previously mentioned, the Track C, CPP-V treatment was in effect for two summers 
and for the winter period. The Track C control group consisted of roughly 100 customers 
that were randomly divided into two equal sized groups. On critical days, one control 
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group was dispatched at the same time as treatment customers but the other control 
group was not. By including both control groups and the treatment group in the estimating 
sample, it is possible to separate the impact of the enabling technology from the price 
impact. A binary variable was created that has a value of 1 for both treatment and control 
customers whose technology is dispatched on a critical day and a value of 0 for 
customers whose technology is not dispatched. The coefficient on the binary variable 
represents the impact of the technology and the coefficient on the price term represents 
the average impact of time-varying prices on normal weekdays and the incremental 
impact of prices on critical days over and above the technology impact. The binary 
variable was included in both the substitution and daily energy use equations. 

The remaining variables in the model specification include a standalone weather term, a 
price term and weekend binary variables. A variable representing CAC ownership could 
not be included in the specification because all households have central air conditioning. 
A price/weather interaction term was not included for the same reason it was excluded 
from the Track A speCification, as discussed in Section 6.1. 

Separate regressions were initially run on the 2003 and 2004 data. The coefficient on the 
technology impact variable was essentially identical across the two summers but the value 
of the elasticity of substitution decreased by nearly 50 percent, from roughly -0.101 to -
0.057, between the two summers. The daily price elasticity dropped by about 25 percent, 
from -0.047 in 2003 to -0.035 in 2004. In the interest of simplicity, we pooled the data 
across the two summers and estimated a single model. The resulting elasticity estimates 
represent the average value across the two summers. 

Table 6-4 contains estimates of the elasticity of substitution, the daily price elasticity and 
the coefficients on the technology impact variables for the substitution and daily 
equations. The elasticity of substitution equals -0.077 and is highly significant. The 
coefficient on the technology impact variable is -0.214. The daily price elasticity on 
weekdays equals -0.044, while the technology variable coefficient equals -0.019. The 
weekend price elasticity equals -0.041. It is difficult to determine the relative contribution 
of price and technology to overall demand response by simply examining the elasticity 
and technology coefficients because overall impacts and the percent contribution of price 
vary with price level but the technology impact is constant across different price levels. 
The fact that the technology coefficient is roughly three times larger than the elasticity of 
substitution does not mean that three-quarters of the change in peak-period energy use is 
due to technology and one quarter to prices. The relative contribution can only be 
determined once a specific set of prices is used to predict the overall impact. 
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C 

Type Variable Estimate SE t-statlstlc 

-0.077 0.007 -10.61 

-0.214 0.009 -24.04 

Table 6-5 contains impact estimates for price, technology and the combination of the two 
on critical days and for price on normal weekdays based on average SPP prices. The 
total reduction in peak-period energy use on critical days is 27.23 percent. Off-peak 
energy use on critical days increases by roughly 3.52 percent, and daily energy use falls 
by roughly four percent. 

On normal weekdays, peak-period energy use falls by about 4.5 percent while off-peak 
energy use increases by 1.7 percent. Daily energy use falls by roughly 0.2 percent. 
Weekend energy use increases by a modest 1.2 percent. 

The 27 percent reduction in peak-period energy use is significantly larger than either the 
Track A, CPP-V rate impact or the CPP-F rate impact. This larger value could be due in 
large part to the fact that all Track C participants have enabling technology in the form of a 
smart thermostat. However, it must also be kept in mind that there are other important 
differences between Track C and Track A participants, including the fact that Track C 
participants all have central air conditioning, they all live in single family structures and 
they all had previously volunteered to be in the AB970 Smart Thermostat pilot. 

The total impact of the CPP-V tariff with technology can be decomposed into the impact 
due to technology and the incremental impact due to price. Based on the average SPP 
price, roughly 60 percent of the total impact is due to the enabling technology and roughly 
40 percent is due to price-induced behavioral response over and above the technology
driven impact. It must be kept in mind, however, that these percentages will change if 
prices change, as the technology impact is constant but the overall impact and the 
incremental impact due to price will change as prices change. 
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Regressions were also run for the winter period. There were only three critical days in the 
winter and the enabling technology was only dispatched on one of the three days. Given 
that the technology is aimed at central air conditioning and not space heating, it has no 
relevance in the winter. As such, a variable representing technology dispatch was not 
included in the specification. No statistically significant differences were found between 
the inner and outer winter periods. The final winter regressions showed a statistically 
significant price term in the substitution equation but a statistically insignificant price term 
in the daily equation. The estimated elasticity of substitution for the winter period equaled 
-0.022, with a t-statistic equal to -2.94. The substitution elasticity in the winter was 
significantly less than in the summer, where it had a value of -0.077. This phenomenon 
was also observed with the CPP-F rate and can be attributed to the presence of central air 
conditioning use in the summer months. 

6.3 SUMMARY 
Comparisons between the CPP-V Track A and Track C results, and the CPP-V and CPP
F results are difficult because of differences the sample compositions. The most 
important policy question motivating inclusion of the CPP-V treatment in the experiment 
was the determination of whether demand response impacts increased significantly in the 
presence of enabling technology. 

