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Abstract
This paper develops a novel methodology for structurally estimating a multidimensional non-linear pricing scheme with more than one decision variable.
Using a rich and unique panel data of residents’ electricity consumption, we
provide a structural analysis of how economic agents choose their electricity
consumption amount and allocation under a mixture of two non-linear pricing
systems: an Increasing Block Pricing (IBP) system and a Time-of-Use (ToU)
Pricing system. The results imply that a policymaker needs to be very careful in
choosing reasonable pricing options based on policy objectives because a wrong
choice may lead to an outcome contrary to the original purpose.
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1

Introduction

Information asymmetry has been one of the most important issues in economics for
the last half century (e.g., Akerlof (1970) and Rothschild and Stiglitz (1976)). Understanding the welfare effects of information asymmetry allows us to design appropriate
policies and correct market failures. A common tool employed to satisfy a variety of
customer demands is non-linear pricing. Based on the theoretical works developed
by Maskin and Riley (1984) and Mussa and Rosen (1978), two strands of literature
have developed to evaluate the impact of non-linear pricing schemes on profitability,
consumer surplus and social efficiency. The first strand treats the price schedules as
exogenous, and employs random utility discrete choice models to estimate the distribution of consumers’ characteristics (e.g., Leslie (2004), Economides, Seim, and Viard
(2008)); the second strand endogenizes the price and quantity schedules to estimate
the demand and cost structure (e.g., Crawford and Shum (2007)). Although some
of these studies have multidimensional consumer heterogeneity, the decision variable1
remains unidimensional to keep their models tractable.
In the real world, individuals often need to make decisions under a multidimensional non-linear pricing schedule with more than one decision variable.
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For exam-

ple, phone users also need to decide the total length of phone calls per month, as well
as the time at which they make each call (e.g., Luo (2018)). The presence of multiple decisions variables completely changes the game. With one decision variable, the
mapping between the decision variable and the objective function is usually precise,
and the equilibrium could remain tractable if particular constraints apply (e.g., Ro1

In many cases, it is the product quantity purchased by consumers.
For example, self-employed workers adjust their labour supplies in response to non-linear income taxation schemes, and their part-time occupations are also endogenously chosen according to
their preferences over various combinations of salary rates and working time (see, Heckman (1983),
Pestieau and Possen (1991), Parker (1999), Saez (2010), Chetty (2012) and Bastani and Selin (2014)).
2
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chet and Choné (1998) and Armstrong and Rochet (1999)). However, with more than
one decision variable, multiple equilibria are almost inevitable, which makes model
identification even more challenging.
By introducing consumption errors, we develop a new structural approach in order
to evaluate consumer choices and welfare implication under a multidimensional nonlinear pricing system. We apply our methodology to a rich panel data of residents’
electricity consumption. Our data merges two principal datasets: an administrative
dataset from the State Grid Corporation of China (which includes the total monthly
electricity consumption, the total amount of electricity consumption at the peak and
valley of each month) and a local sample survey conducted in Hangzhou.3 Therefore,
we can take advantage of both administrative and survey data: the former allows us
to establish more reliable and accurate measures (see, Chetty (2012)), while the latter
provides rich information about various household characteristics (e.g., Hausmann,
Kinnucan, and McFaddden (1979), Hajispyrou, Koundouri, and Pashardes (2002),
Olmstead, Hanemann, and Stavins (2007)).
More importantly, the pricing system in our studied area is unique. There are two
commonly used non-linear pricing systems in the electricity market: an Increasing
Block Pricing (IBP) system and a Time-of-Use (ToU) Pricing system. The IBP system imposes a discriminative pricing scheme on the overall electricity consumption;
that is, the marginal price jumps as the consumption increases, while the ToU system
exploits households preferences over different time by altering the price for day and
night from tier to tier. In most of the cases, electricity companies only implement
one of the pricing systems,4 while in our studied area, both systems are implemented
3

Hangzhou is the capital and most populous city of Zhejiang Province in east China. During the
2010 Chinese census, the metropolitan area held 21.102 million people over an area of 34,585 km2.
Hangzhou prefecture had a registered population of 9,018,000 in 2015. - source from Wikipedia.
4
For example, Ito (2014) studied the IBP system in California, and Train and Mehrez (1994)
studied the ToU system using the data from the Pacific Gas and Electric Company (PG&E).
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simultaneously. Observing both dimensions of electricity consumption enables us to
identify more complex and flexible structural models, and to add potential heterogeneous factors into the structural model to make our counterfactual analysis more
credible.5
Our model takes into account the bi-dimensional diversity of consumer choices
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and the distinct bunching phenomenon. By adding unobserved consumption errors
to the consumers’ overall consumptions,7 our model not only captures households’
consumption behaviors, but also explains why a rational consumer might consume on
both sides of a kink point. Nevertheless, introducing consumer errors is not without
cost since it makes the model harder to be identified. As stated in Ito (2014), a
structural model with the coexistence of heterogeneous preferences and consumption
errors would be almost impossible to identify. Therefore, the additional dimension of
the ToU system plays an important role in the identification conditions.
The estimated results of our model reasonably explain the distribution of total
demand and time-of-use consumption in the data. After controlling for the heterogeneous preference of time-sharing consumption, our estimate confirms that there is an
“uncontrollable final consumption” phenomenon. We find that this directly leads to
the final consumption being on average 1.5% higher than household consumption optimal value. Such findings differ from Ito (2014), and provide the essential structural
empirical support as in Saez (2010). Moreover, our counterfactual analysis shows
that multidimensional non-linear pricing reduces the price elasticity. On average, for
every 1% increase in price, the total power demand will decrease by 1%.
5

This is related to that Reiss and Wolak (2007) states that a “good” structural model should be
consistent with the data and makes economic sense.
6
Different residents may have different levels of total electricity consumption and ToU consumption as well.
7
For example, Borenstein (2009) noticed that consumers might have weather shocks to electricity
demand during a billing month.
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Our paper makes contributions in at least three aspects.
First, our paper makes an important contribution to energy consumption choices
under non-linear pricing. We provide a general structural model that allows us to
understand how consumers choose their electricity consumption when facing a complicated pricing system. Our model can not only explain the existence or absence
of bunching data but can also provide a convenient empirical verification channel for
the existence of consumption errors (e.g., Saez (2010)). Compared to the existing
empirical literature (e.g., Reiss and White (2005) and Ito (2014)), our model is rich
enough to accommodate both IBP and ToU pricing schemes and allows us to obtain a
more flexible price elasticity estimate. To the best of our knowledge,8 our paper is the
first attempt to use counterfactual analysis based on a structural model to propose
energy pricing designs from a policy perspective.
Second, we make a methodological contribution by extending the analysis to a
non-linear pricing scenario where there are multidimensional household characteristics with more than one decision variable. The most direct problem brought by the
multidimensional non-linear pricing is that agents may face multiple best choices that
give the same level of utility. Therefore, in the current literature, the general practice is to discretize the continuous decision variables and then fit the selection by
estimating the non-linear discrete model (e.g., Van Soest (1995), Blundell, Duncan,
and Meghir (1998) and Hoynes (2000)). While a discrete model avoids the multiple
equilibrium problem, it also extends to other estimation problems. For example, the
estimation of the model becomes more complicated by the discretization of continuous
output variables, and also obfuscates the economic implication of model parameters.
By introducing consumption errors, our paper directly matches the output variables
through the non-discrete model and provides corresponding estimation methods and
8

See, Reiss and White (2006) for a theoretical analysis.
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identification conditions. Our estimation method has the advantage in its computational speed, especially after we add observed and unobserved heterogeneous factors.
Compared with the traditional discrete choice methods based on likelihood, GMM
or the indirect inference method (e.g., Gourieroux, Monfort, and Renault (1993)),our
method has depicted a step-by-step road-map to avoid the “computation complexity”
and “overcomplicated and unwieldy models” (see, Low and Meghir (2017)). The proposed methodology is quite general and is thus fully applicable to the study of similar
problems in labor economics, where labor needs to determine the total amount of an
individual’s labor supply and his or her part-time occupation (e.g., Parker (1999)).
The choice depends not only on his preference for different hours of work but also
on his pay rate in different occupations. Therefore, our study is also of significance
to the literature on making optimal tax policies in labor economics (e.g., Heckman
(1983), Chetty (2012), Bastani and Selin (2014)).
Third, our paper provides a novel justification for the theoretical prediction of
multidimensional screening. According to Rochet and Choné (1998) and Armstrong
and Rochet (1999), incentives provided alongside different dimensions will interfere
with each other and result in quantity distortions and systematic inefficiencies. In the
counterfactual analysis, we can see clearly how these interferences take place when the
kink point of the IBP system changes. In addition, we show that if a regulator wants to
adjust the two non-linear pricing schemes to improve consumer welfare, the room for
improvement would be very narrow. This finding has important policy implications:
a policymaker must be very careful in choosing reasonable pricing options based on
policy objectives because a wrong choice may lead to an outcome contrary to the
original purpose.
The rest of the paper is organized as follows.9 Section 2 introduces the data
9

A brief literature review related to nonlinear pricing in energy economics is provided by Online
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and provides necessary comparative statics for further analysis. Section 3 gives the
structural model and discusses the conditions for optimal decisions. Section 4 explores
the identification conditions of the model and provides a novel estimation method.
Section 5 shows the estimation results based on the model and econometric method,
and Section 6 seeks to evaluate the impact of counterfactual policies. Section 7
concludes.

2

Data and Sample Statistics

The data used in this paper merges two principal datasets: household-level utility
billing data from the State Grid Corporation of China and a local sample survey
conducted in Hangzhou. The sample period, from January 2009 to December 2011,
contains 36 months. During this period, and as a test zone for electricity pricing, in
Hangzhou, the electric bill is calculated depending on both different tiers of consumption, and the peak valley consumptions in each tier. To illustrate, Table 1 shows the
actual electricity price structure that Hangzhou citizens are facing. In the table, each
block contains two prices, peak time price and valley price. The total consumption
of each block is calculated by adding the total amount of electricity consumed at the
peak and the valley. The last column illustrates an example: let us assume that a
user i consumed 250 kilowatt-hours (KHW) of electricity in a month, and on all the
blocks, the peak and the valley consumption ratio are

6
4

= 1.5. According to the cor-

responding price, the resident who consumes 250 kWh (150 kWh during the day and
90 kWh at night) should pay a bill of 108.92 yuan at the end of the month. We would
like to point out that our data only considers household electricity consumption, and
does not include office and production electricity consumption.
Appendix A.
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Example: x = 250
Peak=0.6x and Valley=0.4x
50 × 0.6 × 0.568+
50 × 0.4 × 0.288 = 22.8
Tier 2
[50, 200)
0.598
0.318
150 × 0.6 × 0.598+
150 × 0.4 × 0.318 = 72.90
Tier 3
≥ 200
0.668
0.388
50 × 0.6 × 0.668+
50 × 0.4 × 0.388 = 27.8
Unit
Kilowatt-Hour RMB yuan RMB yuan 22.8 + 72.90 + 27.8 = 123.50
On December 31, 2009 the Official USD to CNY Exchange Rate:1 USD = 6.8279 RMB
by using the converter in https://www.exchangerates.org.uk.
Block
(Consumption level)
Tier 1

Quantity
(Peak+Vally)
[0, 50)

Peak price
(8:00-22:00)
0.568

Valley price
(22:00- 8:00)
0.288

Table 1: Electricity Price Structure in Hangzhou
Data from the State Grid contains a random sample of 5,000 observations. We
used systematic sampling to get the data and variables, which include the total
monthly electricity consumption, electricity bills and the total amount of electricity consumption at the peak and valley of each month. In addition to this basic
information, our data also contain a survey of household information.10 We randomly selected 500 households in Hangzhou by using the initial State Grid database.
By sending out a paper questionnaire, we were able to gather data on household income, family characteristics, household electrical appliances, and other information.
The questionnaire information is matched with the electricity consumption data in
the original national grid database. Finally, the total number of effective households
was 119, which yields a final data containing 4,284 observation points for the three
years.
Although we did not conduct the full survey of all 5,000 households, the distributions of outcome variables in the selected sample is very close to the initial sample
10

We detailed how we collected the questionnaire survey in Online Appendix B.

