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Abstract

High-frequency panel data sets, where outcomes and regressors are observed at a daily

or hourly frequency, are increasingly available in environmental and resource economics. To

understand the potential gains from these richer datasets, this paper compares fixed effects

estimators using high-frequency data with those using temporally aggregated data. We pro-

vide a set of conditions under which both estimators are consistent for the same parameter.

Three departures from these conditions are: (1) response heterogeneity at the high-frequency

dimension, (2) differential response to high- and low-frequency variation in the regressor, (3)

nonlinearities in the relationship between the high-frequency outcome and regressor. Under

these alternative conditions, the two estimators converge to different probability limits. In gen-

eral, we recommend that empirical researchers think carefully about the features of the “true”

high-frequency outcome equation to understand the effects of high-frequency data and tem-

poral aggregation. We illustrate our results using an application to the energy-temperature

relationship.

*The online appendix to this paper is included at the end of this document.



1 Introduction

The availability of high-frequency panel data is a recent development in environmental and re-

source economics. These data sets offer empirical researchers greater flexibility in modeling the

relationships between outcomes and treatment variables of interest. They also allow empirical

researchers to revisit questions examined in previous literature using lower frequency data. The

extent to which high-frequency datasets can provide more robust causal estimates relative to those

obtained from lower frequency data remains unclear, however. The goal of this paper is to pro-

vide a formal analysis of the relationship between the estimates obtained from low- and high-

frequency panel data. This analysis not only provides guidance to the empirical researcher using

those datasets, but is also important to formally compare existing estimates in the literature using

low-frequency data with estimates obtained from these newer datasets.

To motivate our analysis empirically, consider regressions of residential energy consumption

on temperature performed at different aggregation levels. We use data on hourly electricity con-

sumption at 4,877 premises over two consecutive summers. The temperature coefficient represents

the additional electricity used when the temperature increases, most of which would be consumed

by air conditioning. Improvements in energy efficiency should reduce this coefficient because it

takes less energy to cool a house if it is better insulated or if the air conditioner is more efficient.

Table 1 shows that aggregating from the hourly to the monthly level increases the coefficient esti-

mates by up to 60%. When aggregating to the annual level, the temperature coefficient is negative

and it is not statistically significant.

Table 1: Temperature-Energy Regression using Different Aggregation Levels
Dependent Variable: Residential Energy Consumption (kWh/hr)

Hourly Daily Monthly Annual

(1) (2) (3) (4) (5) (6) (7) (8)

Temperature 0.0367 0.0447 0.0448 0.0411 0.0581 0.0587 0.0522 -0.0138
(14.94) (14.84) (14.83) (10.63) (15.95) (15.37) (5.75) (-1.01)

Unit FE UnitxHour Unit Unit Unit Unit Unit Unit Unit
Time FE YearxMonthxHour None Year YearxMonth None Year Month None

#Obs 35816464 1492359 1492359 1492359 48770 48770 48770 9754
Notes: The above regressions are performed using hourly electricity consumption (kWh) at 4,877 premises in the
Central Valley of California between May and September of 2012 and 2013. We use average daily temperature
at the Sacramento International Airport. For additional details on the data, see Section 5.1. The t-statistics in the
parentheses are computed using cluster-robust standard errors with year-by-week clusters.
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These differences are substantive — a 60% difference in the amount of energy used for cooling

is far beyond what any existing energy efficiency program can achieve. Novan et al. (2017) exam-

ine the effectiveness of the 1978 California building codes in reducing the energy used for cool-

ing. Because energy consumption for cooling necessarily varies by temperature, they measure the

effect of this policy on energy consumption conditional on temperature, i.e. heterogeneous treat-

ment effects by temperature. They estimate that the building codes decreased the slope coefficient

on temperature by 6.5%.1 This reduction was sufficient for the building codes to pass a cost benefit

test, and it is much smaller than the difference between the hourly and daily estimates in Table 1.

Novan and Smith (2017) find that a new air conditioner reduces the slope on temperature in the

energy consumption equation by at most 15% depending on the hour of the day.2 The differences

shown in Table 1 are hence large relative to the expected effects of energy efficiency policies and

clearly illustrate that the coefficient estimates are not robust to the level of aggregation. This leaves

us with the following question: which of these coefficient estimates is consistent for the effect of

temperature on energy consumption? And, more importantly, why?

We start with a simple high-frequency fixed effects model in which the regressors are strictly

exogenous and the response is homogeneous across units and time. In this setting, using low-

or high-frequency data would yield an estimator that is consistent for the parameters of inter-

est. Even in this simple setting, however, the fixed effects estimator using high-frequency data

remains consistent under a weaker (than strict) exogeneity assumption. In practice, however, out-

comes may have strong temporal components and therefore the response of the outcome, e.g.

energy use, to a regressor of interest, such as temperature, may vary depending on the time of

day. Furthermore, energy consumed by a specific household in a given hour may not only de-

pend on contemporaneous temperature, but also on temperature in recent past hours as well as

predicted temperature in subsequent hours. In these cases, we expect high-frequency data to have

advantages over more aggregate data.

The inconsistency of fixed effects estimators for the average treatment effect in the presence

1Figure 5 in Novan et al. (2017) shows that daily consumption increases by 23kWh for an 80− 62 = 18◦ increase in
temperature, which implies a slope of 23/18 = 1.27. The figure also shows that the post-building-code slope decreases
to 21.5/18 = 1.19, which is about a 6.5% reduction.

2Figure 3 in Novan and Smith (2017) shows a reduction of 0.5kWh for a 85− 70 = 15◦ increase in temperature,
which implies a reduction in slope of 0.5/15 = 0.033 in that hour. They do not report the slope coefficients, but this is
about 15% of the slope in that hour.
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of unit-specific response heterogeneity is by now well-established in the literature and has been

documented in numerous studies (Chernozhukov et al. (2013, Theorem 1), Gibbons et al. (2019),

de Chaisemartin and d’Haultfoeuille (2019)). The probability limit of the fixed effects estimator in

this setting equals a variance-weighted average of the individual-specific coefficients. We examine

the inconsistency of fixed effects estimators using aggregated data, when response is temporally

heterogeneous at the high-frequency level. In our energy example, this corresponds to hourly

response heterogeneity. We find that the probability limit of the fixed effects estimator using the

aggregate data is a weighted average of the hourly slope coefficients, where the weights given

an hourly coefficient equals the sum of the covariance of the corresponding hour’s regressor with

all other hourly regressors within the same day. Unsurprisingly, the fixed effects estimator using

high-frequency data that imposes a homogeneous slope converges to a variance-weighted aver-

age of the hourly coefficients. We also derive the results for the case where we have response

heterogeneity at the unit-hour level.

Since fixed effects models in economics are primarily used in low-frequency data settings, such

as annual data, the more commonly used regression models solely incorporate contemporaneous

regressors. However, in the context of high-frequency data, we may expect the outcome at a

given point in time to not solely depend on the contemporaneous regressor but also on its lags.

While there are different possibilities to model this relationship, we focus on a popular model that

includes a moving average of the regressor in addition to the contemporaneous regressor. In this

case, we illustrate that the fixed effects estimator using aggregate data converges to a combination

of the coefficient on the contemporaneous regressor and its moving-average. With high-frequency

data, disentangling the response to the contemporaneous regressor from its moving-average or

lags is straightforward assuming the features of that relationship are known.

We also highlight two additional benefits to high-frequency panel data. First, high-frequency

data allow the empirical researcher greater flexibility to account for potential omitted variables

through different fixed effects specifications. We further document an interesting robustness prop-

erty of estimators using high-frequency data relative to those using low-frequency data. They

specifically tend to have smaller inconsistencies due to low-frequency omitted variables.

This paper contributes to the econometrics literature on fixed effects panel models and points

to its empirical relevance. The inconsistency of (one-way) fixed effects estimators in the presence
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of response heterogeneity and its convergence to a variance-weighted average of the heteroge-

neous parameters was shown in Chernozhukov et al. (2013, Theorem 1) and its empirical relevance

clearly illustrated in Gibbons et al. (2019). More recently, the properties of two-way fixed effects

estimators have been examined in recent work (de Chaisemartin and d’Haultfoeuille, 2019; Call-

away and Sant’Anna, 2019). While the previous papers examine unit response heterogeneity in

standard panel settings, this paper examines high-frequency panel settings allowing for response

heterogeneity at the high-frequency temporal dimension as well as at the unit level.

Our results are relevant for the energy efficiency literature. While a large proportion of this lit-

erature (for a review see Gillingham et al., 2018) relied on monthly billing data (e.g. Zivin and No-

van, 2016; Levinson, 2016; Fowlie et al., 2018), the adoption of smart-meter technology increased

the availability of hourly data in recent years (Novan and Smith, 2017; Boomhower and Davis,

2019; Burlig et al., 2019). These new datasets allowed the literature to provide a deeper under-

standing of the benefits of energy efficiency upgrades. For instance, since the impact of energy

efficiency programs can depend on energy prices or temperature, recent work using hourly data

examine the effect of these programs conditional on energy prices or temperature (Novan and

Smith, 2017; Boomhower and Davis, 2019). This paper formalizes the benefits that the hourly

data sets provide in terms of accounting for response heterogeneity and other features of the

high-frequency outcome equation that low-frequency estimates could not capture. In addition,

the theoretical analysis provided here enables us to compare the different estimates of the impact

of energy efficiency programs available in the literature, obtained from high- and low-frequency

data.