In spite of important caveats that must be considered due to the nature of the voluntary 
sample, the Track C results suggest that impacts are significantly larger with enabling 
technology than without it. The 27 percent average impact for the Track C, CPP-V 
treatment is roughly double the 13 percent impact for the CPP-F rate for the average 
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summer. It is also substantially larger than the Track A, CPP-V treatment impact, where 
only some customers took advantage of the technology offer. Importantly, the Track C 
impact is more than 50 percent larger than the CPP-F impact for households with central 
air conditioning (see Table 4-19). Whether or not this incremental difference of roughly 10 
percentage points in the average peak-period reduction produces sufficiently large 
incremental benefits in the form of avoided capacity and energy costs to offset the 
incremental cost of the technology is the key policy questions that utilities and regulators 
must answer before deciding whether enabling technology should be offered for free (as it 
was in this experiment) or partially subsidized. 
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For C&I customers, the SPP tested two tariffs, a two-period TOU rate and a CPP-V rate 
that is layered on top of a TOU rate, as described in Section 2. The CPP-V rate is similar 
to a CPP-F rate except for three differences: (1) the length of the peak period can vary 
between 1 and 5 hours within the six-hour peak period from noon until 6 pm on weekdays; 
(2) notification of a critical event can occur up to four hours prior to the CPP price going 
into effect and (3) CPP-V treatment customers either already had (in the case of Track C 
customers) or could choose to have (in the case of Track A customers) an enabling 
technology (i.e., a smart thermostat) free of charge. 

All C&I customers were located in the SCE service area. Separate samples were drawn 
for customers with peak demands below 20 kW (LT20 customers) and between 20 and 
200 kW (GT20 customers). 

The experimental tariff limited the critical dispatch period to five hours during the noon to 6 
pm peak period and roughly half of the dispatch events lasted for only two hours. Thus, 
on critical days, treatment customers actually faced a three-period rate consisting of the 
CPP price during the critical event period, the normal weekday, peak-period price for the 
remaining hours of the peak period, and the off-peak price.B1 To simplify modeling, and in 
light of the limited number of critical days and the variable length of the shoulder period, 
we did not estimate separate substitution equations for the peak-shoulder and shoulder
off-peak periods. Instead, we estimated a single substitution equation with the ratio of 
peak-to-off-peak energy use per hour on all days. On normal weekdays, this ratio was 
based on six peak-period hours and 18 off-peak hours. On critical days with a five-hour 
dispatch period, the ratio was based on five peak-period hours and 18 off-peak hours, and 
when the dispatch period was only two hours in length, the ratio was based on the two
hour dispatch period and the 18-hour off-peak period. In all cases, the energy use in each 
period was divided by the number of hours in the period. 

The CPP-V rate was offered to two groups of customers deSignated as Tracks A and C. 
The Track A sample was recruited from the general population after screening out 
customers below a minimum usage threshold (to increase the likelihood that customers 
had air conditioning) and also screening out customers that did not live in a two-way 
paging area. The Track C sample was drawn from a pre-existing Smart Thermostat pilot. 
All Track C customers had central air conditioning and smart thermostats. Most Track A 
customers had central air conditioning but only 19 out of 58 L T20 customers selected the 
smart thermostat technology option and 49 out of 83 GT20 customers did so. During the 
experiment, for Track C customers, both control and treatment customers had their smart 
thermostats dispatched on critical days. Thus, for Track C customers, responsiveness on 
critical days represents price response over and above the amount resulting from dispatch 
of the enabling technology. For Track A customers, responsiveness reflects both the 
impact of behavioral changes as well as technology for those customers who selected the 

61 Given that the maximum number of critical hours allowed was five, even though the peak-period covered six 
hours, every critical day had at least one hour where the normal weekday, peak-period price was in effect. 
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enabling technology.·2 As a result of these and other differences, comparisons between 
Track A and Track C customers should be made with care. 

In 2003, participants were recruited for both Tracks A and C. However, due to recruitment 
problems and insufficient participants, the Track A treatment sample was not available for 
analysis in 2003 (the control group was installed). Another recruitment phase was 
conducted in 2004 based on the original sample design. The estimating sample for the 
L T20 segment consists of 47 control and 58 treatment customers. The sample for the 
GT20 segment has 42 control and 83 treatment customers. 

The model specification used for the C&I analysis is conceptually similar to the one used 
for the residential analysis. The basic model includes a weather term in both the 
substitution and daily usage equation. It also includes a price ratio term in the substitution 
equation but there is no price term in the daily use equation. When price was included in 
the daily equation in preliminary regressions, the coefficient was almost always 
insignificant. Price/weather and price/CAC interaction terms were also insignificant in 
initial regression runs.·3 As with the residential models, the C&I models were estimated 
using the first difference transformation and the SUR regression estimator. 

7.1 CPP-V TARIFF, TRACK A CUSTOMERS 

Table 7-1 summarizes the prices that were included in the experiment for Track A, CPP-V 
customers. Briefly, the peak-period price on critical days for L T20 customers was roughly 
$0.70/kWh for low-price-ratio customers and was $0.92/kWh for high-price-ratio 
customers. The average peak-period price on critical days was approximately $0.B1/kWh. 
The off-peak price on critical days for high-ratio customers was roughly $0.09/kWh, 
creating a peak/off-peak price ratio on critical days of roughly 10 to 1. With an off-peak 
price of approximately $0. 15/kWh, low-price-ratio customers faced a price ratio of roughly 
5 to 1. The average price ratio on critical days across the two price-offerings was 
approximately 7 to 1. The price ratios on normal weekdays was approximately 2 to 1 for 
high-ratio customers and 1.5 to 1 for low-ratio customers. The average price for control 
customers equaled $0.17/kWh in all rate periods. 