9

Variable
Mean Standard Deviation Min
Max
Peak Hour (kWh)
116.91
76.57
2.24
643.09
Valley Hour (kWh)
103.23
70.46
0.36
701.18
Total
220.15
130.49
9.43
1259.07
Household
Family Member
3.104
1.073
1.00
8.00
Characteristics Number of People (≥ 65)
0.74
0.86
0.00
2.00
Number of Adults (< 65, ≥ 18) 2.13
1.23
0.00
6.00
Hosing Area (m2 )
70.61
24.20
29.00
190.00
Number of Bedrooms
2.18
0.57
1.00
4.00
Electric
Computers
1.084
0.78
1.00
3.00
Appliance
Televisions
1.85
0.71
1.00
4.00
Air Conditioners
2.24
0.86
0.00
4.00
Refrigerators and Freezers
1.068
0.34
0.00
4.00
Microwave Ovens (Y/N)
0.74
0.43
0
1
Winter Heating (Y/N)
0.74
0.43
0
1
Electricity for Cooking (Y/N)
0.69
0.46
0
1
Electricity for Shower (Y/N)
0.75
0.43
0
1
Family
Income < 8
0.53
0.49
0
1
Income
8 ≤ Income < 15
0.37
0.48
0
1
(1000 RMB)
15 ≤ Income
0.093
0.29
0
1
0
Climate
Maximum Temperature ( C)
29.3
8.01
7.50
39.70
0
(Monthly)
Average Temperature ( C)
17.35
8.67
1.35
30.62
Average Humidity (%)
69.60
8.60
35.10
81.20
Average Rain (hours)
41.72
33.68
5.80
180.46
Note: 1) On December 31, 2009 the Official USD to CNY Exchange Rate:1 USD = 6.8279 RMB
by using the converter in https://www.exchangerates.org.uk.
2) Weather data is obtained from the National Oceanic and Atmospheric Administration (NOAA).
Electricity
Consumption

Table 2: Summary of Statistics (4,262 observations)
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distribution.11 Compared to the literature that uses only micro survey data,12 our
data have two advantages. First, the measure of electricity consumption is more accurate and reliable (see, Chetty (2012)), since levels of electricity consumption are
obtained directly from the national grid database rather than the respondents’ answers. Second, except for some residents who use gas/natural gas for cooking, there
are currently few residents who use natural gas for heating in winter. This largely
avoids the problem that consumers may switch between the use of different energy
sources because of price changes.
Table 2 reports a summary of statistics. On average, the consumption proportion
between peak (day) and valley (night) hours is 6:4. In our data, a family usually
consists of three members, with a likely composition of two adults (mostly husband
and wife) and a child or an elder. A typical family in our data has two bedrooms, and
each person’s living area is between 25 and 35 square meters. This also explains why,
on average, each household has two televisions and more than two air conditioners.
However, the average number of refrigerators and desktop computers per household
is one (because all family members can share these two products). Although the
weather is relatively warm in Hangzhou, 74% of families rely on electric heating in
winter, and more than half use electric cookers and electronic showers. By using those
descriptive statistics, we can well imagine what a representative household living in
a big city in Eastern China looks like, and how much electricity each family uses.
Figure 2 reports, in the same picture, the choices of total electricity consumption
and the proportions of peak hour consumption. The blue dotted line represents kink
points under the IBP system. We find that the correlation between total power
consumption and peak power consumption are non-linear. In particular, we find that
11

Detailed comparisons are reported in Online Appendix C.
For example, Hausmann, Kinnucan, and McFaddden (1979), Hajispyrou, Koundouri, and
Pashardes (2002), Olmstead, Hanemann, and Stavins (2007).
12
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Figure 1: Checking the Bunching Effect

Figure 2: IBP Consumption vs ToU Consumption

12

residents have significantly adjusted their consumption habits on the left-hand side of
the second kink point (200 kWh). The closer the residents of the kink point, the more
they tend to reduce their daytime consumption. The U-shape around the kink point
shows that residents may consciously control their electricity consumption and react
to prices. When they find that their electricity consumption is close to the next tier,
they will consciously adjust their electricity consumption during the day to balance
the total cost.13 Figure 1 checks the existence of the bunching effects around the kink
point (200 kWh). Unlike the findings in Ito (2014), we find that Chinese consumers
(namely Hangzhou residents, as in our sample) are relatively sensitive to the changes
in marginal price. At the same time, we observe that the bunching effect exists on
both the left- and right-hand sides of the block, which indicates that consumers cannot
control their consumption perfectly. Their final consumption level will sometimes end
up consuming more or less than expected. These empirical evidences urge us to use
a structural model to capture a consumer’s consumption behavior. Our structural
model will assume that consumers will suffer from some unavoidable consumption
mistakes. This allows a consumer who decides to consume at the kink point to
consider that the final consumption may be at the next tier. Risk aversion causes
the consumer to smooth out her spending costs by adjusting the proportion of her
spending over time.

3

A Structural Model of Electricity Consumption

Here we develop a structural model in order to explain a household (she) i’s electricity
consumption decision, for i = 1, ..., n. In our model, we take the current electricity
13
We have also tried some regression models to explore the relationship between electricity price
and consumption. The detailed introduction of these models and the corresponding regression results
can be find in Online Appendix D.
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price system as given.14 At each period t = 1, ..., T , a household i has to decide
the total level of electricity consumption, xi,t ∈ R+ and K − 1 proportion levels
{λi,j,k,t }j=1,..,K−1 ∈ [0, 1]J×(K−1) that defines her electricity consumption of J different
P
tiers, and λi,J,t = 1 − K−1
k=1 λi,k,t . In the case of a classic ToU system which basically
includes a peak hour price and an off-peak hour price, a household i chooses λi,t ∈ [0, 1]
that is the proportion of peak hour consumption at each period t.

3.1

Pricing Mechanism and Cost Function

A given pricing system in our model that embeds a two-dimensional pricing system
defined by a time-invariant matrix

M = {pj,k }j=1,...,J,k=1,...,K ∈ RJ×K
+

(1)

containing a total number of K ×J prices. J indicates the total number of tiers in the
electricity pricing mechanism, and K indicates the number of time steps15 in each tier
j = 1, ..., J. In a classic IBP system, M is a raw vector of J elements, and in a classic
time-of-use pricing system, M is a column vector of K elements. We further define Lj
the length of tier j for j = 1, ..., J, xi,j,k,t the electricity consumption of household i in
the tier j and for the step k at time t, and xi,t her final level of electricity consumption.
nP
o
0 > xi,t .
L
The tier that household i finally reaches is j t ∈ arg minj∈{1,..,J}
0
j
j ≤j+1
14

As we know, the electricity supply in China is highly centralized. The state directly regulates
electricity prices, and as residents are price takers, their decisions do not directly affect electricity
prices. For at least as long as we observe, the price system remains the same, and as far as we know,
it is still in use today.
15
In this paper, the “steps” denotes the proportion of time within 24 hours, e.g., day-night,
morning-afternoon-night, etc. More broadly, the “steps” can also mean different charges depending
on the season (for example, many countries have different electricity rates in winter and summer).
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We have obviously:

xi,j,k,t = 0 ∀k = 1, ..., K, and j > j t ,
K
X

xi,j,k,t = Lj and xi,j,k,t = λi,k,t Lj ∀j < j t

k=1

xi,j,k,t = xi,t −

X

Lj 0 if j = j t

(2)

j<j t

and the cost function can be defined as:

C (xi,t |M) =

J X
K
X

xi,j,k,t pj,k

j=1 k=1

with xi,t =

J X
K
X

xi,j,k,t .

(3)

j=1 k=1

Alternatively, if we define Xi,t = {xj,k,t }j=1,...,J,k=1,...,K ∈ RJ×K
as a matrix of electric+
ity consumption, one can define C (xi,t |M) as the sum of all elements in Hadamard
product for Xi,t with M
C (xi,t ) = su (Xi,t ◦ M) ,

(4)

where according to the notations in Merikoski (1984), su (.) is the operator calculating
the sum of all elements in the given matrix.

3.2

Optimal Decision Rule with Consumption Error

In our model a household i, at each time t, chooses her personalized set of

J×(K−1)
.
{xi,j,t }j=1,...,J ∈ RK
+ × {λi,j,k,t }j=1,..,K−1 ∈ [0, 1]

15

(5)

Figure 3: Pricing System
In remaining part of this paper, we mainly limit the situation to J = 3 and K = 2.
In this case, the pricing system M in this case is fully described by a 3 × 2 matrix
inside each component represents the marginal price of consuming one more unit of
electricity in step j ∈ {1, 2, 3} and k ∈ {1, 2}. In our case, we can further define the
three tiers as a standard of basic electricity consumption (low level of consumption
L), ordinary household electricity consumption (medium level of consumption M ) and
luxury electricity consumption (high level of consumption H). K = 2 corresponds to
daytime consumption (d) and night consumption (n). Therefore, we can describe M
by:




 pLd pLn

M=
 pM d pM n

pHd pHn



.