High-frequency data are increasingly available in other empirical settings in environmental

and resource economics. Recent work examining the impact of behavioral interventions on water

consumption exploit high-frequency water metering data (Jessoe et al., 2019). In a different con-

text, Langer and McRae (2017) document the effect of the number of stops as well as idle time per

stop on fuel consumption relying on unique real-world driving data collected by the University of

Michigan Transportation Research Institute. The high-frequency dimension in this dataset is ev-

ery tenth of a second. A long literature studies, using daily data, the impact of weather conditions,

such as cloud cover, on stock returns (e.g. Saunders, 1993; Hirshleifer and Shumway, 2003). Recent

work using higher frequency data (Chang et al., 2008) points to new insights on these previous
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findings. For instance, Chang et al. (2008) find that the impact of cloud cover on stock returns,

while negative as documented in previous work, is only significant in the first 15-minute interval

of the trading day.3

Before we proceed, several caveats are in order. This paper focuses on the advantages of high-

frequency data with a focus on consistently estimating objects of interest. While a discussion of the

potential “bias-variance” trade-off in this context is important, it is beyond the scope of this paper.

Another important disclaimer to the reader is that to simplify the illustration of our results and

the key intuition behind them we work with the linear fixed effects model with a scalar regressor.

However, the results have implications for more general models as we discuss in the following

section. Finally, we illustrate our analytical results using the energy-temperature relationship.

2 Structural Functions, Potential Outcomes and Objects of Interest

We develop our theory in the context of the application in Table 1. Let Yith and Xith denote the out-

come and treatment variable of interest, where i refers to the premise, t refers to the low-frequency

dimension and h the high-frequency dimension. Without imposing any further restrictions, we

can write Yith as a fully nonseparable function of Xith and unobservables εith, which can include

“fixed effects”,

Yith = f (Xith, εith). (1)

Using this structural function, we can define the potential outcomes,

Yith(x) = f (x, εith), (2)

average partial effects (APEs),

E[Yith(x′)−Yith(x)] =
∫

( f (x′, e)− f (x, e))dFεith(e), (3)

3One of the specifications considered in Chang et al. (2008) allows for stock fixed effects as well as stock-specific
slope coefficients in the high-frequency equation similar to (13).
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as well as average marginal effects (AMEs),

E
[

∂Yith(x)
∂x

]
=
∫

∂ f (x, e)
∂x

dFεith(e), (4)

assuming appropriate regularlity conditions. Previous work establishes, under time homogeneity

or correlated-random-effects-type restrictions, that APEs and AMEs for the population are not

point-identified nonparametrically from models that are fully nonseparable in observables and

unobservables (Altonji and Matzkin, 2005; Bester and Hansen, 2009; Chernozhukov et al., 2013;

Hoderlein and White, 2012; Ghanem, 2017).4 Point-identification of APEs and AMEs remains

possible for specific subpopulations, however.

To avoid these abstract identification issues, consider the case where the structural function is

separable in Xith and εith,

Yith = m(Xith) + εith. (5)

Noting that the separability of this structural function essentially implies homogeneous response,

it is unsurprising that APEs and AMEs are functions of m(.) only. Specifically, the APE in this case

is defined as

E[Yith(x′)−Yith(x)] = m(x′)−m(x), (6)

as well as average marginal effects (AMEs),

E
[

∂Yith(x)
∂x

]
=

∂m(x)
∂x

. (7)

Hence, the identification of m(.), which we will refer to as the response function, would allow us

to identify APEs and AMEs for the entire population. It is important to note that the identifica-

tion of m(.) is straightforward assuming an appropriate fixed effects specification and exogeneity

assumption. For instance, consider the following two-way fixed effects model adapted to high-

4Assuming a scalar εith and monotonicity of the structural function in εith, Altonji and Matzkin (2005) show the
nonparametric identification of the structural function and the distribution of εith. Other results pertaining to the
identification of APE- and AME-type objects do not assume this monotonicity restriction and allow εith to be a finite-
dimensional vector.
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frequency data,

Yith = m(Xith) + αih + λth + uith. (8)

We can point-identify m(.) nonparametrically assuming sufficient regularity conditions and strict

exogeneity E[uith|{Xi.`, αi`}H
`=1] = 0, where Xi.h ≡ {Xith}T

t=1. We use this two-way fixed effects

model in most of the paper, but we note that high-frequency data allow the researcher to consider

alternative fixed effects specifications as we discuss in Section 4.3. More generally, the response

function may be heterogeneous across h as well as i and h, specifically

Yith = mh(Xith) + αih + λth + uith, (9)

Yith = mih(Xith) + αih + λth + uith. (10)

Note that mh(.) (mih(.)) can be viewed as a nonseparable function of Xith and h-specific (i- and

h-specific) unobservables that determine the heterogeneity in the response. The nonparametric

identification of mh(.) is straightforward following the previous arguments regarding the identifi-

cation of m(.). Since mih(.) is essentially a nonseparable model of individual specific observables

and unobservables, population averages of mih(.) will suffer from similar identification issues as

fully nonseparable models.5

To simplify illustration, we consider the linear counterparts of (8)-(10) with a scalar regressor

in the following analysis,

Yith = Xithβ + αih + λth + uith, (11)

Yith = Xithβh + αih + λth + uith, (12)

Yith = Xithβih + αih + λth + uith, (13)

where the response heterogeneity is incorporated by allowing for heterogeneity in the slope coef-

ficient. The objects of interest, β, βh, and E[βih], correspond to the APE of a one-unit change and

5To see this, if we start from the fully nonseparable model, Yith = f (Xith, εith), and assume time homogeneity similar

Chernozhukov et al. (2013), εith|Xi.h
d
= εi1h|Xi.h, then E[Yith|Xi.h] =

∫
f (Xith, e)dFεi1h (e|Xi.h), which is constant across t

but varies across i and h. Hence, we can define mih(Xith) as the conditional mean function of Yith, which would yield
(10) assuming a two-way fixed effects structure in the error term.
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to the AME.

Linearity is a restrictive assumption, but it allows us to provide an intuitive presentation of

the key issues at hand, which can extend to some nonlinear models. Specifically, our results are

relevant to a broader class of response functions that are nonlinear in the regressor but linear in

the parameters, such as splines (see Remark 3 for a detailed discussion). In such models, the APE

and AME may vary with x. Hence, the results pertaining to (11)-(13) extend to m(.), mh(.) and

mih(.), respectively, that can be represented by splines or other flexible functions that are linear in

a finite-dimensional parameter vector. Specifically,

Yith = g(Xith)
′β + αih + λth + uith, (14)

Yith = g(Xith)
′βh + αih + λth + uith, (15)

Yith = g(Xith)
′βih + αih + λth + uith, (16)

where g(x) is a finite-dimensional known function of x.

3 When are there no “identification” gains from high-frequency data?

In this section, we provide a set of conditions under which fixed effects estimation with high- and

low-frequency panel data would be consistent for the same parameter and hence there would be

no gains from the availability of high-frequency data in terms of the identified object of interest.6

The efficiency of the estimators may differ across frequencies, but that is not the focus of this paper.

Consider a linear, homogeneous-response function, a scalar regressor, and a two-way fixed

effects design,

Yith = Xithβ + αih + λth + uith, (17)

where i denotes the individual, t the low-frequency dimension and h the high-frequency dimen-

sion. To simplify the exposition, we will use day and hour to refer to the low- and high-frequency

6The term “identification” is used differently in the econometrics literature and the applied microeconomics litera-
ture. In the econometrics literature, a parameter is point identified if it can be recovered uniquely from the data in the
population. We use the term in this way in Section 2. In the applied literature, a parameter is often said to be identified
if the chosen estimator consistently estimates it. In the heading to this section, we use “identification” in the sense from
the applied literature, which is why we put it in quotations.
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dimension, t and h, respectively. The above fixed effects specification controls for individual-hour

and day-hour fixed effects. While the resolution of the time fixed effects in the above model may

be too fine for practical purposes, the results extend easily to coarser time fixed effects such as

year-by-month-by-hour as we illustrate in Section 5.

We study the difference between estimators of β obtained from this model and those from

estimating the analogous model with daily data. Throughout, we refer to the high-frequency

model as ‘hourly’ and the low-frequency model as ‘daily’, but our results generalize to any level

of aggregation. In many settings, the relevant high-frequency data may be daily and the low-

frequency, or aggregated, data may be monthly or annual. In Section 4, we generalize the model

to allow for heterogeneity by hour in the response parameter, differences in the response to high-

and low-frequency variation in X, different fixed effects, and omitted variables.

Because the fixed effects in (17) can vary by hour, the parameter of interest is identified from

high-frequency variation in Xith. Specifically, β quantifies the response to X values that differ

from the average across days for that individual in that hour and the average across individuals

for that hour in that day. Aggregating to the daily level changes the fixed effects specification; we

cannot include individual-by-hour or day-by-hour fixed effects if we only have daily data. The

aggregated model is:

Ȳit. = X̄it.β + ᾱi. + λ̄t. + ūit., (18)

where Ȳit. ≡ ∑H
h=1 Yith/H and X̄it. ≡ ∑H

h=1 Xith/H.

Before we examine the advantages of high-frequency data, we first consider the set of condi-

tions under which the high- and low-frequency estimators are consistent for the same parameter.