62 importantly, the difference in approach for Tracks A and C does not mean that the impact estimates should 
be added to get the combined impact of enabling technology and other behavioral changes. The Track A 
results already reflect this combined impact, whereas the Track C results reflect behavioral changes on 
normal weekdays and the incremental impact of behavior over and above technology on critical days. 

63 A CAG ownership variable could not be included in the Track C regressions because all treatment and 
control customers had CAC. Even with Track A customers, there was a very high saturation of CAC, which is 
probably the reason why the variable was insignificant. 
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• Prices F:~~:~PP~ Tariff, T~clt A (20~4J 
OayType Rate H~~~ .Ratlo Lo~~~t~o .... ~::'.l'~ 

. 

_LT20 All All 0.17 

'eak 0.92 0.70 0.81 
Critical , 0.09 0.15 0.12 

,LT~6 ...... . ... . ' lailv . 0,,: 0.30 0, 10 
Treatment . ;.... '" .. 'lIak ... O . 0.23 o. a 

.~~::'~ :::'l' •... O . 0.15 O. 2 
..... . .' . ' <> ..... Dl!ily ..•.. O . 0.18 0.15 

_G!~~. '.' .•. 0411 ... ' ...... I·····~IL .... 0.15 

." .. , . . . Oc 1.58 0, 
Crltlesl ..... [. 0) 3 O. 

GT20 

~ Treatment 
. Nor;mal 

" ...•............... Weekday 
.12 0.15 1.14 . 

For GT20 customers, the peak-period price on critical days for the high-ratio group was 
approximately $0.75/kWh and the off-peak price was $0.09/kWh, for a price ratio around 8 
to 1. The low-ratio customers, with a peak-period price of $0.58/kWh and an off-peak 
price of $0.13/kWh. faced a price ratio of approximately 4.5 to 1 on critical days. The 
average price ratio across both treatment groups was 6 to 1. 

Estimates of price elasticities and demand impacts for Track A customers are only 
available for the summer 2004 period. As mentioned previously, the daily price term was 
not significant so the only elasticity that could be estimated was the elasticity of 
substitution during weekdays.s4 The substitution elasticity is not relevant on weekends, 
when prices are the same all day long, and the weekend daily price elasticity was not 
significant. The C&I summer rate season was only four months long, commencing on the 
first Sunday in June and ending on the first Sunday in October. Thus, there is no reason 
to examine seasonal differences within the summer period as was done with the 
inner/outer summer designation for residential CPP-F customers. 

Given the lack of statistically significant price-interaction terms in the substitution equation, 
the elasticity of sUbstitution is simply equal to the coefficient of the price-ratio term in the 
regression equation. For L T20 customers, the elasticity of substitution equals -0.045. 
The standard error equals 0.014 and the t-statistic equals -3.10, indicating that small C&I 
customers respond to price, but their responsiveness is modest. The elasticity is less 

64 An insignificant daily price coefficient does not mean that price doesn't matter, only that it couldn't be 
estimated in this case. The lack of Significance could be due to the relatively small sample size combined with 
the limited variation in daily prices relative to the significant heterogeneity in energy use in the estimating 
sample. 
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than half the estimated value for residential CPP·F customers and also about half the 
value of the residential Cpp·V estimate. The modest price responsiveness measured in 
this pilot for this customer segment is consistent with the limited literature on C&I energy 
demand, which indicates that small C&I customers have limited ability or willingness to 
respond to time-varying price signals. 65 

The elasticity of substitution for GT20 customers equals -0.069. The standard error 
equals 0.008 and the t-statistic equals -8.34, indicating a highly significant price response. 
The elasticity is roughly fifty percent larger than the L T20 elasticity and is comparable to 
the all-summer average for residential CPP-F customers (-0.076). The elasticity of 
substitution estimated here is similar to the value estimated by Aigner and Hirschberg, -
0.074, based on a pricing pilot done in the SCE service territory in the early 1980s. The 
Aigner and Hirschberg estimate was for a group of customers with demands between 50 
and 200 kW (e.g., similar to the GT20 segment, which includes customers between 20 
and 200 kW). 

Table 7-2 contains estimates of the impact of the CPP-V tariff on energy use by day type, 
rate period and customer segment.66 For L T20 customers, the experimental tariffs 
induced a 6 percent reduction in peak-period energy use on critical days and a 2.4 
percent increase in off-peak energy use. On normal weekdays, the reduction in peak
period energy use was only 1.5 percent, while the increase in off-peak energy use was 
around 1.0 percent. It is useful to note that these modest reductions on critical days are 
driven by a very high peak-to-off-peak price ratio of roughly 7 to 1. Residential customer 
response was more than twice as large in percentage terms on critical days and the 
residential price ratio, at 6.6 to 1, was slightly less than the L T20 price ratio. 
Nevertheless, the average absolute reduction in peak-period energy use provided by 
L T20 customers is actually slightly larger than the reduction achieved by residential 
customers (e.g., -0.22 kWh/hr for LT20 customers versus -0.19 kWh/hr for residential 
customers in the inner summer). This is because L T20 customers use about three times 
as much energy use per hour in the peak period as does the average residential 
customer. 

65 D.J.Aigner and J. G. Hirschberg, "Commercial/industrial customer response to time-af-use electricity prices: 
some experimental results," Rand Journal 01 Economics, Vol. 16, No.3, Autumn 1985. 