(6)

Figure 3 shows the structure of the current pricing system M.
Assumption 1. Each household i suffers from a normal consumption error ηi,t ∼

N 0, ση2 . She plans her electricity consumption at the beginning of each month t,
16

and the electricity consumption in the bill that she received at the end of the month
is in fact:

ln x̃i,t = ln xi,t + ln ηi,t ,

where the value of ση is observed by the household. The ηi,t only occurs when paying
the monthly bill.
Assumption 1 would be satisfied in most cases: residents can never perfectly
control their final consumption when making consumption plans. Such errors can
be observed but unavoidable by consumers so that the final consumption always
fluctuates around the expected consumption. For example, electricity consumers have
weather shocks to electricity demand during a billing month (e.g., see Saez (2010) and
Borenstein (2009)). We assume that a rational consumer would take into account the
possible loss of this error when making a decision. Assumption 1 also assumes that
users with high electricity consumption will find it harder to "accurately" control
their consumption around kink points. If most of the households have very strong
electricity consumption intensities, even if they react to the marginal prices, it is
difficult to see bunching directly in the data. This is because a 10% consumption
error means a difference of 9 to 11 kWh for a household that plans to consume 10
kilowatt-hours a month, and 90 to 110 kWh for a household that consumes 100 kWh.
This assumption is also an identification assumption, which is used to explain why we
do observe bunching but that the bunching occurs on both sides of the kink points.
A consumer i’s expected utility function is defined by:



n 

o

γd
γn
Eu {xi,j,k,t }j∈{L,M,H},k∈{d,n} |M = %i,t xi,d,t xi,n,t − E C x̃i , {λi,j,k,t }j∈{L,M,H},k∈{d,n} |xi , M
with

ln x̃i,t = ln xi,t + ln ηi,t ,
17

xi,d,t = xi,d,L,t + xi,d,M,t + xi,d,H,t
xi,n,t = xi,n,L,t + xi,n,M,t + xi,n,H,t
λi,j,n,t = 1 − λi,j,d,t
 0
%i,t = exp zi,t
βz,% + ξi,t ,

∀i, t

(7)

where %i,t captures an household i’s specific preference about the total electricity consumption xi,t and the payoff function takes the form of Cobb-Douglas utility function
and γ = (γd , γn )0 captures the substitution effect between peak and valley consumpn 

o
tions, and E C x̃i,t , {λi,j,k,t }j∈{L,M,H},k∈{d,n} |xi,t , M is the expected cost function
given the current pricing system.
Assumption 2. Daytime (and nighttime) electricity consumption habits are sticky:
{λi,j,d,t }j∈{L,M,H} = λi,t .
It must be noted that, according to our theoretical model and pricing structure,
an “extremely sophisticated” consumer would undoubtedly choose to consume xj,d
and xj,n at each tier j ∈ {L, M, L}. Assumption 2 effectively rules out this situation
by assuming that a consumer’s consumption habit (i.e., the proportion of electricity
consumption by day and night) of electricity will not change with the change of
tier. This is also consistent with reality, which means that while spending habits are
sticky, households do not change their spending patterns at the peak/valley times each
month. Because electricity bills are paid at the end of each month, most consumers
do not check their meter every day. At the same time, our model also assumes
that consumers know that their final consumption will be subject to certain errors,
which means that it is almost meaningless to control the consumption of electricity
with excessive accuracy. Because a precise control of electricity consumption may
itself impose additional time costs, such costs, plus the cost of changing consumption
18

Figure 4: Decision Timelines
habits in the middle of the month, may well outweigh the bill savings.
Under Assumption 2, a resident’s decision-making process is greatly simplified.
Instead of considering {xi,j,k,t }j∈{L,M,H},k∈{d,n} that optimize a consumer’s utility function, one would be able to rewrite an agent i’s utility function as a function of
(xi,t , λi,t ):


 A2
Eu {xi,j,k,t }j∈{L,M,H},k∈{d,n} |M ≡ Eu (xi,t , λi,t |M)

= %i,t xγi,td +γn λγi,td (1 − λi,t )γn − E {C (x̃i,t , λi,t ) |xi,t , M}
(8)
where xi,t is the total level of consumption and λi,t represent the proportion of daytime
electricity consumption. Figure 4 illustrate the a household i’s decision timeline.16
Proposition 1. Under Assumption 1 and 2, for the given M. We have that C̄ (xi,t , λi ) ≡
16

In the Section 4, we make a further assumption allowing the consumption errors affect only x
but not λ.
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E {C (x̃i , λi,t ) |xi , M} takes the expression below:

C̄ (xi,t , λi,t ) =Φ
|


ln L1 − ln xi,t
ση2 /2
FL e|{z}
xi,t +
ση
{z
} E(η)

P(x̃i,t ≤L1 |xi,t )

 


 n

o
ln (L1 + L2 ) − ln xi,t
ln L1 − ln xi,t
2
Φ
× FL L1 + FM xi,t eση /2 − L1 +
−Φ
ση
ση
|
{z
}
P(L1 +L2 ≥x̃i,t ≥L1 |xi,t )


Φ
|

 n

o
ln xi,t − ln (L1 + L2 )
2
× FL L1 + FM L2 + FH xi,t eση /2 − L1 − L2
σ
{z η
}
P(x̃i,t ≥L1 +L2 |xi,t )

(9)
with
λi,t pkd + (1 − λi,t ) pkn = Fk f or k ∈ {L, M, H}

(10)

We thereby would be able to characterize the optimal decision problem of a consumer i at time t:


opt
xopt
∈ arg
i,t , λi,t

max

xi,t ≥0,λi,t ∈[0,1]

Eu (xi,t , λi,t |M) .

(11)

Assumption 3. γn + γd = γ0 ≤ 1.
Assumption 3 guarantees that each consumer’s consumption of electricity is of
diminishing utility per unit. This is also true in real life: a consumer will get less
satisfaction for every marginal kilowatt of electricity consumption, day or night. In
the end, when the demand is fully satisfied (when xi,t is above a certain value), the
extra electricity consumption will be seen as a waste, and it will be hard to bring
any more satisfaction. This also means that in most cases xi,t always has an internal
solution that satisfies the first order conditions. Therefore, an internal solution of
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opt
should satisfy the first order conditions is given by:
xopt
i,t , λi,t
%i,t xγi,td +γn λγi,td

γn



(1 − λi,t )

γd
γn
−
λi,t 1 − λi,t



%i,t xγi,td +γn −1 λγi,td (1 − λi,t )γn

Lemma 1. Under Assumption 1 and 2,

∂
C̄
∂λi,t

∂
C̄ (xi,t , λi,t )
∂λi,t
∂
=
C̄ (xi,t , λi,t ) .
∂xi,t

=

(12)
(13)

(xi,t , λi,t ) = cλi is a positive constant

given xi,t .
Intuitively, since pk,d ≥ pk,n for all k ∈ {L, M, H}, consuming more electricity
during the day increases the total cost. If ∆p = pkd − pkn all k ∈ {L, M, H}, we have:
( 





ln (L1 + L2 ) − ln xi,t
ln L1 − ln xi,t
ln L1 − ln xi,t
cλ i = Φ
+Φ
−Φ
+
ση
ση
ση

)
ln xi,t − ln (L1 + L2 )
2
2
2
Φ
xi,t eση /2 ∆p = P (ln xi,t ∈ R)xi eση /2 ∆p = xi,t eση /2 ∆p
|
{z
}
ση
=1

(14)
In addition, the fact that cx is positive leads that the optimal λ satisfies:
γd +γn γd
λi,t
%i,t xi,t

(1 − λi,t )

γn



γn
γd
−
λi,t 1 − λi,t


= cλ i .

(15)

2

In the case of our data, cλi = xi,t eση /2 ∆p. We further have:
γd +γn γd
%i,t xi,t
λi,t

γn

(1 − λi,t )



γd
γn
−
λi,t 1 − λi,t



2

= xi,t eση /2 ∆p.

(16)

Proposition 2. If the utility function is homothetic, i.e., γ0 = 1, λopt
i,t is no longer a
function of xopt
i,t .
Proposition 2 essentially gives a condition under which the optimal solution of λi,t
21

is independent of xi,t . This is basically an identification condition, which means that
if we look at a regression model where xi,t is the output variable, then the electricity
bill is used as an explanatory variable. In this case, λi,t is a valid instrumental variable
for identifying the price-to-consumption causal relationship only if the assumption in
Proposition 2 is valid.
Under Assumption 3, the first order condition can be rewritten as:
%i,t xγi,t0 −1 λγi,td (1 − λi,t )γ0 −γd

It is obvious that if γ0 = 1, we have %i,t



γd − λi,t γ0
2
= eση /2 ∆p.
λi,t (1 − λi,t )

λi,t
1−λi,t

γd

γd −λi,t
λi,t

Now we consider the second condition. We denote

(17)

2

= eση /2 ∆p.

∂
C̄
∂xi,t

(xi,t , λi,t ) = cxi (xi,t , ση ),

Equation 13 can be rearranged by:
%i,t xγi,t0 −1 λγi,td (1 − λi,t )γ0 −γd =
with

1
cx (xi,t , ση )
γ0 i
(  



 
ln L1 − ln xi,t 1
ln L1 − ln xi,t
cxi (xi,t , ση ) = e
FL Φ
−ϕ
+
ση
ση
ση
" 



ln (L1 + L2 ) − ln xi,t
ln L1 − ln xi,t
FM Φ
−Φ
−
ση
ση


 #

ln L1 − ln xi,t 1
ln (L1 + L2 ) − ln xi,t 1
ϕ
+ϕ
+
ση
ση
ση
ση
 


)
ln xi,t − ln (L1 + L2 ) 1
ln (L1 + L2 ) − ln xi,t
FH ϕ
+1−Φ
,
ση
ση
ση
ση2 /2

(18)
In our case, we further have

FM − FL = 0.03, and FH − FM = 0.07 ∀λi,t ∈ [0, 1] ,
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which allows us to rewrite Equation 18 by:
%i,t xγi,t0 −1 λγi,td

(1 − λi,t )

γ0 −γd

(




1 ση2 /2
ln L1 − ln xi,t
ln (L1 + L2 ) − ln xi,t
= e
FH − 0.03Φ
− 0.07Φ
+
γ0
ση
ση





1
ln L1 − ln xi,t
ln (L1 + L2 ) − ln xi,t
× 0.03ϕ
+ 0.07ϕ
.
ση
ση
ση
(19)

4
4.1

Identification and Estimation
Model Identification

We briefly discuss the identification of the structural model in this section. We observe

0
x̃i,d,t , x̃i,n,t , zi,t
in the data, and the model is characterized by a set of
i=1,...,n,t=1,...,T
parameter θ ∈ Θ, with

θ = (γ0 , γd , ση , {%i,t }i=1,..,n,t=,...,T )0 .
|
{z
}

(20)

0 β
ln %i,t =zi,t
z,% +ξi,t

The most significant challenge is to separately identify consumption error ση and
heterogeneous unobserved demand preference %i , which is almost impossible in the
existing literature due to the uni-dimensional outcome variable. Figure 5 illustrates
this identification problem. Given that econometricians only observe a consumer’s
choice xobs under an IBP system, xobs could be an equilibrium outcome of a higher
demand preference without consumption errors, or that of a simple realization of a
lower demand preference with consumption errors. That is to say, infinite numbers
of parameter combinations of %i and ση could potentially generate the same observed
outcome xobs . To tackle this problem, we make use of residents’ consumption difference between day and night, this additional observed dimension allows us to address
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Figure 5: Identification Challenge
this concern.
Another significant feature is that the outcome variables are noised, and consumers make decisions based on their “ideal value” (the de-noised variable), which is
unobserved by econometricians. There are two random error terms, η and ξ, in our
model that are not observed by econometricians. The model is hard to be identified
in general because we know that x̃i,d,t and x̃i,n,t are both affected by η and ξ. One
would imagine that if the variances of η and ξ are large enough, then they can explain almost all of the changes in the data. Therefore, we naturally have to make
some simple assumptions about the structure of the error term, in addition to the
two related assumptions we have made above. Thus, we add one more assumption
here.
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Assumption 4. We assume that

x̃i,d,t = λi,t x̃i,t , x̃i,n,t = (1 − λi,t ) x̃i,t .