For a random variable Zith, we use the following notational conventions, Z̄i.h ≡ ∑T
t=1 Zith/T, Z̄.th ≡

∑n
i=1 Zith/n, Z̄..h ≡ ∑T

t=1 Z̄.th/T. The overall average of Zith will be denoted by Z̄ = ∑H
h=1 Z..h/H.

For brevity, we will use ∑i, ∑t, ∑h, ∑i,t, ∑i,t,h, and ∑t,h in lieu of ∑n
i=1, ∑T

t=1, ∑H
h=1, ∑n

i=1 ∑T
t=1,

∑n
i=1 ∑T

t=1 ∑H
h=1, and ∑T

t=1 ∑H
h=1, respectively.

Estimating β using the high-frequency data with two-way fixed effects at the hourly level
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yields the following estimator,

β̂HF =
∑i,t,h(Xith − X̄i.h − X̄.th)Yith

∑i,t,h(Xith − X̄i.h − X̄.th)2 = β +
∑i,t,h(Xith − X̄i.h − X̄.th)uith

∑i,t,h(Xith − X̄i.h − X̄.th)2 , (19)

where the above decomposition follows from assuming without loss of generality X̄..h = Ȳ..h = 0

for h = 1, . . . , H, which we impose for the remainder of the paper. To avoid lengthy derivations

in the paper, the derivation of the above equality and subsequent results as well as proofs of

theorems are given in Section A.

The two-way fixed effects estimator of the slope coefficient using the aggregated data can

similarly be decomposed as follows,

β̂LF =
∑i,t(X̄it. − X̄i.. − X̄.t.)Ȳit.

∑i,t(X̄it. − X̄i.. − X̄.t.)2 = β +
∑i,t ∑h ∑`(Xith − X̄i.h − X̄.th)uit`

∑i,t (∑h Xith − X̄i.h − X̄.th)
2 . (20)

The last term shows that correlation between the X variable in one hour and the error in another

hour plays an important role in the value of β̂LF. We show in Theorem 1 below how this term

affects the estimator.

The following theorem provides sufficient conditions for the consistency of the fixed effects

regression estimators, β̂HF and β̂LF. We follow the convention in the cross-sectional (fixed-T)

panel setup (Wooldridge, 2002), where n → ∞ while holding T and H fixed. We impose the

cross-sectional i.i.d. assumption, while leaving the dependence and heterogeneity across the time

dimensions unrestricted.7

Theorem 1 Assume (17), the cross-sectional i.i.d. assumption, E[(Xith − X̄i.h − E[Xith])
2] < ∞ ∀t, h

E
[
∑t (∑h(Xith − X̄i.h − E[Xith]))

2
]
> 0.

(i) If E[uith|{Xi.`, αi`}H
`=1] = 0 ∀h, as n→ ∞

β̂LF
p→ β,

β̂HF
p→ β.

7Our results require that a law of large numbers holds in the cross-section, so the i.i.d assumption is much more
restrictive than necessary. We make this assumption to keep the theorems and notation as simple as possible.
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(ii) If instead E[uith|Xi.h, αih] = 0 ∀h, as n→ ∞

β̂LF
p→ β +

∑t ∑h ∑` 6=h E[(Xith − X̄i.h − E[Xith])uit`]

E[∑t(∑h(X̄it. − X̄i.. − E[Xith]))2]
,

β̂HF
p→ β.

where the first result further requires E[u2
ith] < ∞ for all t, h and `.

The above theorem shows that both estimators are consistent if the hour-specific error uith is mean

independent of, not just the X value for the contemporaneous hour, but the X values for that

individual across all hours. However, if we require that uith is mean independent of only the

contemporaneous Xi.h, then the low-frequency estimator may not be consistent.8 For example, if

consumers respond to current and lagged temperatures, then current-hour consumption depends

in part on the temperature in a previous hour, which implies that the error in one hour is correlated

with the X value in a previous hour. In such a case, the low-frequency estimator is not consistent

for the contemporaneous response.

The following remarks point to several important connections of the above results to finite-

sample properties of the estimators, alternative fixed effects specifications and possible nonlinear-

ities in the response function.

Remark 1 (Unbiasedness) If E[uith|{Xi.`, αi`}H
`=1] = 0 and we have cross-sectional independence, then

E[β̂LF] = E[β̂HF] = β assuming additional regularity conditions.

Remark 2 (Fixed Effects and Aggregation) Suppose that instead of (17), the outcome equation was given

by

Yith = Xithβ + αit + λth + uith, (21)

where αit includes low-frequency unit-specific unobservables. The aggregated outcome model would then be

8The conditioning variable Xi.h includes the X values for individual i in hour h across all days. We require all days
in the conditioning set because T is finite, which implies that the time average X̄i.h does not converge in probability to
a population mean. Alternately, we could have assumed T → ∞, which would imply X̄i.h converges in probability to
its population analog and we could replace Xi.h with Xith in the conditions in the theorem.
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given by

Ȳit. = X̄it.β + α̃it + ũit, (22)

which is not identified using the low-frequency data without further restrictions because the fixed effect αit

is at the same scale as the observations. Using the high-frequency data, however, it is straightforward to

account for αit as well as more flexible fixed effects specifications, which we discuss in Section 4.3.

Remark 3 (Nonlinear Function of the Regressor) Suppose that the outcome equation was given by

Yith = g(Xith)
′β + αih + λth + uith (23)

where g(x) is a known, but possibly nonlinear, finite-dimensional function of x, such as a spline. Then,

averaging across h in the above equation yields the following,

Ȳit. =
1
H ∑

h
g(Xith)

′β + ᾱi. + λ̄t. + ūit.. (24)

From the above theorem, it is straightforward to see that assuming the strict exogeneity assumption, β can

be consistently estimated by regressing Ȳit. on 1
H ∑h g(Xith). However, it requires a mixed-frequency data

structure, where we can observe Ȳit. at the lower frequency, whereas the regressor is observed at the higher

frequency h. This setting arises when researchers have monthly electricity consumption data and hourly

or daily weather data. This is also a common data structure in the climate change and pollution impacts

literature (see Dell et al., 2014; Carter et al., 2018, for surveys of the literature). If the researcher could only

observe Ȳit. and X̄it., then it would not be possible to estimate β consistently in general if g(.) is a nonlinear

function of Xith, since 1
H ∑h g(Xith) 6= g(X̄it.) in general.

4 What are the advantages of high-frequency data?

In this section, we examine some of the key advantages of high-frequency data: (1) accounting for

response heterogeneity at the hourly and unit level, (2) distinguishing between response to high-

and low-frequency variation in the regressor, (3) more flexible fixed-effects specifications, and (4)

smaller inconsistency due to low-frequency omitted variables.
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4.1 Accounting for response heterogeneity

A key advantage of high-frequency data is that we can account for high-frequency heterogene-

ity in the response parameter. For instance, in the context of residential energy consumption, we

expect the outcome to respond to temperature changes differently depending on the hour of the

day. In this section, we examine the relationship between results obtained using low- and high-

frequency data in the presence of response heterogeneity. Next, we consider the case of hourly

slope heterogeneity only, and then we examine the setting with both hour and unit response het-

erogeneity.

4.1.1 Hourly slope heterogeneity

Suppose that the high-frequency outcome is determined by the following model,

Yith = Xithβh + αih + λth + uith (25)

where βh denotes the hour-specific response. OLS regression based on the following transforma-

tion

Yith − Ȳi.h − Ȳ.th = (Xith − X̄i.h − X̄.th)βh + uith − ūi.h − ū.th (26)

yields the following estimator of βh

β̂h =
∑i,t(Xith − X̄i.h − X̄.th)Yith

∑i,t(Xith − X̄i.h − X̄t.h)2 = βh +
∑i,t(Xith − X̄i.h − X̄.th)uith

∑i,t(Xith − X̄i.h − X̄.th)2 (27)

which is consistent assuming the weaker exogeneity condition, E[uith|Xi.h, αih] = 0, and sufficient

regularity conditions.

We can write the fixed effects estimator (19) as a weighted average of the hourly slope coeffi-

cients, β̂h, as follows

β̂HF =
∑i,t,h(Xith − X̄i.h − X̄.th)(Yith − Ȳi.h − Ȳ.th)

∑i,t,h(Xith − X̄i.h − X̄.th)2 = ∑
h

β̂h
∑i,t(Xith − X̄i.h − X̄.th)

2

∑i,t,h(Xith − X̄i.h − X̄.th)2 (28)

where the second equality follows from multiplying and dividing by ∑i,t(Xith− X̄i.h− X̄.th)
2 inside
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the summation over h. The weights in the above equation equal the ratio of the hour-specific

(within) sample variance divided by the sum of the sample variance across all hours.

Now aggregating the outcome equation over h yields the following

Ȳit. = X̄′it. β̃ + ᾱi. + λ̄t. + ūit.. (29)

The two-way-fixed effects estimator of the slope coefficient in the above model is given by

β̂LF =
∑i,t(X̄it. − X̄i.. − X̄.t.)(Ȳit. − Ȳi.. − Ȳ.t.)