D.J. Aigner, J. Newman and A. Tishler, ''The Response 01 Small and Medium-size Business Customers to 
Time-ol-Use Electricity Rates in Israel," Journal 01 Applied Econometrics, Volume 9, 1994. 

J.C. Ham, D.C. Mounta in and M.W.L. Chan, ''Time-ol-Use Prices and Electricity Demand: Allowing lor 
Selection Bias in Experimental Data," Rand Journal 01 Economics Vol. 28, No. 0,1997. 

Chi-Keung Woo, "Demand lor Electricity 01 Small Nonresidential Customers Under Time-Ol-Use Pricing," The 
Energy Journal, Vol. 6, No.4, 1985. 

66 The regression models underlying the elasticity and impact estimates presented in this section are 
contained in Appendix 17. 
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• . ..... Table 7·2. ... .. 
Iml aclEstlmateo fOf the Cpp·V Rate for C&I Track A Customers 

Customer Day Rate l>tarUng 
h~pact l>tandard t- Impact l>tandard 

. Vahie Error Segment Type •. p,,,iiid 
.ikVVh/hrl (kWh/hr) Error statistic (%) (%) 

. 
CrHical 

Peak· 3.67 -0.22 0.07 -3.17 -6.04 1.91 

LT20 
Off-peak 1.83 0.04 om 3.14 2.36 0.75 

Normal ' 'Peak 3.24 -0.05 0.02 -3.11 -1.47 0.47 
Weekday Off-peak 1.72 0.02 om 3.11 0.92 0.30 

Critical 
Peak 24.66 -2.24 0.26 -8.65 -9.08 1.05 

GT20 
off-peak 15.28 0.46 0.05 8.55 3.01 0.35 

Normal Peak 23.23 -0.56 0.07 -8.39 -2.41 0.29 
. Weekday Off-peak 14.09 0.19 0.02 8.39 1.32 0.16 

The impact of the CPP-V rate on peak-period energy use for GT20 customers is larger 
than for L T20 customers on a percentage basis and much larger in absolute terms given 
the much higher starting values associated with GT20 customers. On critical days, the 
average reduction in peak-period energy use for GT20 customers equals roughly 9.1 
percent, while the increase in off-peak energy use equals 3.0 percent. On normal 
weekdays, peak-period energy use changed by roughly -2.4 percent, and off-peak energy 
use increased by roughly 1.3 percent. The average absolute reduction in peak-period 
energy use associated with GT20 customers is approximately 10 times larger than the 
L T20 impact on both critical and normal weekdays. 

When examining the price elasticities and impacts associated with the experimental CPP
V tariff, several factors must be kept in mind. First, as discussed above, only about a third 
of the L T20 customers accepted the enabling technology and about 60 percent of the 
GT20 customers did so. Furthermore, because of difficulties associated with installation, 
the technology was only operational for about fifty percent of those who chose it in July 
2004 and for about 80 percent for the first two critical events in August. Thus, the 
technology was fully operational for only six of the twelve critical events in 2004, and was 
partially operational for the other six events. In light of these facts, the demand response 
estimates for 2004 can, at best, be described as partially enabled by technology, with the 
majority being a pure price response. Consequently, these estimates may be reasonable 
approximations for a rate program that offered technology as an option, but there are 
reasons to believe that they may underestimate what might be achieved from such a 
program because of the late implementation of the technology described above. Indeed, 
the estimates may be closer to what might be achieved by a CPP-F tariff than a 
technology enabled CPP-V tariff. If a full-scale CPP-V program was implemented that 
made it mandatory for customers on the rate to have an enabling technology, the 
elasticities and impacts presented here may understate the impacts, perhaps significantly 
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SO·7 They may even underestimate what could be achieved from a program offering 
technology as an option, 

An attempt was made to determine the influence of enabling technology on demand 
response for Track A customers by including a binary variable representing the presence 
of the technology interacting with price, The variable was not statistically significant for 
either the L T20 or GT20 customer segment. The coefficient on the interaction term for 
L T20 customers equaled -0,04 and the t-statistic equaled -1.49, For GT20 customers, 
the coefficient had a value near ° and the t-statistic equaled -0.45, 

We also examined whether responsiveness varies with customer size within each 
customer segment. Two variables were tested, one being average daily use (ADU) in the 
summer prior to the treatment going into effect, the other being building size measured by 
square footage reported in the SPP customer characteristics survey, Since the building 
size variable is self reported and not measured by a third party, it may be prone to 
reporting error. The ADU variable is from SeE's customer information system. 

Table 7-3 summarizes the results of the analysis concerning ADU and building size, For 
L T20 customers, the interaction terms between price and both ADU and building size are 
statistically significant, but they have opposite signs, The coefficient on the price/ADU 
interaction term equals -0,00143 and has a t-statistic equal to -3.43, The mean value for 
ADU among control group customers is 45.8 kWh, The value of the elasticity of 
substitution based on this mean value is -0.067, as shown in Table 7-3, The value of the 
elasticity of substitution at twice the mean value for ADU is -0,132 while the value at half 
the mean value for ADU is -0.034. 