Assumption 4 assumes that the observed λi,t would be a correct measure of λ,
since we observe x̃i,d,t /x̃i,t . It further yields that

ln x̃i,d,t = ln λi,t + ln xi,t + ln ηi,t ,

ln x̃i,d,t = ln (1 − λi,t ) + ln xi,t + ln ηi,t ,

(21)

which means that the same error term ηi,t affect both x̃i,d,t and x̃i,n,t . Combining two
first-order conditions above (Equation 17 and 18), we can get a new condition:

γd = γ0


∆p
λi,t (1 − λi,t ) + λi,t ,
2
cxi (xi,t , ση ) /eση /2

(22)

given γ0 , γd is identified by the consumer’s allocation of electricity consumption at
different times of day and night.
Once γ̂S,d (γ0 , ση ) is identified as a function of (γ0 , ση ), we can use Equation 12 or
13 to find the household specific %i,t :
ση2 /2

%i,t = e

∆p ×

0
x1−γ
i,t


×

λγi,td

(1 − λi,t )

γ0 −γd

(γd − λi,t γ0 )
λi,t (1 − λi,t )

where

γd − λi,t γ0 = γ0

∆p
λi,t (1 − λi,t ) ,
2
cxi (xi,t , ση ) /eση /2
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−1
,

(23)

or alternatively,

%i,t =

1 1−γ0
γd −γ0
d
xi,t cxi (xi,t , ση ) λ−γ
.
i,t (1 − λi,t )
γ0

(24)

Intuitively, %i,t would be obtained by the non-linear growth rate after noise reduction
of x̃i,t , and βz will be naturally identified through the linear variations of zi,t .
Finally, ση would be identified through the variation of bunching of consumers at
the right hand side of kink points and the dispersion of the density of x̃i,t . Intuitively,
if ση = 0, for a given γd , the optimal choice would be exactly at the kink point for
some %s, which leads a bunching at the the kink points and we will not be able to see
any consumption in a certain area to the right of the kink point; on the contrary, if
ση is very large, we should hardly observe any bunching effect in the data. Therefore,
ση is de facto a measure of the bunching effect. A larger ση implies less bunching.
Moreover, with a sufficiently large ση , consumers will become less sensitive to the
marginal price,17 which refers to the situation described by Ito (2014). Then based
on the model’s predictions, we should observe x̃i,t = xi,t and all choices should be on
the left-hand side of the kink points.18 And the remaining gaps between (ln xi,t , λi,t )
and (ln xi,t , λi,t ) identifies γ0 .19
17

To understand this, image a consumer with a level of expected consumption “just a little bit over
the kink point” if the marginal price does not change. Now, assuming ση is very small, consumers
will be responsive to the change of the marginal price by precisely stopping any further consumption
before the kink point; however, if ση is very large, this implies that the consumer has little control on
where the actual consumption point will be. Consumer will then have limited capability to response
to any change of marginal price; instead, they will plan they consumption using average price.
18
We have to point out that it is impossible to identify η in a dataset without ToU pricing because
we can always find a %i such that xi,t (%i,t , ση = 0) derived from the model is equal to our observed
xi,t . With a mixture pricing system, given a level of xi,t also means that we have to observe the
corresponding λi,t (xi,t ). The λi,t we observe gives us additional constraints to help us identify ση .
19
We also provide a graphic sketche illustrating our identification strategy in Online Appendix E.
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4.2

Estimation Method

We describe the estimation method of the model in this section. In brief, our estimation of the model is consistent with the previous identification process. Compared
with the traditional estimation based on likelihood or GMM method, our method
has depicted a step-by-step road-map to avoid the “computation complexity” and
“overcomplicated and unwieldy models” discussed in Low and Meghir (2017).
Given (γ0 , ση ), we can obtain a moment estimator for γd as a function of γ0 and
ση , by using λi,t and xi,t :
(
γ̂d (γ0 , ση ) = γ0

n
T
n
T
1 XX
∆p X X λi,t (1 − λi,t )
λi,t
+
nT i=1 t=1 cxi (ση ) /eση2 /2 nT i=1 t=1

)
.

(25)

In the data, we only observe x̃. Therefore, we have to replace γ̂d by Ê (γ̂d |x̃):
(

∆p X X
E
nT i=1 t=1

(

∆p X X
nT i=1 t=1

γ̂S,d (γ0 , ση ) = γ0
≈ γ0

n

T

n

T

)

n
T
λi,t (1 − λi,t )
1 XX
|x̃i,t +
λi,t
2
nT i=1 t=1
cxi (ση ) /eση /2
!
)
S
n
T
1 XX
1X
λi,t (1 − λi,t )
+
λi,t
S s=1 cxi (x̃i,t /ηi,t,s , ση ) /eση2 /2
nT i=1 t=1



(26)
where the estimator is consistent when n, T and S go to infinity and

nT
S

goes to 0.

Once γ̂S,d (γ0 , ση ) is identified as a function of (γ0 , ση ), %i,t would be computed by:

1  1−γ0
γd −γ0
d
E xi,t cxi (xi,t , ση ) |x̃i,t λ−γ
i,t (1 − λi,t )
γ0
!
S
1
1X
γ̂S,d −γ̂0
d
(x̃i,t /ηi,t,s )1−γ̂0 cxi (x̃i,t /ηi,t,s , ση ) × λ−γ̂
≈
i,t (1 − λi,t )
γ̂S,0 S s=1

0
β%,z + ξi,t ,
= exp β%,0 + zi,t
(27)

%̂S,i,t = Eη (%i,t |x̃i,t ) =
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which further allows to estimate β as a function of (γ0 , ση ).
Therefore, we can estimate γ0 and ση by using a non-linear least square model:

1
min
(γ0 ,ση )∈(0,1)×R+ nT

n X
T
X
i=1 t=1







ln x∗i,t



(γ0 , ση , γ̂S,d , %̂S,i,t ) 
 ln x̃i,t  


−
λ∗i,t (γ0 , ση , γ̂S,d , %̂S,i,t )
λi,t

with Ωθ = Cov ln x̃ − ln x∗ , λi,t − λ∗i,t



2

(28)
Ωθ

(29)


where x∗i,t , λ∗i,t are the model predicted optimal value of xi,t and λi,t , and Ωθ is the

 

∗
 ln x̃i,t   ln xi,t (γ0 , ση , γ̂S,d , %̂S,i,t ) 
empirical variance of 
. Our M-estimator
−
λ∗i,t (γ0 , ση , γ̂S,d , %̂S,i,t )
λi,t
is basically a non-linear least square estimator by taking Mahalanobis distance. We
point out that we do not require that the empirical variance of ln x̃i,t − ln xi,t (γ0 , ση )
be closed to ση2 , although we admit this hypothesis in the model. Since the data
generation process cannot be fully captured by the model, the empirical variance of
ln x̃i,t − ln xi,t (γ0 , ση ) is usually greater than ση2 .
4.2.1

Heterogenous Preferences

In order to make our model more general, we also consider two additional potential
heterogeneous sources in our estimation, different levels of electricity demand %i,t and
different levels of consumption preference for day γd,i,t . Under the assumption that
ξi,t is known to consumers in advance, invisible to econometricians, we know that
if we can get the estimate of (γ0 , γd , ση ), by observing (x̃i,t , λi,t ), we would be able
to obtain %̂S,i,t = Eη (%i,t |x̃i,t ) and estimate β% = (β%,0 , β%,z )0 by the linear regression
model below:
0
ln %̂S,i,t = zi,t
β%,z + ξi,t .
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(30)

The equation above captures the unobserved heterogenous preferences in the total
electricity consumptions across individuals. It is useful when we estimate β% because
it only depends on the value of the %̂S,i,t as outcome variable. This means that we
do not have to estimate β% and (γ0 , γd , ση ) jointly. Once we have estimates of other
parameters, we can estimate β% separately outside of the objective function.
In the process of estimation, we find that if γd is fixed (i.e. γd remains unchanged
across consumers), then the choice of xi,t and λi,t should be exactly the same for users
with the same level of %. In the data, we only observe noised xi,t . When ση was fixed
and small, those data with a similar level of %i,t and x̃i,t but very different levels of λi,t ,
still cannot be fully captured by the model. On the other hand, it is more intuitive
that a fixed γd makes a portion of %i,t in our data impossible to be captured. Because
the first order condition restrains that for any interior solution of λ ∈ (0, 1), it should
satisfy:
γd − λi,t γ0 ≥ 0, and, γ0 − γd ≥ 0

(31)

With a fixed couple of (γ0 , γd ), there are always some values of λi,t in the data completely violate this condition. As a result, the fitted values of %i,t for those data are
less than or equal to 0, which means that the optimal choice of λi,t should also be 0.
This is apparently not consistent with the observed data, where we did not observe
any λi,t that equals 0. Therefore, there is some scope to identify γd through the data.
We give some further discussion on the identification conditions of γd and ση below.
4.2.2

Discussion about the trade-off between γd and ση

Theoretically, if the price jump between any two tiers in the IBP scheme is infinite,
for any %i,t and any γd,i,t we should observe a significant bunching exactly at the kink
point and no consumption occurs on the right-hand side of the kink point without
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the presence of consumption errors. Therefore, the observed consumption, if any, on
the right-hand side of the kink point will allow us to identify ση . In this vein, for a

given jump height ∆B and a given γd , there will be an interval I% (∆B , γd ) = %̄, %
so that when % is in this interval, the choice of consumption will just be on the kink
point, which produces bunching. Also, the significance of bunching is determined by
the jump height. However, since in reality we do not have an infinite price jump,
there are two variation sources that could explain the consumptions on the right of
the kink point: the idiosyncratic γd and the consumption error ση .
Due to the reason stated above, when γd becomes more flexible, the interval
I% (∆B , γd ) becomes narrower because of the increasing difficulty for us to find a
%i,t ∈ I% (∆B , γd ) that meets the bunching condition. Under an extreme condition
that both γd and % are composed of unobserved heterogeneous factors, ση couldn’t
be identified since all (x, λ) can be explained by (γd , %). This means that we have to
make a trade-off between a flexible γd and a smaller ση when estimating the model.
Therefore, we need to make further constraints on γd to keep ση identifiable.
In this paper, we assume that γd,i,t is heterogeneous and observable such that :
∆p
1
γd,i,t
,
=
2 /2 λi,t (1 − λi,t ) + λi,t =
0
σ
η
γ0
1 + exp wi,t
βw
cxi (xi,t , ση ) /e

(32)

where wi,t is a individual specific vectors that is exogenously given and affects individuals preferences for consumption of electricity during the day.
For each consumer i in period t, we have:

%̂S,i,t (γ0 , ση , γ̂d,i,t ) =

1
γ̂S,0

!
S
1X
−γ̂
1−γ̂S,0
(x̃i,t /ηi,t,s )
cxi (x̃i,t /ηi,t,s , ση ) ×λi,t d,i,t (1 − λi,t )γ̂d,i,t −γ̂0 .
S s=1
(33)
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We have to jointly estimate βw and (γ0 , ση ), and the objective function becomes:

min

0 ,γ ,σ )0
θ=(βw
0 η

1
nT

n X
T
X
i=1 t=1







ln x∗i,t



(γ0 , ση , γ̂S,d , %̂S,i,t ) 
 ln x̃i,t  


−
λ∗i,t (γ0 , ση , γ̂S,d , %̂S,i,t )
λi,t

2

.