∑i,t(X̄it. − X̄i.. − X̄.t.)2 =
∑i,t ∑h(Xith − X̄i.h − X̄.th)∑`(Yit` − Ȳi.` − Ȳ.t`)

∑i,t (∑h(Xith − X̄i.h − X̄.th))
2

= ∑
h
(β̂h + ∑

` 6=h
γ̂h`)

∑i,t(Xith − X̄i.h − X̄.th)
2

∑i,t (∑h(Xith − X̄i.h − X̄.th))
2 (30)

where β̂h is defined in (27) and

γ̂h` =
∑i,t(Xith − X̄i.h − X̄.th)(Yit` − Ȳi.` − Ȳ.t`)

∑i,t(Xith − X̄i.h − X̄.th)2

=
∑i,t(Xith − X̄i.h − X̄.th)(Xit` − X̄i.` − X̄.t`)

∑i,t(Xith − X̄i.h − X̄.th)2 β` +
∑i,t(Xith − X̄i.h − X̄.th)(uit` − ūi.` − ū.t`)

∑i,t(Xith − X̄i.h − X̄.th)2

(31)

The equalities in (28) and (30) are numerical identities that hold regardless of the data-generating

process. The following theorem derives the probability limit of β̂h, β̂HF, and β̂LF assuming (25)

holds.

Theorem 2 Assume (25), the cross-sectional i.i.d. assumption, E[(Xith − X̄i.h − E[Xith])
2] < ∞ ∀t, h;

|βh| < ∞ ∀h, E
[
∑t (∑h(Xith − X̄i.h − E[Xith]))

2
]
> 0, and E[∑t(Xith − X̄i.h − E[Xith])

2] > 0 ∀h.

If E[uith|{Xi.`, αi`}H
`=1] = 0, then as n→ ∞

β̂h
p→ βh ∀h,

β̂HF
p→ ∑

h
βh

E[∑t(Xith − X̄i.h − E[Xith])
2]

E [∑t ∑h(Xith − X̄i.h − E[Xith])2]
,

β̂LF
p→ ∑

h
βh

∑` E[∑t(Xith − X̄i.h − E[Xith])(Xit` − X̄i.` − E[Xit`])]

E [∑t(∑h(Xith − X̄i.h − E[Xith]))2]
,

The above theorem establishes the probability limits of the fixed effects estimators using low-

14



and high-frequency data as well as the hour-specific slope coefficient estimator, which is consistent

under the conditions given in the theorem. Both β̂HF and β̂LF converge in probability to a weighted

average of hourly coefficients, {βh}H
h=1. For β̂HF, the weights are the relative variance of the two-

way demeaned regressor, Xith. The weights are more complicated for β̂LF; they include both the

variance of the two-way demeaned regressor of the corresponding hour as well as its covariance

with the remaining hours in a day. The two estimators have identical probability limits if the two-

way demeaned regressors are uncorrelated across hours. In general, compared to β̂HF, β̂LF gives

higher weight to hours that co-vary relatively more with other hours and relatively less weight to

hours that co-vary relatively less with other hours.

Previous literature on fixed effects models has established that in the presence of unit response

heterogeneity, linear fixed effects estimators tend to converge to a variance-weighted average of

the heterogeneous parameters. The weights on βh in the probability limit of β̂HF are also vari-

ance weights for the hourly coefficients. For binary treatment variables, de Chaisemartin and

d’Haultfoeuille (2019) show that the weights on the heterogeneous parameters can be negative

for two-way fixed effects models. In our setting, the weights in the probability limit of β̂HF will

generally be positive.9 However, it is possible for the weights in the probability limit of β̂LF to be

negative, which can further complicate its interpretation.10 Regardless of the sign of the weights,

however, it is possible for the probability limit of β̂LF and β̂HF to have different signs from the av-

9There are several differences between the setup in Theorem 2 and that in de Chaisemartin and d’Haultfoeuille
(2019): (i) we consider non-binary regressors, (ii) we do not impose a specific group structure defined by the time
series of the regressor, (iii) Theorem 2 considers heterogeneity at the hourly level only whereas de Chaisemartin and
d’Haultfoeuille (2019) consider heterogeneity at the group and time level. It is important to note that to see the con-
nection between the weights in our probability limit and that in de Chaisemartin and d’Haultfoeuille (2019), note that
(Xith − X̄i.h − E[Xith])

2 = (Xith − X̄i.h − E[Xith])Xith. If Xith is binary, the last term equals the two-way fixed effects
residualized Xith similar to the term in de Chaisemartin and d’Haultfoeuille (2019) with one key difference that here
we have population analogues, since we are presenting probability limits. We revisit the connection to the results in
de Chaisemartin and d’Haultfoeuille (2019) in Remark 7 when we discuss unit-hour heterogeneity.

10For simplicity, consider the case where H = 2, then the numerator of the weight in the probability limit of β̂LF on
β1 can be bounded above and below as follows

∑
t

E[(Xit1 − X̄i.1 − E[Xit1])
2]−

√
∑

t
E[(Xit1 − X̄i.1 − E[Xit1])2]∑

t
E[(Xit2 − X̄i.2 − E[Xit2])2]

≤∑
t

E[(Xit1 − X̄i.1 − E[Xit1])
2] + ∑

t
E[(Xit1 − X̄i.1 − E[Xit1])(Xit2 − X̄i.2 − E[Xit2])]

≤∑
t

E[(Xit1 − X̄i.1 − E[Xit1])
2] +

√
∑

t
E[(Xit1 − X̄i.1 − E[Xit1])2]∑

t
E[(Xit2 − X̄i.2 − E[Xit2])2]

where the lower bound corresponds to the case where the two-way demeaned version of Xit1 and Xit2 are perfectly
negatively correlated. For that case, the weight on β1 would be negative if ∑t E[(Xit1 − X̄i.1 − E[Xit1])

2] < ∑t E[(Xit2 −
X̄i.2 − E[Xit2])

2].
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erage of the hourly coefficients, β̄ = 1
H ∑H

h=1 βh, if the h-specific coefficients vary their signs across

h.

Remark 4 (Low-frequency Regressor and Response Heterogeneity) Suppose that Xith = Xit, which may

be the case in some settings. For example, Xit could be a binary treatment variable, such as in the program

evaluation literature on energy efficiency. While in this case β̂HF and β̂LF would be consistent for the

simple average of the heterogeneous slope coefficients, ∑h βh/H, without high-frequency data the empirical

researcher would not be able to measure response heterogeneity at the high-frequency dimension.

Remark 5 (Exogeneity Condition) To simplify illustration, we impose the strict exogeneity assumption.

The probability limits of β̂h and β̂HF remain the same if we instead impose the weaker h-specific strict

exogeneity assumption E[uith|Xi.h, αih] = 0, whereas the probability limit of β̂LF would include additional

terms due to the possible dependence between uit` and Xith for h 6= ` similar to Theorem 1 (ii).

Remark 6 (Probability Limits and Numerical Identities) When comparing the numerical identities pre-

sented in (28) and (30) for β̂HF and β̂LF, respectively, with their probability limits, we find that the sample

analog of the probability limit of β̂HF equals its numerical decomposition in (28). This means that, if we

compute the sample analog of the terms in the probability limit of β̂HF in Theorem 2, then we exactly repli-

cate β̂HF in (28). However, doing the same for the probability limit of β̂LF would not replicate exactly the

decomposition in (30) because the last term in (31) has zero expectation assuming strict exogeneity. How-

ever, its sample analog will not equal zero in general and may be statistically different from zero if strict

exogeneity is violated. We illustrate these distinctions empirically in Section 5.

4.1.2 Unit and hourly slope heterogeneity

In this section, we extend the results of the previous section to a model that allows for unit-by-hour

slope heterogeneity, specifically

Yith = Xithβih + αih + λth + uith. (32)
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Suppose we ignore the individual response heterogeneity and pool all hourly observations to

obtain the estimator of the hourly slope coefficient,

β̂h =
∑i,t(Xith − X̄i.h − X̄.th)Yith

∑i,t(Xith − X̄i.h − X̄.th)2 =
∑i,t(Xith − X̄i.h − X̄.th)

2βih

∑i,t(Xith − X̄i.h − X̄.th)2 +
∑i,t(Xith − X̄i.h − X̄.th)uith

∑i,t(Xith − X̄i.h − X̄.th)2 .

(33)

This will converge in probability to a variance-weighted average of the heterogeneous coefficients

similar to the case with one-way and two-way fixed effects models.

The following theorem derives the probability limit of β̂h as well as β̂HF and β̂LF for the case

with unit-hour slope heterogeneity. Because of potential heterogeneity across i, we no longer

assume identical distributions across individuals, but we do maintain the independence assump-

tion. In the following, Ē[Xi] denotes limn→∞
1
n ∑n

i=1 E[Xi].

Theorem 3 Assume (32), the cross-sectional independence assumption, E
[
∑t(∑h(Xith − X̄i.h − Ē[Xith]))

2]
> 0 ∀i, and E[∑t(Xith− X̄i.h− Ē[Xith])

2] > 0 ∀i, h. In addition, E|(Xith− X̄i.h− Ē[Xith]|2+δ < ∆1 < ∞

and E|(Xith − X̄i.h − Ē[Xith])(Xit` − X̄i.` − Ē[Xit`])βi`|1+δ < ∆2 < ∞ for some δ > 0, ∀i, t, h, `.