-0,067 -0,034 -0.132 

-0,062 -0,078 -0.029 

-0,074 -0.077 -0,070 

The coefficient on the price/building size variable is 4.494x1 0.6 and the t-statistic equals 
2.28, Building size is measured in square feet and the average value for L T20 customers 
is 6,690, The elasticity of substitution at the mean value is -0,049, The elasticity of 
substitution calculated using a value for building size equal to twice the mean value 
equals -0,018 and, at half the mean value, equals -0.065, The fact that these two 

67 Of course, a mandatory technology component could negatively affect participation rates for a voluntary rate 
program, 
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variables have the opposite sign is puzzling, as size and energy use are typically 
positively correlated. However, we ran a correlation between ADU and square footage 
and found that the correlation, while positive, was relatively small. Given the likely 
reporting errors in the building size variable, we are more inclined to believe the ADU 
regressions than the regressions with building size. 

For the GT20 customer segment, the coefficient on the price/ADU interaction term is quite 
small and highly insignificant, with a t-statistic equal to 0.68. The price/building-size 
coefficient, on the other hand, is statistically significant (t-statistic equal to 3.86) and, as 
with the L T20 segment, positive. The mean value for building size for the GT20 segment 
is 23,693. At this mean value, the elastiCity of substitution equals -0.062. At twice the 
mean value, the elasticity of substitution falls to -0.029. At half the value, the elasticity 
equals -0.078. 

In summary, analysis indicates that price responsiveness increases with customer size, as 
measured by average daily energy use, for the smallest customer segment. For 
customers with demands between 20 and 200 kW, responsiveness does not vary with 
size. The opposite relationship is found when size is measured in terms of square feet of 
building space rather than energy use. It is difficult to reconcile these two results but we 
put more credence in the energy use variable than in the square foot variable because of 
concerns about the accuracy of the latter. Limited evidence from the literature also 
suggests that the correlation between size and price responsiveness is positive, which 
supports our conclusion to trust the ADU results over the. square footage results. 

7.2 CPP-V TARIFF, TRACK C CUSTOMERS 

The general model specification and approach described above for the Track A analysis 
was also applied to the Track C, CPP-V treatment. Recall that both treatment and control 
customers for Track C were selected from among participants in the pre-existing AB90 
S mart Thermostat pilot. All participant and control customers had smart thermostats and 
central air conditioning. In addition, on most critical days, both control and treatment 
customers were dispatched simultaneously so that the estimated price response should 
reflect behavioral changes over and above any impacts associated with the enabling 
technology. Comparisons between Track A and Track C results, if they are made at all, 
must be made with full awareness of the differences in the underlying sample 
characteristics, the saturation of control technologies, and differences in dispatch 
procedures for control group customers between the two treatments. 

Track C customers participated in the pilot during both the summer of 2003 and 2004, as 
well as during the winter period. Tables 7-4 and 7-5 contain the average prices that 
applied to Track C customers in the summer and winter periods, respectively. The 
summer values were similar to those underlying the Track A analysis. In the winter, the 
high-ratio summer customers were given lower price ratios and vice versa. In the tables, 
customers labeled as high ratio customers refer to the summer price ratios, not the winter 
ratios. 
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Table 7-4 
Average sumrerprice~j:orC&ICPp-V Tariff, Track C 

2003/2004'Average values 
Customer .... Rate High Ratio Low Ratio Average 
Segment Day Type Period (S/kWh) ($/kWh) ($/kWh) 

LT20 All .~u. 0.18 Control .... 

," - - ..... Peak .. 0.99 0.75 0.87 
Critical Off~lleak 0.09 0.16 0.12 

L.T20· ....... Dally 0.34 0.33 0.33 
Treatmeht 

Normal 'Pflak 0.19 0.24 0.21 
Off-peak 0.09 0.16 0.12 Weekday 

Daily.· 0.14 0.20 0.16 
GT20 

A" All 
... 

0.15 Control 
.. Peak· 0.81 0.62 0.71 

Critical Offfpeak 0.08 0.13 0.11 
GT20 .. Daily 0.24 0.24 0.24 

treatment 
NQrinal 

··Peak 0.18 0.20 0.19 
.. Off"p~k 0.09 0.13 0.11 

. vve~kday Daily 0.12 0.16 0.14 

68 UHigh ratio" refers to the summer price ratio, even in the winter. High ratio summer customers faced lower 
price ratios in the winter in order to maintain annual revenue neutrality. 

CHARLES RIVER ASSOCIATES 118 



7. Commercial and Industrial Sector Analysis 

As previously mentioned, all Track C customers had a smart thermostat that was 
dispatched for the same time period that critical prices were in effect. Thus, the observed 
impacts represent a combined effect of price and technology. The control group was 
dispatched on nine of twelve critical days in the summer of 2003 and on all twelve critical 
days in the summer of 2004. By comparing the behavior of the control group on critical 
and normal weekdays, after adjusting for the effects of weather, one can back out the 
impact of the enabling technology. When a combined regression of both control and 
treatment groups is run, it becomes possible to decompose the combined price and 
technology impact into a pure price-induced behavioral component and a technology 
component. 

Table 7-6 presents the elasticities of substitution and technology response coefficients for 
Track C customers for a pooled database that combines data for the summers of 2003 
and 2004. Initial regression runs were made to test for differences across the two 
summer periods. No statistically significant differences were found for the L T20 customer 
segment. For the GT20 segment, the technology impact was stable across the two 
summers, but the price impact dropped by roughly 75 percent from summer 2003 to 
summer 2004. For simplicity, we retained the pooled model. The elasticities reported 
here represent the average of the two summer periods. 

For L T20 customers, the technology impact iA the substitution equation is strong and 
negative at -0.229. However, the price impact is small and positive. This suggests that 
the price impact is zero and, in addition, there is a difference in the dispatch technology 
impact between the treatment and control group customers. This difference is being 
picked up by the price term, since only the treatment group customers receive the critical 
price signal. Technology also has an impact on daily electricity use. 