(34)

Ωθ

The Equation 34 is a standard criterion function for an M-estimator. Based on
Wooldridge (1994), the asymptotic distribution of θ̂ by:
√






nT θ̂ − θ ∼ N 0, Hθ−1 (Jθ Jθ0 ) Hθ−1 ,

(35)

where Hθ would be calculated the hessian matrix of the objective function at θ̂ and
Jθ is the associated Jacobian matrix.
Compared to using first and second moments (i.e., GMM) to fit the data, our nonlinear least square estimator (NLLSE) is more sensitive to bunching. Furthermore,
since we do not make many assumptions about the probability distribution in our
model, it is most appropriate to employ the NLLSE.
As discussed above, only when the number of observations tends to infinity and
the price between the two tiers is extremely large, we can simultaneously guarantee
the identification of heterogeneous γd and ση . In practice, when the γd is fixed (i.e.,
0
wi,t
βw is a constant), the estimate given by the model gives an upper bound of ση .

As the number of observed factors in γd increases, the model will be more inclined
to use γd to fit the changes in the data, which will leads to the estimate of ση will
become smaller. To address this concern, we first to estimate the simplest model to
get the upper bound of ση , and gradually relaxed the constraints on γd by allowing
some degree of flexibility to find the best fit of the real data. When we find that the
bunching produced by the model fit (because σ̂η is smaller when γd becomes flexible)
exceeds that of the real data, we stopped imposing more heterogeneity on γd .
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Coefficient

Estimate

Standard deviation

p_value
0.00

γ0
0.48***
0.09
Heterogenous ToU Preferences γi,d
Intercept
-0.0015
0.43
1.00
Number of Elders
0.48
0.36
0.17
High Income
0.019
0.31
0.95
Number of Computers
-0.048
0.12
0.68
Number of TVs
-0.048
0.11
0.65
High Temp (log)
-0.18*
0.08
0.02
ση
0.18*
0.07
0.01
.
∗
∗∗
∗∗∗
Note: p < 0.1; p < 0.05; p < 0.01; p < 0.001.
The numerical asymptotic variances are calculated by using Bootstrap method20 ,
We choose 500 as the number of Bootstraps and each sample contained 400 observations.
Each sample should contain a certain number of observations near the kink point,
which means that each sample contains enough observations.
Table 3: Structural Parameters Estimation

5

Estimation Results

We present our model-based estimates in this section. We consider both observed and
unobserved heterogeneous factors in our estimates and results are reported in Table
3 and 4. The estimation shows that γ̂0 is 0.47 and σ̂η 0.17. Such result indicates
that the estimated consumption error is about 1.5% (i.e., exp(0.172 /2)). This result
remains statistically significant when we control consumers’ ToU preferences. Table
5 reports our estimates based on the basic structural model. When we do not allow
γd to change across residents and hold the daily and night consumption habits of
each user unchanged, our model can only capture the change of ln x̃i,t rather than
reasonably predict the value of λi,t . The estimation results show that the consumption
error should be between 1.5% and 5%.
After controlling for heterogeneous ToU preferences, we find that households with
more elders tend to spend more electricity during the day, because most of them
20

See Davidson and MacKinnon (2000).
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Dependent Variable: ln %̂i
Standard OLS
Coefficient

Estimate

Household Characteristics
Family Scale
Number of Elders
Number of Adults
House Area (log)
Number of Bedrooms
Electric Appliance
Number of Computers
Number of Fridges
Number of Air-Conditioners
Winter Heat
Cook Electric
Bath Electric
Number of TVs

Clustered by Families
Standard deviation p_value
p_value

-0.044**
0.048**
0.087***
0.088**
0.092***

0.015
0.015
0.015
0.031
0.014

0.0043
0.0018
1.23e-07
0.0046
4.48e-11

0.049*
0.018*
0.00017***
0.0026**
9.71e-11***

0.017*
0.12***
0.0053
0.085***
0.095***
0.063***
0.023*

0.0078
0.016
0.0097
0.015
0.013
0.012
0.0094

0.024
7.28e-13
0.58
3.65e-08
7.24e-12
3.79e-07
0.016

0.020*
2.2e-16***
0.61
9.25e-09***
6.57e-12***
9.30e-07***
0.013*

0.84
0.26

0.79
0.26

0.93
0.39
0.031
0.0012
2e-16

0.58
0.22
0.033*
5.60e-04***
2e-16***
YES
YES

Family Income

Low Income
0.0032
0.016
High Income
-0.030
0.027
Climate
Average Rain
1.26e-05
2.30e-04
Average Temp
-7.48e-04
6.37e-04
Average Humidity
0.0022*
0.0010
High Temp
9.45e-04***
2.74e-04
Intercept
1.91***
0.12
Monthly Fixed Effect
YES
Yearly Fixed Effects
YES
Number of observations
3040
R2
0.25
2
Adjusted R
0.24
Note: . p < 0.1; ∗ p < 0.05;∗∗ p < 0.01;∗∗∗ p < 0.001.
Table 4: Heterogenous Preferences Estimation
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p_value
γ0
0.41***
0.0026
0.00
γd
0.11***
0.015
0.00
ση
0.31***
0.0002
0.00
Note: . p < 0.1; ∗ p < 0.05;∗∗ p < 0.01;∗∗∗ p < 0.001.
Coefficient

Estimate

Standard deviation

Table 5: Basic Structural Parameters Estimation
are retired, and they consume relatively more electricity at home during the day.
For those families whose members may work outside the home during the day, they
have a steady demand and preference for electricity at night. In addition, we find
that household appliances have a positive effect on nighttime electricity demand because these appliances constitute the main entertaining and cooking activities of the
domestic household in the evening.
Table 3 further estimates the impact of our observed control variables on the
total electricity consumption needs. We find that our variables collectively account
for 25% to 26% of unobserved total consumption preferences. Household conditions
have a significant impact on the demand for electricity consumption; for example,
households with larger living area and more adults have a potentially higher demand
for electricity, and most appliances are positively and significantly correlated with
demand. Surprisingly, no significant correlation between income and demand is found
because the income effect has most likely been absorbed by a household’s living
and appliances conditions. Finally, we find that hot weather significantly increased
electricity demand while other variables, such as average temperature and humidity,
did not show a significant correlation: average weather conditions do not change
much for residents of the same city, and our fixed effects capture the effects of average
weather entirely.
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Figure 6: Model Predictions vs True Data

5.1

Predictability of the Basic Model

To prove that our structural model is very close to the general structure of the real
data, we compare the distribution of real data and the prediction in Figure 6. It is
worth mentioning that because our theoretical model simultaneously fits two continuous output variables, it is more difficult to find a good fit of the data with model
than most structural models (e.g., many discrete choice models) with only one output
variable. Since x∗i,t and λi,t are jointly determined, if the model does not follow the
underlying data generation process, it is highly unlikely that the prediction could fit
well the original data. As shown in 6 our model successfully predicted the bunching
at kink point x = 200 (and ln 200 = 5.29). After controlling for the heterogeneity
of consumers’ consumption preferences between day and night, as well as the heterogeneous overall consumption preferences, the final predicted consumption level and
ToU consumption distribution of the model are very close to the real data.
Nevertheless, we acknowledge that our basic model does not perfectly capture
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the changes in total consumption and time-of-use ratios around the kink point. In
particular, compared with the real distribution of lambda, our observed variables
cannot predict households that consume electricity “extremely intensively” during
the day or night, because these households might have “special” needs for electricity
consumption over a given period, and the variables that affect these particular needs
are hard to observe directly.

5.2

Fitting the Observations around the Kink Point

The method we talked about in Section 4 is theoretically feasible, especially as n × T
goes to infinity. However, in practice, there are not enough observations on the righthand side of the kink point. The fact that the objective function values averaged all
the observations will lead to an over-fit of observations outside of the kink point area.
As a result of our findings in Figure 6, ση might be underestimated, as the model
fitting appears strong bunching effect. Although Table 5 shows the estimate of ση
without allowing heterogenous γd (we can think of it as the upper bound of ση ), in
this subsection, we propose a way to check whether our previous estimate is robust.
The objective function that we introduce is more concerned with fitting the observations near the kink point (200 kWh), and we use the weighted average method
to make the observations near kink point worthy of higher importance than taking
the average. We consider the objective function below:

min

0 ,γ ,σ )0
θ=(βw
0 η

n X
T
X
i=1 t=1


ωit





ln x∗i,t



(γ0 , ση , γ̂S,d , %̂S,i,t ) 
 ln x̃i,t  

−

λi,t
λ∗i,t (γ0 , ση , γ̂S,d , %̂S,i,t )
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,
Ωθ

(36)

Coefficient

Old Estimate

New Estimate

Standard deviation

p_value
0.00

γ0
0.48***
0.58***
0.11
Heterogenous ToU Preferences γi,d
Intercept
-0.0015
1.65
1.42
0.25
Number of Elders
0.48
0.05
0.27
0.86
High Income
0.019
0.65*
0.31
0.04
Number of Computers
-0.048
-0.28*
0.13
0.03
Number of TVs
-0.048
-0.31
0.19
0.11
High Temp (log)
-0.18*
-0.28
0.18
0.12
ση
0.18*
0.31***
0.06
0.00
.
∗
∗∗
∗∗∗
Note: p < 0.1; p < 0.05; p < 0.01; p < 0.001.
The numerical asymptotic variances are calculated by using Bootstrap method21 ,
We choose 500 as the number of Bootstraps and each sample contained 400 observations.
Each sample should contain a certain number of observations near the kink point,
which means that each sample contains enough observations.
Table 6: Structural Parameters Estimation with Weighted Mean
where ωi,t is the weight of an observation from household i at time t. We have
n X
T
X

ϕ ((log x̃i,t − log (200)) /ση )
,
j,t0 ϕ ((log x̃j,t0 − log (200)) /ση )

ωit = 1, and, ωit = P

i=1 t=1

with ϕ the probability density function of a standard normal distribution. The Equation 36 can be also considered as an objective function for an M-estimator, so the
estimator is asymptotically normal and consistent. Figure 7 shows the prediction results from the weighted objective function. Since we add a weight function to the new
objective function, the function becomes more flexible, and the fitted values better
capture the changes of x and λ in the data.
We compare the estimation results under the two methods in Table 6. In general,
except for some numerical changes caused by different objective functions, the symbol
of the estimated results did not change. In particular, we found that when we paid
more attention to fitting near kink point, the estimation of ση returns to about 0.31,
21

See Davidson and MacKinnon (2000).
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Figure 7: Model Predictions with Weighted Objective Function vs True Data
which is almost identical to what we find before ( when ignoring the heterogeneity in
γd . The consumer is likely to suffer a consumption error of about 5%.