If E[uith|{Xi.`, αi`}H
`=1] = 0 ∀h, then as n→ ∞

β̂h
p→ Ē[∑t βih(Xith − X̄i.h − Ē[Xith])

2]

Ē[∑t(Xith − X̄i.h − Ē[Xith])2]
∀h,

β̂HF
p→ Ē[∑h βih ∑t(Xith − X̄i.h − Ē[Xith])

2]

Ē[∑t ∑h(Xith − X̄i.h − Ē[Xith])2]
,

β̂LF
p→ Ē [∑h βih ∑` (∑t(Xith − X̄i.h − Ē[Xith])(Xit` − X̄i.` − Ē[Xit`]))]

Ē[∑t(∑h(Xith − X̄i.h − Ē[Xith]))2]
.

Remark 7 (Unit-invariant Regressors and Response Heterogeneity) If Xith = Xth ∀t, h, then the probabil-

ity limits in the above theorem simplify to

β̂h
p→ Ē[βih] ∀h,

β̂HF
p→∑

h

∑t(Xth − X̄..h − X̄.mh)
2

∑t ∑h(Xth − X̄..h − X̄.mh)2 Ē[βih], (34)

where we treat Xth as a fixed regressor since it does not vary across individual units and assume Ē|βih| < ∞

and λth = λmh, where m denotes a lower frequency dimension than t, such as month in our empirical
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application.11 The above illustrates that while β̂h is consistent for the simple average of the individual-

specific hourly coefficients, whereas β̂HF is consistent for a variance-weighted average of individual-specific

hourly coefficients.

If instead the regressors only vary across groups of units, i.e. Xith = Xg(i)th ∀t, h, where g(i) denotes

the group membership for unit i. For g = 1, . . . , G < ∞, we can derive the following probability limits for

β̂h and β̂HF, where we treat Xgth as fixed,

β̂h
p→∑

g

πg ∑t(Xgth − X̄g.h − X.th)
2

∑g πg ∑t(Xgth − X̄g.h − X.th)2
Ē[βih|g(i) = g] ∀h,

β̂HF
p→∑

h
∑
g

πg ∑t(Xgth − X̄..h − X.th)
2

∑t ∑h ∑g πg(Xth − X̄..h − X.th)2
Ē[βih|g(i) = g], (35)

where πg = P(g(i) = g) and X.th = ∑g πgXgth. Since we allow for unit and time heterogeneity, the result

for β̂HF relates to de Chaisemartin and d’Haultfoeuille (2019, Theorem 1), which show that for binary

regressors some of the weights can be negative.

4.2 Identifying Response to High- and Low-frequency Variation

With high-frequency regressors, the outcome in a specific hour may respond differently to low-

and high-frequency variation in the variable of interest. This is particularly relevant for energy,

where consumers may respond in the short run by changing energy use and in the long run by

buying durable goods with different energy efficiency levels. For example, a driver may respond

to the current gasoline price increase by driving less, but if the price persists, she may buy a more

fuel-efficient vehicle. In the case of electricity consumption and temperature, consumers may use

more air conditioning in a hot hour. If the temperature remains high for several hours or days, the

building absorbs more heat and the cooling energy required increases further.

There are several different models that can incorporate such dependence. We consider a simple

model that allows the current outcome to depend on a moving average of the regressor to illustrate

the consequences of ignoring this type of dependence in practice. Let

Yith = X̄itm(h)γ + (Xith − X̄itm(h))β + αih + λth + uith. (36)

11Note that λth would soak up all the variation in the regressor otherwise.
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where X̄itm(h) = m−1 ∑h
`=h−m+1 Xit`. For example, if m = 24, then we allow the consumer to

respond differently to the trailing 24-hour average temperature to hourly deviations from that

average.12

The following theorem examines the probability limits of the fixed effects estimators that ig-

nore this dependence on the moving average using low- and high-frequency data.

Theorem 4 Assume (36), the cross-sectional i.i.d. assumption, E
[
∑t (∑h(Xith − X̄i.h − E[Xith]))

2
]
> 0,

E[(Xith − X̄i.h − E[Xith])
2] < ∞ and E[X̄2

itm(h)] < ∞ ∀t, h.

If E[uith|{Xi.`, αi`}H
`=1] = 0 ∀h, then as n→ ∞

β̂HF
p→ γ

E
[
∑t,h(Xith − X̄i.h − E[Xith])X̄itm(h)

]
E
[
∑t,h(Xith − X̄i.h − E[Xith])2

] + β
E
[
∑t,h(Xith − X̄i.h − E[Xith])(Xith − X̄itm(h))

]
E
[
∑t,h(Xith − X̄i.h − E[Xith])2

]

β̂LF
p→ γ

E
[
∑t,h(Xith − X̄i.h − E[Xith])∑` X̄itm(`)

]
E
[
∑t (∑h(Xith − X̄i.h − E[Xith]))

2
] + β

E
[
∑t,h(Xith − X̄i.h − E[Xith])∑`(Xit` − X̄itm(`))

]
E
[
∑t (∑h(Xith − X̄i.h − E[Xith]))

2
]

The above results illustrate that both estimators converge to a weighted-average of the response

to the moving-average, γ, and the response to the contemporaneous regressor, β. For β̂HF, the

weights depend on the variance of X̄itm(h) relative to the variance of hourly deviations from that

mean. In general, the weight on β is smaller for β̂LF than β̂HF. To see this, consider the term

∑`(Xit` − X̄itm(`)) in the weight on β in β̂LF. This term is the sum of deviations of hourly values

of X from the moving average. Some values will exceed the moving average and others will be

below it, so this sum will tend to be small.

The effects of aggregation in this context are clearer in a slightly different model that replaces

the moving average of lags of the regressor with a fixed-window average. For example, consider

the model

Yith = X̄it.γ + (Xith − X̄it.)β + αih + λth + uith. (37)

In this model, the outcome variable responds to the contemporaneous hour and the daily average.

12The model in (36) can alternatively be written as Yith = Xitm(h)δ + Xithβ + αih + λth + uith, where δ = γ− β.
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The corresponding aggregate model is

Ȳit = X̄itγ + (X̄it. − X̄it.)β + ᾱi. + λ̄t. + ūit

= X̄itγ + ᾱi. + λ̄t. + ūit. (38)

The low-frequency estimator applied to this model would consistently estimate γ, whereas the

high-frequency estimator would estimate a weighted average of γ and β as in Theorem 4.13 In

short, when the outcome responds differently to low- and high-frequency variation in the regres-

sor, β̂LF is closer to the response to the low-frequency variation, whereas β̂HF is weighted towards

the high-frequency response.

Remark 8 (High-frequency Measurement Error and Aggregation) The model in (37) and (38) illustrates

how the effects of high-frequency measurement error are mitigated in the aggregate model. Suppose devia-

tions in the regressor from the daily average are pure noise to which the outcome variable does not respond,

i.e., β = 0. Then, the aggregated model would consistently estimate the true response γ, whereas the

high-frequency estimator would be attenuated by the noise.

4.3 Flexible fixed effects specifications

In prior sections, we consider a two-way fixed effects model with high-frequency data that yields

the “standard” two-way fixed effects model when aggregated to the low-frequency dimension.

An important advantage of high-frequency data is that it allows for alternative fixed effects spec-

ifications thereby controlling for different types of unobservable heterogeneity.

Without imposing any restrictions on the fixed effects structure, the linear model would be

given by the following

Yith = Xithβ + εith, (39)

where εith consists of unobservable factors that may affect energy consumption at a specific premise

13This model is perhaps slightly unrealistic as it implies that agents respond to values of the regressor that have not
been observed yet, i.e., those that will be realized later in the day. The model could be modified to use a forecast of X̄it
in place of the realized X̄it. If the regressor is highly predictable, as in the electricity-temperature example, using the
realized aggregate in place of its forecast would make little difference.
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that may vary at both the high- and low-frequency dimensions. If these factors correlate with Xith

in an arbitrary way, then we cannot identify β. Including fixed effects allows us to control for

some unobservable characteristics that may correlate with Xith.

In the two-way fixed effects model in (17), εith consists of αih, λth and uith, where αih are

premise-hour-specific unobservables that affect a premise’s “innate” energy consumption, which

accounts for premise-specific daily routines that may affect energy consumption, λth are day-and-

hour-specific common trends in energy consumption, whereas uith captures premise-day-hour-

specific unobservables. While we can allow αih and λth to vary arbitrarily with ih and th, respec-

tively, E[uith|Xi.h, αih] = 0 for i, t and h. Hence, after controlling for αih and λth, there should be

no remaining potential confounders in uith. To identify β using the above specification, within-

premise-hour variability in the regressor accounting for general trends at the hourly level will be

used.

Depending on the empirical setting, however, the fixed effects structure in (17) may not be

suitable. An alternative fixed effects specification allows for arbitrary premise and time fixed

effects, while allowing for h-specific time trends,

Yith = Xithβ + αit + λth + uith (40)

In our electricity-temperature example, αit may capture changes in an individual premise’s baseload

consumption due to changing income, purchase of new appliances, or changes in the number of

people living in the house. If t represents days and h represents hours in a day, then β would be

identified by variation in the regressor across hours in a given day for each premise. In contrast,

(17) identifies β using variation across days within a given hour for each premise. Both models

also account for general trends at the day-by-hour level. Aggregating (40) leads to a model in

which β is unidentified because the fixed effect αit has the same resolution as the aggregated re-

gressor, X̄it.. Thus, the high-frequency model allows the researcher to explore a broader array of

fixed effects specifications.
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4.4 Smaller Inconsistency due to Low-frequency Omitted Variables

In this section, we consider the consequences of omitted variables on the inconsistency of fixed

effects estimators using high- and low-frequency data. We specifically consider the case where

Yith = Xithβ + Withγ + αih + λth + εith (41)

and examine the probability limits of β̂LF and β̂HF when we omit W̄it. and With, respectively.