For GT20 customers, the price impact in the substitution equation is small and negative. 
It is supplemented by a technology impact of -0.118, which is about half the size of the 
technology impact for L T20 customers. The fact that the GT20 technology coefficient is 
less than that of the L T20 segment is not surprising, since the enabling technology only 
works on air conditioning usage, which is a smaller portion of total energy use for GT20 
customers than it is for L T20 customers. 

In all cases, we were unable to find statistically Significant and negative daily price 
elasticities. In most cases, they were statistically insignificant. In a couple of cases, they 
were positive and Significant. Consequently, we dropped the price term from the daily use 
equation. 
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eiastlcitleSfoi' . 

baytyPI' 

Lr 20 '. WII!!. kd,ay 
~-

0.034 

-0.229 

t-statistic 

2.72 

-15.28 

As was discussed for the residential CPP-V treatment in Section 6, it is difficult to draw 
strong conclusions about the relative contribution of price and technology without first 
estimating impacts, as both total and incremental impacts vary with price. Nevertheless, 
in this instance, it is clear that technology makes a very a strong contribution to demand 
response. Indeed, as discussed above, price does not appear to contribute to demand 
response for L T20 customers at all for this Track C treatment group. The very small value 
for the elasticity of substitution for GT20 customers, and the large value for the technology 
coefficient, would also suggest that technology is the dominant factor for this customer 
segment. 

These tentative conclusions are corroborated by the load impact estimates displayed in 
Table 7-7. The combined effect of technology and price for LT20 customers is -14.30 
percent. A t-statistic of -7.45 indicates that the combined impact is highly statistically 
significant. The estimated impact of the enabling technology for this customer segment, 
-18.22 percent, is actually larger than the combined effect of price and technology. Stated 
differently, there is no economically rational, incremental price response for this customer 
segment over and above the technology impact. This result is not necessarily 
inconsistent with the finding of a modest price response for the Track A, CPP-V rate 
treatment. The combined results for Track A and C imply that the primary behavioral 
response for Track A customers who did not have enabling technology involved 
adjustments to the air conditioning thermostat. With the enabling technology substituting 
for this behavioral adjustment, there is no incremental behavioral adjustment being made. 
Furthermore, it is important to note the much larger technology impact effect of -18.22 
percent, compared with the price effect of only -6.04 percent for Track A customers. 
While comparisons across these two groups must be made carefully for reasons stated 
previously, such a large difference suggests that technology may significantly increase 
demand response for L T20 customers compared with price alone 
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For GT20 customers, the combined effect of technology and price is -13.84 percent. 
Roughly 80 percent of this total is attributable to the technology effect. The total impact is 
larger than the Track A, CPP-V impact (-9.1 percent), but the difference is not as great as 
for the L T20 customer segment. Nevertheless, it would not be unreasonable to conclude 
that technology improves demand response for the GT20 customer segment compared to 
a rate treatment where not all customers have technology. The fact that the difference in 
the total impacts between the Track A and Track C treatments is greater for L T20 
customers than it is for GT20 customers may be due, in part, to the fact that only about 33 
percent of L T20, Track A customers had technology whereas 60 percent of GT20 did. 
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As with the Track A analysis, we investigated whether price responsiveness varied with 
customer size using both an ADU and building size interaction variable. The results are 
shown in Table 7-8. 

For L T20 customers, price responsiveness increases with increasing ADU but the 
technology coefficient in the substitution equation falls with ADU. The interaction term 
between price and square footage is statistically insignificant and, thus, the elasticity of 
substitution does not change with this variable. The value of the technology coefficient 
falls slightly with increasing building size. The impact of technology on daily energy use 
increases with ADU and falls with square footage. 

For GT20 customers, the incremental impact of price over and above the technology 
impacts falls as both ADU and building size increase. The magnitude of the technology 
coefficient in the substitution equation also falls with increasing ADU and building size, but 
the rate of decline is modest. The magnitude of the technology coefficient in the daily 
energy use equation rises with ADU but falls significantly with increases in building size. 

-0.232 -0.261 -0.132 

-0.036 -0.002 -0.105 

0.033 0.032 0.037 

-0.231 -0.237 -0.216 

-0.036 -0.049 -0.015 

-0.033 -0.044 -0.012 

-0.112 -0.121 -0.095 

-0.023 -0.006 -0.053 

-0.036 -0.045 -0.024 

-0.113 -0.119 -0.102 

-0.022 -0.031 -0.006 

Regression models were also estimated for the winter period for Track C customers. For 
the L T20 customer segment, the elasticity of substitution was negative but quite small 
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(-0.009) and highly insignificant, with a t-statistic equal to -0.92. For the GT20 segment, 
the daily price elasticity was insignificant but the elasticity of substitution, equal to -0.018, 
was statistically significant with a t-statistic equal to -4.17. This value is similar to the 
summer elasticity estimate (absent the technology effect) of -0.022. 

7.3 TOU RATE ANALYSIS 

The SPP also examined the impact of a two-period TOU rate on energy consumption by 
rate period. As with the CPP-V analysis. all customers in the experiment were located in 
the SCE service territory. Table 7-9 contains the average TOU prices used in the 
experiment. The average peak-to-off-peak price ratio for L T20 customers was 2.3 to 1 
and the average for GT20 customers was 1.9 to 1. High ratio customers faced price ratios 
equal to 2.9 to 1 and 2.1 to 1, respectively. Low ratio customers faced price ratios of 2 to 
1 and 1.7 to 1, respectively. 