6

Counterfactual Policy Analysis

6.1

Shall We Increase/Decrease Prices?

The first question to answer is whether we should optimize the overall welfare of society by raising or lowering prices. Due to the complexity of the existing pricing system,
it is impossible to obtain a fixed price elasticity through simplified regression. The
advantages of the structural model enable us to simulate the changes in consumption
and welfare after price increases or decreases, and also to analyze the impact of price
changes on national enterprise income. Of course, we should also point out that our
assessment of social welfare may be biased, because we cannot observe the electricity
consumption of enterprises and businesses from the data.
We analyzed the impact of a price rise of 20% and a price decline of 50%, respec38

tively. In this counterfactual experiment, the price goes up or down over all times for
all tiers. We also take into account the cost of electricity, as China’s electricity generation is still dominated by carbon (64.7%). According to Lazard’s report (2018),22
we calibrate your average power generation cost approximately from 0.3 RMB/kWh
to 0.4 RMB/kWh, and for each cost level ∆p ∈ {−0.5, −0.49, ..., 0, ..., 0.49, 0.5}, we
compute the corresponding profit by

π c (∆p) = T otal Bill (p × (1 + ∆p)) − T otal Consumption (p × (1 + ∆p)) × c. (37)

Figure 8shows the results of counter-factual policy analysis. For different electricity marginal generation costs (0.3, 0.35 and 0.4 RMB), we calculate the marginal
impact of price increase on the total profit of the power plant. At the same time, we
also mark the corresponding loss in consumer welfare and total electricity demand.
We make some interesting findings. First, our current electricity pricing system is not
optimal for the firms, which makes sense since the state centrally manages China’s
electricity supply, and power plants receive generous state subsidies to provide power
at a lower price. Our counterfactual analysis shows that if power plants sought to
maximize their benefits, residents would pay at least 10%23 more for electricity than
they do now.
Second, from the perspective of maximizing social welfare, as policymakers, our
estimate also shows that the current pricing may not be socially optimal. If we set
the optimal pricing as the intersection of marginal profit growth of power plants and
marginal utility loss of consumers, then the government’s “optimal” decision depends
mostly on the marginal cost of power generation. If the marginal cost of generating
22

https://www.lazard.com/perspective/levelized-cost-of-energy-and-levelized-cost-of-storage2018/
23
At the inflection point of the red line.
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Figure 8: Impact of Price Changes on Social Welfare
electricity is 0.3 RMB, then the optimal pricing should be 13% lower than the current
price. If the cost of generating electricity is 0.4 RMB, then the optimal pricing should
be 37% higher than the current price. In particular, we find that if the marginal cost
of power generation is 0.35 RMB, then our current pricing is exactly the pricing that
maximizes social welfare.

Price Elasticity Measure Although we know that the price elasticity should be
non-constant, we still report the average price elasticity based on simulation in Table
7. The results of the model estimate are used to simulate the choice of household
electricity consumption under the current price system and the choice of household
electricity consumption when the price rises by 20%.24 We construct the output
24

We chose 20% instead of 1% because if the price fluctuation is too small, it could be ignored
by the numerical optimization algorithm. Therefore, we allow the price to change by 20%, which
means that our estimate of elasticity should be divided by 20. We have also tried to increase the
price by 10% and then do the regression, and the regression results obtained are almost the same as
in the case of 20%.
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variable based on the simulation results and perform regression

∆%xi,t =

x∆p=0
− x∆p=20%p
i,t
i,t
x∆p=0
i,t

,

(38)

with other control variables to predict price elasticity.
Our regression estimate based on the data simulated by the model shows that
the average price elasticity is -20.64; that is, for every 1% increase in price, the total
power demand will decrease approximately by 1%. At the same time, we find that
the price elasticity is highly heterogeneous across residents. The price elasticity of
households with more family members and high income would be relatively small,
while the price elasticity of households with elderly members or a larger family area
would be relatively high. It is quite natural that our average elasticity estimate
based on the model is lower than that estimated in other literature (e.g., Vaage
(2000), Bohi (2013)). On the one hand, electricity prices in China are much lower
than in other countries, which in itself makes price elasticity based on current price
estimates relatively small. On the other hand, our pricing system has two dimensions,
and consumers can always exploit the additional ToU dimension to “save” on their
electricity bills, which also makes the estimated price elasticity relatively small.

6.2

Shall We Relocate Kink Point?

The second question that we naturally seek to evaluate is: are the settings of tiers
reasonable and consistent with social optimal criteria? There are some unreasonable
points in the existing pricing system. For example, the kink point of the first tier is
in the place of 50 kWh of electricity. However, almost all households need to consume
more than 50 kWh of electricity every month. As a result, the current design may
not maximize social welfare. Therefore, we hope to study how to “optimize” the kink
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Dependent Variable: ∆%xi,t
Coefficient

Elasticity Estimate Based on 10% Price Changes
Intercept
Household Characteristics
Family Scale
Number of Elders
Number of Adults
House Area (log)
Number of Bedrooms
Electric Appliance
Number of Computers
Number of Fridges
Number of Air-Conditioners
Winter Heat
Cook Electric
Bath Electric
Number of TVs

Estimate

Standard deviation

p_value

-20.64***

2.34

< 2e-16

1.17 ***
-1.41***
-1.06***
-2.34***
0.10

0.27
0.27
0.82
0.55
0.24

1.94e-05
2.46e-07
0.00016
2.48e-05

0.03
-0.54.
-0.36*
0.78**
0.85***
0.08
0.48**

0.13
0.28
0.17
0.27
0.24
0.21
0.16

0.83
0.055
0.035
0.0043
0.00051
0.73
0.0044

0.36
0.98*

0.28
0.48

0.21
0.04

0.00
-0.01
0.01
0.00
YES
YES
3008
0.051
0.041

4.30e-03
0.011
0.018
4.72e-03

0.94
0.52
0.41
0.51

0.68

Family Income

Low Income
High Income
Climate
Average Rain
Average Temp
Average Sunshine
High Temp
Monthly Fixed Effect
Yearly Fixed Effects
Number of observations
R2
Adjusted R2
Note: . p < 0.1; ∗ p < 0.05;∗∗ p < 0.01;∗∗∗ p < 0.001.

Table 7: Price Elasticity Estimation Based on Structural Simulation

42

Figure 9: Impact of Kink Point Changes on Social Welfare
point’s selection through counterfactual analysis. To do this, we still chose to fix the
first kink point (because it does not affect consumer choice much), while panning the
second kink point in the pricing system to both sides (form 150kWh to 450kWh) and
analyzing the corresponding benefit changes.
Figure 9 shows the results of the counter-factual policy analysis. As above, we
calculated the theoretical value of optimal consumption for consumers based on the
model at each given kink point, as well as the factory profit changes under different
generation cost assumptions. Overall, our counterfactual policy simulation analysis
shows that the right move of kink point will bring significant benefits to consumers,
because the existing kink point (200kWh) is so unreasonable that many families need
to bear the third-tier pricing. In the meantime, it would also hurt firms which would
benefit from lower electricity bills for most households, even as overall consumption
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rose. Our simulation shows that the rate of profit loss will gradually stop when the
kink point is set at around 210kWh and turn the loss into a win. Therefore, if a
policymaker wants to maximize the welfare of the society, then reasonable choices
would be to choose kink point at 250 kWh if the marginal cost is 0.3 RMB, at 270
kWh if the marginal cost is 0.35 RMB, and at 300 kWh if the marginal cost is 0.4
RMB.

6.3

Is Mixing Always Better?

Through the above two counterfactual analyses, we know that a price rise will reduce
electricity consumption and reduce consumer welfare, while we also find that changing the pricing point (kink point) will stimulate more electricity consumption. The
concerns here is whether or not such a two-dimensional pricing scheme is consistent
with policy objectives. For example, if policymakers want to “save” overall household
electricity by moving the pricing point to the left, and increase the daytime electricity
rate, will we ultimately achieve the desired policy goal?
To better understand the potential concerns of such a mixed pricing system, we
examine the following in this counterfactual analysis. Supposing there is a policymaker who wants to “distribute” household electricity consumption more reasonably
by adjusting the price difference between day and night. The government thus decides
to raise the daytime electricity bills by 5% in the hope that this will lead residents
to reduce their daytime electricity consumption and allow industries to have more
electricity available during the day.
Figure 10 shows how the selection of different kink points under such a policy
affects day and night and total electricity consumption, as well as the relative changes
in residents’ total utility. The change of utility is calculated by the ratio of residents’
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Figure 10: Impact of Kink Point Changes on Electricity Consumption
total utility to the utility level at the current kink point (200kWh), and the calculation
of changes of electricity consumption is based on the prediction of the electricity
consumption under the simultaneous change of price and kink point, as well as the
consumption level under the original electricity consumption system.
Our counterfactual analysis gives an impressive illustration. Indeed, overall consumer welfare will improve as the kink point shifts to the right. An interesting finding
is that the fact that when we only increase daytime prices, this hurts both daytime
and nighttime electricity consumption. At the same time, we find that when the kink
point is more than 340 kWh, the volume effect caused by the IBP system is going to
dominate the price effect caused by the ToU system. As a result, despite the price
increase, the overall daytime electricity consumption is increased, as more consumers
could enjoy the Tier 2 prices.
The above analysis reveals that as policymakers, we need to be very careful in
setting policy according to targets under mixed prices. The IBP system and the ToU
system may jointly produce opposite effects and eventually make policy inefficient.
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Meanwhile, using both tools (price and block) at the same time to exert “pressure”
on consumers under such mixed pricing may also lead to unnecessary loss of welfare
due to excessive regulation.