Using the decomposition of β̂HF in Section A.2, and noting that (41) implies uith = Withγ + εith,

β̂HF = β + γ
∑i,t,h(Xith − X̄i.h − X̄.th)With

∑i,t,h(Xith − X̄i.h − X̄.th)2 +
∑i,t,h(Xith − X̄i.h − X̄.th)εith

∑i,t,h(Xith − X̄i.h − X̄.th)2

p→ β + γ
∑t ∑h E[(Xith − X̄i.h − E[Xith])With]

∑t ∑h E[(Xith − X̄i.h − E[Xith])2]
, (42)

where the convergence in probability follows from E[εith|{Xi.`, αi`}H
`=1] = 0 in addition to suffi-

cient regularity conditions. Similarly, we can derive the probability limit of the fixed effects esti-

mator using the low-frequency data assuming E[εith|{Xi.`, αi`}H
`=1] = 0 and sufficient regularity

conditions

β̂LF = β + γ
∑i,t ∑h ∑`(Xith − X̄i.h − X̄.th)Wit`

∑i,t(∑h Xith − X̄i.h − X̄.th)2 +
∑i,t ∑h ∑`(Xith − X̄i.h − X̄.th)εit`

∑i,t(∑h(Xith − X̄i.h − X̄.th))2

p→ β + γ
∑t ∑h ∑` E[(Xith − X̄i.h − E[Xith])Wit`]

∑t E[(∑h Xith − X̄i.h − E[Xith])2]
. (43)

These expressions look like the textbook omitted-variable-bias formulas (Wooldridge, 2002). There

is no inconsistency in either estimator if γ = 0 or if the omitted variable is uncorrelated with the

two-way demeaned regressor.

Next, we show that if the omitted variable varies at the low frequency, then β̂HF suffers from a

smaller inconsistency than β̂LF. In general, the inconsistency of β̂LF and β̂HF can be written as

plimn→∞ β̂LF − β = γ
∑t ∑h ∑` E[(Xith − X̄i.h − E[Xith])Wit`]/H

∑t E[(∑h(Xith − X̄i.h − E[Xith]))2]/H
,

plimn→∞ β̂HF − β = γ
∑t ∑h E[(Xith − X̄i.h − E[Xith])With]

∑t ∑h E[(Xith − X̄i.h − E[Xith])2]
. (44)
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Using Minkowski and Jensen’s inequality, we obtain the following relationship between the de-

nominators,14

∑
t

E

 1
H

(
∑
h
(Xith − X̄i.h − E[Xith])

)2
 ≤∑

t
∑
h

E
[
(Xith − X̄i.h − E[Xith])

2] . (45)

This inequality shows that the denominator in the probability limit of β̂LF is no larger than that

of β̂HF, but the relationship between the numerators is not clear in general. However, the two

numerators would be equal if E[(Xith − X̄i.h − E[Xith])Wit`] = E[(Xith − X̄i.h − E[Xith])With] ∀h, `,

which would be the case if With = Wit, i.e. it is a low-frequency omitted variable. As a result, if

With = Wit, then

∣∣plimn→∞ β̂LF − β
∣∣ ≥ ∣∣plimn→∞ β̂HF − β

∣∣ , (46)

where the strict equality holds when the regressor is also low-frequency, i.e. Xith = Xit, which

implies that the denominator of both probability limits are also identical.15 Hence, the difference

between the probability limit of the two estimators is largest when Xith has substantial hourly

variation and smallest when it has no hourly variation.

In sum, the magnitude of the inconsistency of fixed effects estimators due to low-frequency

omitted variables is smaller when using high-frequency data relative to low-frequency data. If the

regressor exhibits relatively greater high-frequency variation than the omitted variable, then the

high-frequency estimator suffers from a relatively smaller inconsistency than the low-frequency

estimator.

5 Empirical Illustration: Temperature and Energy Consumption

In the previous sections, we made assumptions regarding the outcome equation in order to for-

malize potential issues that arise in the context of high-frequency data. Here we illustrate the

14See (61) in Section A for a derivation.
15In fact, if the regressor is low-frequency, i.e. Xith = Xit, then β̂LF and β̂HF have identical probability limits regard-

less of whether the omitted variable is high- or low-frequency. When Xith = Xit, the denominators of both probability
limits are equal as pointed out above. Furthermore, their numerators also agree. The numerator of plimn→∞βLF sim-
plifies as follows ∑t ∑h ∑` E[(Xith − X̄i.h − E[Xith])Wit`]/H = ∑t ∑h E[(Xit − X̄i. − E[Xit])With], which is identical to
the numerator of plimn→∞ β̂HF.
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relevance of our theoretical analysis in light of the energy-temperature relationship.

5.1 Data

Our data set consists of a sample of 4,877 premises from the Central Valley of California.16 It in-

cludes hourly electricity consumption from January 1, 2012 through December 31, 2013 for nearly

all premises in the dataset. The hourly temperature variable is from a NOAA station at the Sacra-

mento International Airport which records hourly temperature.

Table 2: Summary Statistics of Residential Summer Energy Consumption and Temperature
Energy Consumption (kWh) Temperature (◦F)

# Day ×
Premise Obs

Mean Std. Dev. Min Max # Day
Obs

Mean Std. Dev. Min Max

Total Daily 1,492,359 25.92 22.62 0.00 652.76
Average Daily 1,492,359 1.08 0.94 0.00 27.20 306 72.25 5.77 57.42 88.88
Hourly

1 1,492,349 0.99 1.15 0.00 30.14 306 63.96 5.73 50 82
2 1,492,352 0.82 1.02 0.00 25.63 306 62.82 5.49 51 80
3 1,492,354 0.71 0.93 0.00 25.13 306 61.53 5.09 50 76
4 1,492,355 0.64 0.87 0.00 24.26 306 60.27 4.80 50 74
5 1,492,355 0.60 0.83 0.00 24.91 306 59.05 4.60 48 73
6 1,492,354 0.58 0.82 0.00 24.48 306 58.28 4.67 48 75
7 1,492,355 0.60 0.83 0.00 22.51 306 58.88 4.90 48 80
8 1,492,355 0.67 0.87 0.00 22.51 306 61.99 5.27 51 83
9 1,492,355 0.72 0.92 0.00 26.15 306 66.03 5.59 54 87

10 1,492,353 0.76 0.96 0.00 29.98 306 70.60 5.96 56 90
11 1,492,352 0.81 1.02 0.00 29.66 306 74.86 6.44 58 94
12 1,492,352 0.88 1.10 0.00 31.79 306 78.80 7.01 58 100
13 1,492,352 0.96 1.19 0.00 30.91 306 82.23 7.39 60 101
14 1,492,350 1.06 1.30 0.00 33.42 306 84.94 7.78 60 106
15 1,492,354 1.19 1.42 0.00 36.08 306 86.90 8.19 61 106
16 1,492,354 1.33 1.54 0.00 32.70 306 88.17 8.26 61 108
17 1,492,354 1.50 1.65 0.00 34.51 306 88.46 8.38 62 107
18 1,492,352 1.66 1.73 0.00 36.85 306 87.34 8.56 62 107
19 1,492,354 1.77 1.78 0.00 35.71 306 84.23 8.44 61 104
20 1,492,354 1.78 1.76 0.00 42.60 306 78.86 7.79 60 99
21 1,492,354 1.68 1.68 0.00 43.67 306 73.55 6.98 58 92
22 1,492,342 1.57 1.59 0.00 45.59 306 69.86 6.42 55 88
23 1,492,351 1.43 1.50 0.00 38.54 306 67.11 5.90 53 87
24 1,492,352 1.22 1.32 0.00 29.12 306 65.21 5.74 51 85

Notes: The summary statistics of hourly energy consumption (kWh) and temperature data of 4,877 premises in
the Central Valley of California, and neighboring areas between May and September of 2012 and 2013, a total of
306 days.

16We draw a random sample of houses. From this random sample we first drop any premise that has more than
73 hourly missing observations, which is 1% of the total number of hours between May and September in 2012 and
2013, 7344 = 306× 24. In addition, we drop any household for which total daily energy consumption is missing for
more than 7 days in our sample, i.e. households that have strictly less than 300 daily observations of total daily energy
consumption.
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To avoid nonlinearities in the relationship between temperature and energy, we only consider

late-spring and summer months, specifically May through September in 2012 and 2013.17

Table 2 presents the number of observations and summary statistics of total daily, average daily

and hourly energy consumption as well as average daily and hourly temperature in our dataset.

The total daily energy consumption in our dataset is 25.92, while the average daily consumption

is 1.08. Average hourly consumption between 2-11hr is below the daily average, while it is above

the daily average in the remaining hours, peaking between 19-20hr. Hourly temperature peaks at

16hr on average and remains high until 20hr.