Table 7-10 contains the elasticity estimates for the TOU rate treatment in the summer 
period. Price was not included in the daily equation so only the elasticity of substitution is 
presented. 

For the L T20 customer segment, price was not statistically significant in summer 2003 but 
was highly significant in 2004. The 2004 elasticity of substitution equals -0.130 and has a 
t-statistic equal to -4.12. For the GT20 customer segment, price was statistically 
significant in both 2003 and 2004, but the 2004 value is much larger. These estimated 
values are large relative to the Track A, CPP-V results and also large compared with 
results found in the limited literature on this customer segment. 
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7. Comm~rcial and Industrial Sector Analysis 

Table 7-11 contains summer impact estimates for the TOU tariff. The 2003 estimate for 
L T20 customers was essentially zero but the 2004 reductions during the peak period 
equaled almost 7 percent. The 2003 peak-period reduction for the GT20 segment is 
almost 4 percent, and in 2004, the estimated reduction equaled 8.6 percent. 
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7. Commercial and Industrial Sector Analysis 

Regressions were also run for the winter period. For L T20 customers, the elasticity of 
substitution had a value of -0.008 but was highly insignificant, with a t-statistic equal to-
0.58. The GT20 customers, on the other hand, were quite price responsive even in the 
winter period, with an elasticity of substitution equal to -0.072 and a t-statistic equal to-
8.30. Table 7-12 summarizes the TOU impact estimates for the winter period. 
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8. Glossary 

Analysis of variance A commonly used statistical methodology for assessing the 
impact of a specific treatment on some variable of interest. 
The results cannot be easily generalized for other levels of 
the treatment. If that is of interest, it is better to use 
regression models (e.g., demand models). 

Autocorrelation A statistical term that refers to a problem frequently 
encountered in regression models involving time series 
data. It arises when the error term in a given time period is 
correlated with the error term in preceding time periods. 
When autocorrelation is present, parameter estimates are 
unbiased but their standard errors are downward biased. 

Control group A group of customers in an experiment that are used to 
establish a benchmark against which the effects of varying 
treatments can be measured. In well-designed experiments, 
the control group is selected randomly to allow valid 
inferences to be drawn about the impact of treatments. 

Cooling degree hours The number of cooling degree hours in an hour equals the 
difference between a base value, say 72 degrees, and the 
average temperature in the hour. For example, if the 
average hourly temperature equals 80 degrees and the 
base value is 72, the number of cooling degree hours in that 
hour would equal 8. By definition, cooling degree hours can 
never be less than zero. That is, it the temperature in an 
hour is less than the base value, cooling degree hours in 
that hour would equal O. 

Critical-peak pricing (CPP) A dynamic rate that allows a short-term price increase to a 
predetermined level (or levels) to reflect real-time system 
conditions. In a fixed-period CPP (CPP-F), the time and 
duration of the price increase are predetermined, but the 
days when the events will be called are not. The maximum 
number of called days per year is also usually pre
determined. The events are typically called on a day-ahead 
basis. In a variable-period CPP (CPP-V), the time, duration 
and day of the price increase are not predetermined. The 
events are usually called on a day-of basis. 
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8. Glossary 

Critical day 

Demand charge 

Demand model 

Demand response (DR) 

Dispatch 

Dynamic rate 

Elasticity 

Elasticity of substitution 

A day on which the highest peak-period price in a CPP tariff 
is in effect. 

A charge expressed in dollars per kW of billing demand that 
often is levied on large commercial and industrial customers. 
This charge co-exists with charges based on kWh of energy 
consumption and a monthly customer charge. 

A mathematical function that expresses the quantity of a 
particular good, such as electricity, that a consumer will 
purchase as a function of the price of that good, prices of 
related goods, and measures of economic activity such as 
income. Demand models also often include other terms, 
such as customer characteristics, that can influence the 
relationship between price and quantity purchased. 
Demand models for electricity typically include weather 
terms as factors that drive electricity use. 

The ability of an individual electric customer to reduce or 
shift usage or demand from peak periods in response to a 
financial incentive such as a higher price or a cash payment. 

A broadcast from a utility signaling the initiation of a control 
strategy or price adjustment. 

A tariff in which prices can be adjusted on short notice 
(typically an hour or day ahead) as a function of system 
conditions. A dynamic rate cannot be fully predetermined at 
the time the tariff goes into effect; either the price or the 
timing is unknown until real-time system conditions warrant 
a price adjustment. Examples: real-time pricing (RTP), 
critical peak pricing (epp) 

A measure of how one variable responds to changes in 
another variable, everything else being held constant. 
Common examples are price and income elasticities of 
demand. Another commonly used measure is the elasticity 
of substitution. 

The elasticity of substitution equals the ratio of the 
percentage change in the ratio of peak and off-peak energy 
use to the percentage change in the ratio of peak and off
peak prices. 
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8. Glossary 

Enabling technology 

Error term 

Experimental design 

Heating degree hours 

Heteroscedasticty 

Impact 

Impact evaluation 

Load shape 

Normal weekday 

Any technology that allows a customer or electric service 
provider to pre-program a control strategy - for an individual 
electric load, group of electric loads, or an entire facility - to 
be automatically activated in response to a dispatch. A 
Smart Thermostat (see below) is one type of enabling 
technology. Others include swimming pool pump and water 
heater controls. 