7

Conclusion

For a long time, economists have been expecting to fill the gap between theory and
practice by understanding agents’ choices under non-linear pricing systems. Using a
rich and unique panel data of residents’ electricity consumption, we employ a structural approach to analyze the electricity consumption behavior under the existence
of a mixture of the two following pricing systems: the Increasing Block Pricing (IBP)
and the Time-of-Use (ToU) Pricing system.
The structural method provided in the paper not only captures the potential
bunching phenomenon in the data, but also better reflects residents’ heterogeneous
preferences for different time periods, and for their total electricity consumption. We
discuss in detail the identification conditions of the model parameters and provide
a simple and feasible estimation method, which enables us to obtain the estimation
results very quickly without requiring intensive computational power.
The structural estimates based on the observed samples are consistent with our
economic intuition. We find that the price elasticity is highly heterogeneous across
residents: on average, for every 1% increase in price, the total power demand will
decrease by approximately 1%. Our average elasticity estimate based on the model
is low because consumers can always “save” their electricity bills by adjusting their
spending at night under the coexistence of the IBP and the ToU system. In particular, the counterfactual analysis reveals that as policymakers, we need to be very
careful in setting policy according to targets under mixed prices. The IBP system
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and the ToU system may jointly produce opposite effects and eventually make policies inefficient. This also provide a justification for the theoretical prediction of the
multidimensional private information literature, where the price schedules will easily
have counterbalancing effects and lead to inefficient outcomes.
Of course, due to the data limitation, there is no price change involved in our
study. In future, if there is more abundant and more extensive data available, it
will support scholars in conducting further studies of the problems discussed in this
paper. An interesting future direction may be to combine factory cost data with data
on industrial and office electricity use in order to conduct more detailed and reliable
social welfare analysis. Indeed, our data only support the analysis of consumer welfare
and do not predict the impact of changes in pricing schemes on those businesses that
rely on electricity.
Another interesting future direction may be how to combine our current research
with other energy consumption. There is a mutual substitution between energies,
especially electricity and natural gas. The prices of other energy sources affect consumers’ decisions and choices about electricity consumption. Although the impact on
households may be much smaller than the impact on industrial energy inputs, from
a macro perspective, the government’s pricing decisions may depend on taking into
account all types of energy consumption at the same time. These questions are worth
exploring in future studies.
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Online Appendix
A

A Brief Literature Review

There are a number of papers that mainly discuss the effect of incremental step pricing
on the household’s consumption decisions based on the budget constraint along with
the kink point. Theoretically, earlier research by Taylor (1975) and Nordin (1976)
has pointed out that the electricity demand function becomes discontinuous under
decreasing block pricing and non-convex budget constraint set. As a result, the
marginal price only has an income effect on consumption. Billings and Agthe (1980)
later extended the setting to a more general incremental block pricing (IBP) case.
They found that the impact of a price increase on the consumer can be divided into
income and substitution effects. Thus IBP satisfies more diversified demands.
In terms of the econometric methodology, since we assume that consumers always
rationally optimize their decision, the traditional regression methods fail to capture
the simultaneous decision of both price and consumption. In order to solve these
problems, structural maximum likelihood estimation (SML) was introduced in the
literature (see for example, Moffitt (1986), Moffitt (1990) for the initial invention
and Herriges and King (1994) for its development in energy economy). Alternatively,
the discrete and continuous choice (DCC) approach was developed by Burtless and
Hausman (1978) and Hewitt and Hanemann (1995). The method adopts a two-step
optimization principle and the uniqueness of the internal solution under the IBP.
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DCC relies on the estimate the demand function under IBP, and has become the
mainstream methodology for the demand analysis under step pricing.
Empirically, there is a vast literature that has studied the impact of IBP on various
types of resident’s demand for energy supply, water supply and gas supply. However,
only a few have used micro-level data or structural estimation. Vaage (2000) using
the DDC approach calculated the energy price elasticity of Norwegian residents. He
found that the income elasticities have opposite signs under different groups. Yoo,
Lee, and Kwak (2007) estimated the price and income elasticity of electricity power
demand in Seoul and Olmstead, Hanemann, and Stavins (2007) used the householdlevel data in different states of the United States to estimate the short-term plasticity
and long-term elasticity of water use under the IBP. More recently, Borenstein (2012a)
studied the demand elasticity of US residents’ electricity consumption. Although the
conclusions drawn from this literature are different, they concluded that non-linear
pricing would be a potential course that urges the raise of demand elasticity.
The current policy evaluation of IBP has been well explored in both theoretical and empirical directions. Faruqui and Pfannensteil (2009) deduced the income
transfer payment based on the simulated American economic policy environment. He
determined the policy effect of IBP and its comprehensive optimality. Borenstein
(2012b) especially demonstrated the fairness effect. He emphasizes that it is crucial
to understand how energy efficiency will change societies’ consumption of energy,
which requires quantification of rebound. Reiss and White (2006) used compensation
variation and equivalent variation to analyze the pricing policy.
In terms of the gradual maturity of the theoretical framework, there has recently
beening an increasing number of empirical studies that evaluate the policy impact of
IBP using the reduced form approach. For example, in the water pricing, a residents’
water use will change with the change of climate, temperature and precipitation (see
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Balling Jr and Gober (2007)), and the price of water will also be adjusted according to
the change of demand. Nataraj and Hanemann (2011) used a regression discontinuity
design (RD) approach to estimate the effect of changing marginal prices in water.
Ito (2014) exploited price variation at spatial discontinuities in electricity service
areas, and found strong evidence that consumers respond to average price rather
than marginal or expected marginal price.
Apart from the IBP, a large number of papers have studied the demand response in
Time-of-Use pricing (ToU). Bohi (2013) summarized the elastic study of linear price.
Under ToU, Vaage (2000) calculated the price elasticity (mainly electricity) of the
energy of Norwegian residents, and find that it is -0.43 in the discrete-time and -1.29
in continuous time. Moreover, the existing literature also studies the income effect of
energy demand. Since electricity expenses only represent a small proportion of the
total income, most of the research points out that the income elasticity of electricity
demand is deficient.Hausmann, Kinnucan, and McFaddden (1979), Reiss and White
(2005), Ito (2014) all suggest that income elasticity is very weak or is effectively zero,
and that the heterogeneity of different income groups does not exist.
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B

Description of Questionnaire Collection

In our data, households are selected by random with a sampling scale of 500 households, and are extracted from the National Grid Database. Specifically, the data
information consists of two parts: one part is household monthly electricity consumption information, and the other part is household demographic characteristics.
The electricity quantity data used in this paper is from the Zhejiang power company, a subsidiary of the state grid. By cooperating with the state grid and signing
a data confidentiality agreement, the information can be obtained by removing the
household name (but keeping the family name). The sample period was 36 months
from January 2009 to December 2011. On this basis, we matched the obtained questionnaire information with the electricity consumption and electricity fee data in the
national grid database. A total of 137 questionnaires were collected, and 119 active
households were obtained after removing missing household samples, such as income
data. The household income information in this study is a survey, while the electricity
consumption information is a total of three years’ monthly data from 2009 to 2011.
Each of the sampled households will receive a letter in the mail, a questionnaire, a
short list of instructions, and a stamped addressed return envelope. The instruction
will inform the surveyed users that their data will be kept confidential and will not
be used for any commercial purposes, and the responding users will receive a phone
card with a face value of 50 RMB as a recompense.25 We show below the main content of the questionnaire manual received by the user.26 Our questionnaire contains
the following specific questions: (1) meteorological data: including temperature and
humidity, highest/lowest/average (2) population data: average family size (3) family
25

At the same time, consumers are free to choose operators to ensure that the phone card can be
directly used.
26
What we provide here is an English translation, and the original document received by the
residents is written in Chinese.
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housing area (4) appliance usage data: consumption of household durable goods (air
conditioners, refrigerators, television sets, microwave ovens, etc.); and (5) personal
income (including wages).

“Dear User:
In order to promote energy conservation, environmental protection and sustainable
development, we earnestly seek your cooperation and support in completing the attached family electricity consumption survey questionnaire. Our aim is to provide
decision support to the government in order to improve the range of pricing measures
available to the national Natural Science Foundation of China (grant no. XXX).
This survey is conducted with the support of the Chinese Academy of Social Sciences
Research Center of Regulation, Competition and Cooperation at the Jiangxi University of Finance and Economics Regulation and Competition Research center, in
XXX, XXX, XXX, XXX, XXX, XXX. We formally guarantee that the information
you provide in the survey questionnaire will only be used for this study, and your
personal information will not be disclosed at any time. Once you have completed a
valide survey questionnaire, and to thank you for your time and participation, we
will provide you with a phone card to the value of 50 RMB.
Upon completing the questionnaire, please return it to: XXX
Telephone: XXX E-mail: XXX
We will post the phone card to you according to the mailing address that we have
for you. Please confirm this address (even if you don’t need the gift, so that we can
confirm details on the questionnaire):
Recipient: __________, Addressee: __________.
If you would like to send your phone card to another person/address, please fill in
the new details below (the original address above still needs to be filled in, so that
we can confirms details on the questionnaire) :
Recipient: __________, Addressee: __________.
We look forward to working with you, and thank you for your cooperation in advance.
Yours faithfully
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Figure 11: Distribution Comparison (Initial Data v.s. Selected Sample)

C

Comparison of Sample Data with Census Data

In this section, we provide some comparisons of our initial and sample data, and we
examine whether our survey data is representative by comparing to the Census Data.
Figure 58 shows the distribution of total electricity consumption (x) and distribution
of time-sharing behaviour (λ) of our initial sample (5000 households) and the survey
sample (119 households). Overall, our survey sample presents a distribution consistent
with the initial sample. In comparison, the distribution of the total consumption of
the survey sample appears to be more central. At the same time, the ratio of the
outliers in the distribution of the consumption habits of the survey sample is slightly
higher than those in the initial sample.
We also want to know if the variables related to household data in our survey
sample are equally representative. However, our initial data does not contain any
family-related information, which is why we wish to obtain the relevant information
through the survey questionnaire. To verify whether our data is representative, we
compared the average of the variables in our survey sample with the sample mean
we obtained from Census Data of the city. We report the results in Table 59. In the
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Table 8: Comparison of Sample Data with Census Data