5.2 Empirical Analysis

Before we illustrate the theoretical results using this empirical application, we briefly revisit Table

1 from the introduction to provide a more thorough discussion of its results. The hourly regression

presented in Column (1) of Table 1 is given by

Yitmdh = Xtmdhβ + αih + λtmh + uitmdh (47)

where Yitmdh is kWh of energy consumed in premise i, year t, month m, day d and hour h. Xtmdh

is the hourly temperature, αih consists of premise-hour-specific characteristics and λtmh represent

year-month-by-hour time trends in energy consumption. We introduce additional subscripts here

to enable clear delineation between levels of aggregation. The table also includes the following

daily regressions with different fixed effects specifications,

Ȳitmd. = X̄tmd.β + α̃i + ūitmd.,

Ȳitmd. = X̄tmd.β + α̃i + λ̃t + ūitmd.,

Ȳitmd. = X̄tmd.β + α̃i + λ̃tm + ūitmd., (48)

17For scatter plots of the two-way demeaned temperature and energy that illustrate that the linear model provides a
good approximation of the relationship between hourly consumption and temperature, see the online appendix.
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the following monthly regressions

Ȳitm.. = X̄tm..β + α̃i + ūitm..,

Ȳitm.. = X̄tm..β + α̃i + λ̃t + ūitm..,

Ȳitm.. = X̄tm..β + α̃i. + λ̃m + ūitm.., (49)

and the following annual regression

Ȳit... = X̄t...β + α̃i + ūit....

For the hourly, daily and monthly regressions, the slope coefficient is positive, however it in-

creases in magnitude with greater temporal aggregation.18 Theorem 1 provides a set of conditions

under which high- and low-frequency estimators are consistent for the same object of interest.

These conditions include: (i) strict exogeneity, (ii) response homogeneity, (iii) the high-frequency

outcome being a function of the contemporaneous regressor only. The fact that the coefficients

increase as we aggregate from hourly to daily to monthly suggest a violation of one of the con-

ditions of this theorem. In the following, we use insights from our theoretical analysis to better

understand the potential explanations for the differences between the estimates in Table 1.

When we aggregate to the annual level, the coefficient on temperature is negative and insignif-

icant. We only have two years of data, so we cannot include time fixed effects in the annual regres-

sion. Thus, the trends are essentially an omitted variable that we cannot control for in the annual

regression. However, when we omit the time fixed effects from the higher frequency models, it

makes little difference to the coefficients.

5.2.1 Hourly Response Heterogeneity

In this section, we examine whether hourly heterogeneity in the response of energy consumption

to temperature may explain the difference between the hourly and daily regressions. Using hourly

data, accounting for response heterogeneity at this high-frequency dimension is straightforward

18It is worth noting that the difference between the coefficients across levels of aggregation remains the same if we
only consider regressions without time fixed effects (Columns (2), (5) and (8) in Table 1).
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using the following regression equation,

Yitmdh = Xtmdhβh + αih + λtmh + uitmdh. (50)

Since the temperature variable does not vary across i as in Remark 7, the estimator of β̂h is robust

to the presence of response heterogeneity at the unit level. It is specifically consistent for the

simple average of premise-specific coefficients and not a variance-weighted average as it would

be otherwise.

Figure 1 presents the point estimates and point-wise confidence intervals of β̂h using year-

by-week cluster-robust standard errors. The figure clearly illustrates a diurnal pattern in energy

consumption. As expected for summer months, increases in temperature are positively associated

Figure 1: Energy-Temperature Relationship: Hourly Regression Results
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Notes: Point estimates and point-wise 95% confidence bands of hourly regression
coefficients are presented, i.e. Yitmdh = βhXitmdh + αih + λtmh + uitmdh. Cluster-
robust standard errors are computed for year-by-week clusters. The red horizontal
line marks ¯̂β = ∑24

h=1 β̂h/24 = 0.032.

with increased energy consumption. The point estimates range from 0.008 to 0.061, where the peak

occurs in the 20th hour of the day (see Table A1 in the online appendix for exact numerical values

of the estimates). The simple average of these point estimates is ¯̂β = 0.032, which is indicated by

the red horizontal line in the figure. Unsurprisingly, the responsiveness to temperature in the early

and late morning hours is below average, whereas it exceeds the average in the late afternoon and

evening hours when people operate their air conditioners.
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Figure 2: Variance-Covariance Matrix of Demeaned Hourly Temperature

Notes: The heat map presents the inter-hour variance-covariance matrix of demeaned temper-
ature, specifically it plots Ĉov(Xtmdh − X̄...h − X̄tm.h, Xtmd` − X̄...h − X̄tm.h) for h = 1, . . . , H,
` = 1, . . . , H.

Applying Theorem 2 to this setting, we expect that β̂HF, the fixed effects estimator that pools

all hourly data, to be consistent for a variance-weighted average of the hourly slope coefficients,

β̂h. According to Table 1, β̂HF = 0.0367, which is about 15% larger than the simple average of

the hourly slope coefficients. When we examine the daily aggregated results, the fixed effects

estimator using both unit and year-by-month fixed effects, which we refer to as β̂LF, equals 0.041,

which is almost 30% larger than ¯̂β and 12% larger than β̂HF. Under the assumptions of Theorem

2, β̂LF converges in probability to a variance-weighted average of the same-hour slope coefficients

similar to β̂HF, but the weights include both the same-hour variance and the sum of intra-day

covariances.

Since the weights in β̂HF and β̂LF are determined by the appropriately demeaned temperature

variance, Figure 2 presents a heat map of the variance-covariance matrix of the appropriately

demeaned hourly temperature. By definition, the diagonal elements on this plot are the variance of

hourly temperature. We can see that the variance is highest in the late afternoon and early evening.

These hours also exhibit the highest responsiveness of energy consumption to temperature as in

Figure 1. As a result, the slope coefficients of these hours will be given relatively higher weight
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in β̂HF than in the simple average of the hourly coefficients, ¯̂β. It is hence not surprising that β̂HF

is larger in magnitude than ¯̂β. As for β̂LF, note that the row sum of the covariance matrix for a

given h is proportional to the sample analog of the weight given βh in its probability limit. Visual

inspection illustrates that the late afternoon and early evening hours will tend to receive higher

weight than the early morning hours.

To better understand the role of response heterogeneity in the estimates of the temperature

coefficient in the hourly and daily regressions, we compute the weights in the formulas for β̂LF

and β̂HF from Theorem 2. This theorem is based on the model that assumes a linear response to

temperature with hourly slope heterogeneity. Table 3 presents the estimates of the hourly coeffi-

cient estimates together with estimates of their weights in the probability limit of both estimators,

which we denote by ŵLF
h and ŵHF

h . Note that the simple average of the hourly coefficients would

put 1
H = 0.041 weight on each hour. The table shows that the hourly weights in the estimates of

both probability limits put higher weight on the hours between 13-20 relative to the remaining

hours, which explains why both weighted averages are larger than the simple average of 0.032.

Table 3: Estimated Weights on Hourly Slope Coefficients in the Probability Limits of β̂LF and β̂HF

h 1 2 3 4 5 6 7 8 9 10 11 12

β̂h 0.034 0.028 0.023 0.019 0.015 0.012 0.010 0.008 0.008 0.010 0.013 0.017
ŵLF

h 0.034 0.032 0.029 0.025 0.022 0.023 0.027 0.034 0.038 0.043 0.047 0.051
ŵHF

h 0.030 0.027 0.024 0.021 0.019 0.020 0.023 0.027 0.031 0.037 0.043 0.051

h 13 14 15 16 17 18 19 20 21 22 23 24

β̂h 0.023 0.031 0.038 0.047 0.053 0.055 0.057 0.060 0.059 0.055 0.051 0.043
ŵLF

h 0.052 0.055 0.056 0.056 0.056 0.057 0.056 0.050 0.045 0.042 0.037 0.036
ŵHF

h 0.054 0.059 0.063 0.062 0.063 0.068 0.067 0.056 0.047 0.041 0.034 0.032

β̂LF = 0.0411∗, ∑h β̂hŵLF
h = 0.0349

β̂HF = ∑h β̂hŵHF
h = 0.0367

Notes: The table presents the estimates of the hourly slope coefficients as well as the estimates of their weights in
the probability limit of β̂LF and β̂HF in Theorem 2, which are denoted by ŵLF

h and β̂HF
h , respectively. In general,

ŵLF
h = ∑t(Xith − X̄i.h − X̄.th)∑H

`=1(Xit` − X̄i.` − X̄.t`)/ ∑i,t(∑h(Xith − X̄i.h − X̄.th))
2 and ŵHF

h = ∑i,t(Xith − X̄i.h −
X̄.th)

2/ ∑i,t,h(Xith − X̄i.h − X̄.th)
2. We adapt the weights to our empirical example with individual-invariant temper-

ature and year-by-month-by-hour fixed effects. Note that by Remark 6, the sample analog of the probability limit of
β̂HF is numerically identical to its estimate.

Comparing the sample analogs of the probability limits of β̂LF and β̂HF with their estimates

illustrates Remark 6. Specifically, the sample analog of the probability limit of β̂HF is by construc-

tion numerically equivalent to β̂HF. This is not true for the low-frequency estimates. We find that
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β̂LF = 0.0411, whereas the sample analog of its probability limit from Theorem 2 is 0.0349.19 The

difference between these two estimates is likely a result of potential violations of the assumptions

of Theorem 2, which may be caused by omitted variables or other misspecification bias.