That portion of the dependent variable in a regression model 
that cannot be explained by the independent variables in the 
model. 

A statistical device that is used for measuring the effect of 
various treatments on a sample of participants in order to 
draw valid inferences for the population of interest. 

The number of heating degree hours in an hour equals the 
difference between a base value and the average 
temperature in that hour. For example, if the base value is 
65 degrees and the temperature in an hour equals 60, there 
would be 5 heating degree hours in that hour. By definition, 
heating degree hours can never be less than zero. That is, 
if the temperature in an hour is greater than the base value, 
heating degree hours in that hour equal o. 

A statistical problem that arises in regression models 
involving cross-sectional data. When heteroscedasticity is 
present, the variance of the error term is not constant across 
cross-sectional units. This causes the standard errors of the 
estimated parameters to be downward biased. 

The change in energy use during a priCing period resulting 
from customer response to a time-varying rate, an enabling 
technology or a combination of the two. Impacts may be 
expressed in absolute terms (kWh/hour) or in percentage 
terms (i.e., the absolute impact divided by the baseline 
usage that existed prior to the implementation of time
varying rates). 

A statistical analysis that seeks to quantify the impact of 
various treatments on specific variables of interest. 
Commonly used techniques include analysis of variance and 
regression models (e.g., demand models). 

A graph showing how electricity use varies across the hours 
in a day or across pricing periods such as peak, shoulder 
and off-peak periods. 

A weekday that is not a critical day. 
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8. Glossary 

Notification 

Parameter 

Price elasticity 

Pricing period 

Regression model 

Revenue neutrality 

Seasonal rate 

Self-selection bias 

I nformation provided to customers regarding price 
adjustments or system conditions. 'Day-ahead' notification 
provides at least 24 hours advance notice. 'Hour-ahead' 
notification provides at least one hour of advance notice. 

The coefficient associated with one or more explanatory 
variables in a regression model. Typically, the mean value 
of the coefficient is reported along with its standard error. 

A measure of the sensitivity of customer demand to price. 
Price elasticity is a dimensionless quantity and is expressed 
as the ratio of the percent change in demand to the percent 
change in price, everything else held constant. For 
example, a 10% load drop in response to a 100% price 
increase yields a price elasticity of -0.10. 'Own-price' 
elasticity relates changes in peak period demand to changes 
in peak period price. 'Cross-price' elasticity relates changes 
in usage in one period to changes in price in another period. 

A time period within which the price of electricity is constant. 
Often, peak and off-peak periods are used to express 
variation in electric rates by time periods. Some times 
additional "shoulder" periods are introduced to allow for 
more discrete price variation. 

A mathematical relationship between quantitative variables 
that is established by performing a variety of statistical 
procedures. 

A regulatory requirement that any alternative rate design 
must recover the same total revenue requirement as the 
default rate design, assuming that the average customer in 
the class makes no change in their usage patterns. 

A rate in which electricity prices vary by season. 

When experimental participants can select themselves into 
an experiment, rather than be randomly selected and 
assigned to treatment groups, the effects of treatments that 
are estimated may not be representative of the population of 
interest. They are then said to suffer from self-selection 
bias. 
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8. Glossary 

Smart thermostats 

SPP 

Standard error 

Starting value 

Tariff 

Tiered rate 

Time-of-day (TOO) rate 

Time-of-use (TaU) rate 

Time-varying rate 

Treatment 

Treatment group 

A heating, ventilation and air-conditioning (HVAC) 
thermostat that (1) automatically responds to different 
electricity prices that are dispatched by the utility by 
adjusting the temperature set point (or the operation of the 
HVAC equipment) using pre-programmed thresholds that 
are typically specified by the customer; (2) displays energy 
information and rates, and notifies the customer of rate 
changes; and/or (3) can be programmed to control devices 
other than the HVAC system. 

Statewide pricing pilot 

An estimate of the uncertainty in a parameter. 

The value of energy consumption in a time period prior to 
the introduction of a time-varying rate. These values are 
used to calculate percent impacts. In this report, starting 
values are expressed in kWh/hr for each rate period or for a 
day. 

A public document setting forth the services offered by an 
electric utility, rates and charges with respect to the 
services, and governing rules, regulations and practices 
relating to those services. 

A rate in which predetermined prices change as a function 
of cumulative customer electricity usage within a 
predetermined time frame (usually monthly). Prices in an 
'inverted tier' rate increase as cumulative electricity usage 
increases. Prices in a 'declining tier' or 'declining block' rate 
decrease as cumulative electricity usage increases. 

A rate in which predetermined electricity prices vary across 
two or more preset time periods within a day. 

A rate in which the price of electricity varies as a function of 
usage period, typically by time of day, by day of week, 
and/or by season. Examples: TOO rate, seasonal rate. 

A rate in which prices change or can be changed within a 
24-hour period or between seasons. Examples; TOO rate, 
dynamic rate, seasonal rate. 

A technical term used in the experimental design literature 
for concepts such as medications, rates or information 
whose effect is of interest to the researcher 

Experimental participants who are given varying treatments. 
In a properly designed experiment, customers are randomly 
assigned to control and treatment groups. 
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8. Glossary 

t-statistic The t-statistic is obtained by dividing the mean estimate of a 
parameter (regression coefficient) by its standard error. A 
value of 1.96 for this statistic indicates that the parameter 
estimate is statistically significantly different from zero at a 
95% confidence level. 
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