Sample Data (119 households)
Census Data
Variable
Mean SD
Min
Max
Mean
Household
Family Member
3.104 1.073 1.00
8.00
2.68
Characteristics Number of People (≥ 65)
0.74
0.86 0.00
2.00
Number of Adults (< 65, ≥ 18) 2.13
1.23 0.00
6.00
Hosing Area (m2 )
70.61 24.20 29.00 190.00
Number of Bedrooms
2.18
0.57 1.00
4.00
Electric
Computers
1.084 0.78 1.00
3.00
1.06
Appliance
Televisions
1.85
0.71 1.00
4.00
1.87
Air Conditioners
2.24
0.86 0.00
4.00
2.04
Refrigerators and Freezers
1.068 0.34 0.00
4.00
1.01
Microwave Ovens (Y/N)
0.74
0.43
0
1
0.73
Winter Heating (Y/N)
0.74
0.43
0
1
NA
Electricity for Cooking (Y/N)
0.69
0.46
0
1
NA
Electricity for Shower (Y/N)
0.75
0.43
0
1
NA
Family
Income < 8
0.53
0.49
0
1
8377.45 (RMB)
Income
8 ≤ Income < 15
0.37
0.48
0
1
(1000 RMB)
15 ≤ Income
0.093 0.29
0
1

last column of the table, we list the relevant Hangzhou family-related data (average
value) based on the 2012 statistical yearbook. We find that our sample mean is very
close to the average of the census. Our sample shows that only about 20% of families
have one or more children over the age of 18, which is lower than expected. Although
the Chinese government still adhered to the one-child policy at the time, according
to the data available, the ratio of family with children in Shanghai is 25%, so we
suspect that our sample may underrepresent families with children. One reason may
be that the census data includes both urban and township population data. The
ratio of families of townships with children is higher than that of urban households,
which may means that the our survey sample contains more observations of relatively
wealthy urban households.
Another potential concern is that our household survey data were obtained in
2012, while our original data on electricity consumption only covers from 2009 to
2011. Therefore we also consider whether the family-related data we get will change
over time. Table 61 checks the dynamics of these family-related variables. The
statistical results confirm our previous assumption that the households in our sample
generally fit the characteristics of the overall sample. Compared to the census data,
the families in our data are reasonably wealthy, in that they also own relatively more
electrical appliances. Moreover, the average number of household appliances has
slowly increased over time, and we believe that the main reason for this is because
the overall income level has increased over time. Rather than asking the exact family
income, our sample data simply divides household income into three categories (low,
medium and high). Since the monthly income of most families from 2009 to 2012 is
less than 8,000 RMB, we may conjecture that our data truly reflects the actual income
type. If the family income class in our sample did not change significantly during the
three years, we have enough reason to believe that, along with time fixed components
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Sample
Mean
3.10
0.74
2.13
70.61
2.18
1.084
1.85
2.24
1.068
0.74
0.74
0.69
0.75
0.53
0.37
0.093

Census 2009
Mean
2.68
NA
NA
NA
NA
0.84
1.81
1.79
0.99
0.69
NA
NA
NA
5496.46 (RMB)

Census 2010
Mean
2.68
NA
NA
NA
NA
0.89
1.85
1.86
1.00
0.71
NA
NA
NA
6110.18 (RMB)

Table 9: Check of Time-varying Family Characteristics

Variable
Household
Family Member
Characteristics Number of People (≥ 65)
Number of Adults (< 65, ≥ 18)
Hosing Area (m2 )
Number of Bedrooms
Electric
Computers
Appliance
Televisions
Air Conditioners
Refrigerators and Freezers
Microwave Ovens (Y/N)
Winter Heating (Y/N)
Electricity for Cooking (Y/N)
Electricity for Shower (Y/N)
Family
Income < 8
Income
8 ≤ Income < 15
(1000 RMB)
15 ≤ Income

Census 2011
Mean
2.69
NA
NA
NA
NA
1.03
1.84
2.01
1.00
0.72
NA
NA
NA
6942.67 (RMB)

Census 2012
Mean
2.68
NA
NA
NA
NA
1.06
1.87
2.04
1.01
0.73
NA
NA
NA
7716.17 (RMB)

and climates conditions, these family characteristics are enough to capture and explain
the changes in electricity consumption in the sample.
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D

Explore Empirical Correlations between Price and
Consumption

We look to reveal the relationship between electricity consumption and prices through
simplified regression models. To do this, we are inspired by the econometrics model
in Ito (2014). However, in our data, consumers not only need to choose their total
electricity consumption but also need to allocate this total electricity consumption to
different periods. At the same time, we cannot see the change of the price system in
the data, as in Ito (2014). Therefore, instead of employing a difference-in-difference
(DID) method and trying to exploring causality directly through regression, here we
only use regression models to reveal correlations between variables. The results of
our regression model do not represent any causal conclusions between variables. We
consider two regressions below:

0
x
ln xit = β1,x ln M Pi,t + β2,x ln APi,t + zi,t
βz,x + ηi,t
0
λ
λi,t = β1,λ ln M Pi,t + β2,λ ln APi,t + zi,t
βz,λ + ηi,t
,

(39)
(40)

where xi,t indicates an individual i’s monthly total electricity consumption, λi,t ∈ [0, 1]
represents the proportion of the electricity consumption during the peak (day) hours
and zi,t is a vector of variables including all household characteristics, household
appliances, income status, average climate conditions as described in Table 2, as well
as all components capturing the yearly and monthly fixed effects. We construct the
average price APi,t by using the total cost that i pays that time tdivided by her/his
total electricity consumption xi,t , and M Pi,t is constructed as the marginal price of
consuming one additional unit of electricity during peaking hours. We do not add
the marginal price of consuming electricity during valley hours because conditional
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on xi,t , the difference between peak and valley prices in our data is always 0.28 for
all tiers.
In our data, the price of residential electricity is entirely determined by the government and is not affected by demand or supply during the period we observe. This
means that the system of prices is pre-deterministic. Unlike Ito (2014), we cannot
add spatial geographic variables to our regression as an instrumental variable since all
of our data comes from the same city (Hangzhou). Therefore, although we observe
more variables related to household/family status, as well as electrical appliances,
we always have a positive correlation between price and consumption because of the
block pricing.
Estimation results are reported in Table 10 and 11. In each regression equation,
we have deleted some observations containing “NA” in the regression and gradually
include the various control variables in Table 2. Variables controlling the time fixed
effect contain monthly and yearly fixed components. We find that, after controlling for
as many variables as possible, the consumption of electricity is significantly positively
correlated with the average price and marginal price. This is because the users who
choose high power consumption demand must also pay a higher average price and
bear the higher marginal cost. In our data, choosing marginal costs means choosing
consumption levels.
The above regression result shows that it is almost impossible to identify the relationship between price and electricity consumption using a reduced regression method
with our data. In this paper, we also have tried a tentative instrumental variable (IV)
method to explore the relationship between price and electricity consumption in our
data. We consider the equation below:

0
x
ln xi,t = βT C ln T Ci,t + zi,t
βz,x + ηi,t
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(41)
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(2)

(3)

(4)

(5)

(6)

Table 10: Regression Results (Total Electricity Consumption)

ln APi,t
0.051
0.051
0.14∗
0.14∗
0.13.
0.35∗∗∗
(Average Price)
0.067
0.067
(0.072)
(0.072)
(0.072)
(0.079)
ln M Pi,t
7.99∗∗∗
7.85∗∗∗
7.71∗∗∗
7.72∗∗∗
7.68∗∗∗
7.19∗∗∗
(Marginal Price)
(0.11)
(0.11)
(0.11)
(0.11)
(0.11)
(0.14)
Household Characteristics
X
X
X
X
X
Electricity Appliance
X
X
X
X
Family Income
X
X
X
Average Climate
X
X
Time Fixed Effect
X
R2
0.64
0.65
0.66
0.66
0.67
0.68
2
Adjusted R
0.64
0.65
0.66
0.66
0.67
0.68
.
∗
∗∗
∗∗∗
Note: p < 0.1; p < 0.05; p < 0.01; p < 0.001.
We deleted some observations containing “NA” in the regression and the final sample contains 3,040 observations.
In the control variable, we include gradually added the various control variables in Table 2.
Variables controlling the time fixed effect contain monthly and yearly fixed components.

(1)

Log of Total Electricity Consumption ln xi,t

Dependent Variable:
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(2)

(3)

(4)

(5)

(6)

Table 11: Regression Results (Peak Consumption Ratio)

ln APi,t
1.58∗∗∗
1.58∗∗∗
1.58∗∗∗
1.58∗∗∗
1.57∗∗∗
1.57∗∗∗
(Average Price)
(0.0037)
(0.0039)
(0.0039)
(0.0041)
(0.0043)
(0.0043)
ln M Pi,t
−0.31∗∗∗
−0.31∗∗∗
−0.30∗∗∗
−0.30∗∗∗
−0.31∗∗∗
−0.27∗∗∗
(Marginal Price)
(0.060)
(0.0060)
(0.059)
(0.059)
(0.0063)
(0.0063)
Household Characteristics
X
X
X
X
X
Electricity Appliance
X
X
X
X
Family Income
X
X
X
Average Climate
X
X
Time Fixed Effect
X
R2
0.98
0.98
0.98
0.98
0.98
0.98
2
Adjusted R
0.98
0.98
0.98
0.98
0.98
0.98
.
∗
∗∗
∗∗∗
Note: p < 0.1; p < 0.05; p < 0.01; p < 0.001.
We deleted some observations containing “NA” in the regression and the final sample contains 3,040 observations.
In the control variable, we include gradually added the various control variables in Table 2.
Variables controlling the time fixed effect contain monthly and yearly fixed components.

(1)

Difference of Peak Consumption Ratio λi,t

Dependent Variable:

c
ln T Ci,t = γ0 + γλ ln λi,t + ηi,t
,

(42)

where T Ci,t is the total cost that a resident i pays at time t and T Ci,t can be directly
calculated from the data based on the pricing system. The idea of the above equation is to use λi,t as a potential instrument by assuming that a resident’s electricity
consumption allocation (day and night) is not directly correlated with her/his total
electricity consumption. This assumption is difficult to satisfy in most cases because
electricity prices are different during the day and at night. People are likely to change
their electricity allocation behavior at different times according to their consumption
preference for day and night, and total electricity consumption. In Section 3, we further analyzed residents’ consumption behavior through a structural model and find
that, when utility function is homothetic, λi,t can be regarded as an valid instrument.
Table 12 regression results are by using λi,t as the instrumental variable. We find
that adding λi,t as an instrument, although it corrects the sign of price coefficient
(βT C ), it also makes estimations become almost insignificant. Moreover, we find that
after gradually adding other control variables, the estimated coefficient becomes very
unstable, which means that λi,t is likely to be related to other invisible variables that
affect ln xi,t , and our assumption that the demand function is homothetic should not
be satisfied.
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(2)

(3)

(4)

(5)

(6)

Table 12: Tentative IV Regression Results (Total Electricity Consumption)

ln T C
−0.69.
−0.75∗
−0.97.
−0.94.
−1.10.
−0.00061
(Total Cost)
(0.36)
(0.38)
(0.51)
(0.50)
(0.58)
(0.14)
Household Characteristics
X
X
X
X
X
Electricity Appliance
X
X
X
X
Family Income
X
X
X
Average Climate
X
X
Time Fixed Effect
X
2
R
−1.91
−1.94
−2.51
−2.40
−2.89
0.26
Adjusted R2
−1.91
−1.94
−2.52
−2.42
−2.91
0.25
Note: . p < 0.1; ∗ p < 0.05;∗∗ p < 0.01;∗∗∗ p < 0.001.
We deleted some observations containing “NA” in the regression and the final sample contains 3,040 observations.
In the control variable, we include gradually added the various control variables in Table 2.
Variables controlling the time fixed effect contain monthly and yearly fixed components.

(1)

Log of Total Electricity Consumption ln xi,t

Dependent Variable:

E

Identification Sketch

Figure 12 illustrates a sketch of our identification strategy. We use different colors
and curves to indicate the identification source of different parameters.

Figure 12: Sketche of Identification
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