Overall, we find an intuitive diurnal pattern in the response of residential energy consumption

to temperature. Since temperature in this application is unit-invariant, our hourly coefficient esti-

mates are robust to unit response heterogeneity as per Remark 7. Our examination of the weights

on the hourly coefficients in β̂LF and β̂HF suggests that response heterogeneity does not explain the

difference between those two estimates. We suspect that the difference between these estimates

is better explained by violations of strict exogeneity.20 A plausible violation of strict exogeneity

in our application is the misspecification of the response function. Since consumers may not be

solely responding to the specific hour’s temperature but also to how hot a particular day is, we

next incorporate daily temperature into the response function.

5.2.2 Disentangling Response to Hourly and Daily Temperature

As discussed in Section 4.2, in the context of the energy-temperature relationship, we expect

hourly consumption not only to depend on temperature in the contemporaneous hour, but also on

daily average temperature. The differences between the high- and low-frequency estimates above

also suggest dependence on temperature in other hours. Hence, we consider the model in (37).

Table 4 reports the following regression results in Column (1)

Yitmdh = X̄tmd.γ + (Xtmdh − X̄tmd.)β + αih + λtmh + uitmdh. (51)

The table also shows the pooled hourly regression estimate, β̂HF, and the daily regression estimate,

β̂LF, in Columns (2) and (3), respectively, which illustrate the results in Section 4.2. We specifically

find that β̂LF, the coefficient estimate from the daily regression, is numerically identical to the

19For further details, see Section A.3, which illustrates how the decomposition in (30) is numerically identical to its
estimate, 0.0411.

20This is further supported when we examine the first-difference estimator using the daily data in Table A3 in the
online appendix. By textbook arguments in Wooldridge (2002), if strict exogeneity is violated, the fixed effects and first
difference estimators tend to converge to different probability limits. In our application, the first-difference estimator is
0.0363, which is quantitatively different from its fixed effects counterpart, 0.0411, which provides additional suggestive
evidence that strict exogeneity is likely violated. Interestingly, the first-difference estimator is closer to the results from
pooling the hourly data.
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estimate of γ. This numerical identity stems from the use of the average daily temperature in lieu

of a lagged moving average as in (36). We also find that the magnitude of the coefficient in the

hourly regression which excludes the daily average, β̂HF, lies between the estimate of γ and β as

expected from Theorem 4.

Table 4: Disentangling Response to Hourly and Daily Temperature

Aggregation Level Hourly Daily

(1) (2) (3)
Hourly Temperature (Xitmdh) 0.0367

(14.94)

Daily Mean Temperature (X̄itmd) 0.0411 0.0411
(16.64) (10.63)

Deviation of Hourly Temperature 0.0240
from Daily Mean (Xitdh − X̄itd.) (9.82)

Unit Fixed Effects UnitxHour UnitxHour Unit
Time Fixed Effects YearxMonthxHour YearxMonthxHour YearxMonth
#Obs 35,816,464 35,816,464 1,492,359

Notes: The t-statistics in parentheses are computed using standard errors clustered at the year-by-week
levels. Column (1) presents the results of the fixed effects regression of Yitmdh on X̄itmd. and (Xitmdh− X̄itmd.).
Column (2) presents the results of the fixed effects regression of Yitmdh on X̄itmdh. Column (3) presents the
results of the fixed effects regression of Ȳitmd. on X̄itmd..

Since the previous section documents substantial response heterogeneity across hours, we ex-

amine the hourly heterogeneity in the slope coefficients on the daily average temperature as well

as the hourly deviation from the daily average,

Yitmdh = X̄tmd.γh + (Xtmdh − X̄tmd.)βh + αih + λtmh + uitmdh, (52)

which are presented in Figure 3.

Panel A plots the estimates of γh across the different hours. This coefficient has a very similar

diurnal pattern to the hourly coefficients in Figure 1, which are obtained from a regression that

excludes daily average temperature. However, the daily average temperature are larger in mag-

nitude than those on hourly temperature in Figure 1, which is expected since a 1◦ increase in daily

temperature is a more intense treatment than a 1◦ increase in a specific hour’s temperature. Panel

B shows that the response to hourly temperature deviations is between 0 and 0.02 for most hours.
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Figure 3: Disentangling Response to Hourly and Daily Temperature
Panel A. Coefficients on Daily Temperature (γ̂h) Panel B. Coefficients on Hourly Temperature (β̂h)
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Notes: The above plots provide pointwise 95% confidence bands for the coefficients in the hourly regression,
Yitdh = γhX̄itd. + βh(Xitdh − X̄itd.) + αih + λth + uitdh. Standard errors are clustered at the year-by-week
level.

The exceptions are the first three hours after midnight, when the coefficient exceeds 0.02, and the

11-16 hours in the middle of the day when the coefficient is negative. If it is hot at 1am relative

to the subsequent hours in the day, then it probably means it was hot the previous day, so the

building is hotter and the demand for air conditioning is higher. This explains the relatively large

β̂h coefficients after midnight.

The negative β̂h coefficients in the middle of the day are relatively small in magnitude, but

interesting. One interpretation is that, at a given daily average temperature, a higher midday

temperature causes some people to leave their house, thereby reducing electricity consumption

at the margin. Another possibility is that, holding constant the daily average, a higher midday

temperature means a lower temperature earlier in the day, which implies a relatively cooler indoor

midday temperature and lower demand for air conditioning. Perhaps these are days when the

temperature increase surprises consumers and they demand less air conditioning than they would

on a typical day at that average temperature. Overall, this example highlights a finding that

deserves more investigation and which would not have been seen without high-frequency data.

5.2.3 Fixed Effects Specifications

To simplify illustration in previous sections, we primarily consider a two-way fixed effects model

with premise-by-hour and year-month-by-hour fixed effects. As we point out in Section 4.3, high-
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frequency data offer the empirical researcher substantially more flexible fixed effects specifica-

tions. In this section, we present the hourly regression results with different fixed effects. Given

the general regression equation,

Yitmwdh = Xtmwdhβ + ηitmwd + uitmwdh, (53)

where w denotes week of month, we consider the following fixed effects specifications of ηitmwd:

(1) ηitmwd = αih + λtmh,

(2) ηitmwd = αith + λtmh,

(3) ηitmwd = αih + λtmdh,

(4) ηitmwd = αih + λtmh + δdh,

(5) ηitmwd = αih + λth + γmh + δdh.

The first specification is our baseline specification. The second specification relaxes the premise-

hour fixed effects to premise-year-by-hour fixed effects, which can control for premise-by-year

omitted variables that can vary energy consumption in a specific hour of the day. This can ac-

count for potential energy efficiency upgrades in the home, which may affect hourly energy con-

sumption. Specifications (3)-(5) vary the time fixed effects in our baseline specification. Specifi-

cation (3) relaxes the year-by-month-by-hour fixed effects to allow for day-of-week heterogeneity.

Specifications (4) and (5) may be viewed as restricted versions of (3). Specification (4) separates

day-of-week-by-hour fixed effects from the year-by-month-by-hour fixed effects. Specification (5)

includes three separable time fixed effects, year-by-hour, month-by-hour, and day-of-week-by-

hour.

Tables 5-8 present hourly regression results for the fixed effects specifications in (1)-(5). These

results illustrate that for our application, the fixed effects specification has little impact on the

coefficient estimates and the significance level. However, in general, fixed effects specifications

can have an impact on the resulting estimates. To provide a recent example, Burlig et al. (2019)

find that their estimates are highly sensitive to varying their fixed effects specification.
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6 Epiloque: When are there Benefits to High-Frequency Panel Data?

This paper presents a formal analysis of the potential gains from high-frequency panel data in

estimating the relationship between an outcome and regressors of interest. Although we formal-

ize the first-order considerations in this context to provide guidance to empirical practice, some

caveats are in order. Throughout the paper, we assume that the quality of the data at the high- and

low-frequency dimension is the same. While this is largely true in our empirical application using

smart-meter energy consumption data, this may not be the case in other settings. For instance,

higher frequency data may suffer from greater measurement error or attrition problems relative

to their low-frequency version.21 This is important to keep in mind when taking the results of this

paper to more general empirical settings. A formal analysis of these issues and their consequences

for comparing estimates from high- and low-frequency data is left for future work.

One of the key takeaways from this paper is that in making a decision regarding aggrega-

tion level, the empirical researcher ought to think carefully about the features of the “true” high-

frequency outcome equation.22 In general, our results point to three factors that affect the extent of

potential gains from high-frequency data: (1) response heterogeneity at the high-frequency dimen-

sion, (2) differential response to high- and low-frequency variation in the regressor, (3) nonlinear-

ities in the relationship between the high-frequency outcome and regressor. If the high-frequency

outcome depends linearly on the contemporaneous regressor and there is no response hetero-

geneity in that dimension, then the gains from using the high-frequency data may not be large.

For instance, consider the effect of air pollution on mortality. One may argue that cumulative air

pollution over a period of time causes mortality, rather than hourly fluctuations. As such, mor-

tality’s sensitivity to air pollution would not vary at the hourly level, but rather at a lower level

of aggregation, such as month or season. However, if there are nonlinearities in the relationship

between the higher frequency mortality rate and pollution, then the availability of high-frequency

pollution variables would be critical to capture those nonlinearities.

While our examination of the energy-temperature relationship is primarily an illustration of

21Remark 8 discusses a limiting case where the high-frequency variation consists purely of measurement error. In
this case, the low-frequency estimator would be consistent for the parameter of interest, whereas the high-frequency
estimator would suffer from attenuation bias.

22Similar considerations arise in the context of estimating dynamic panel models with unequally spaced data (Mil-
limet and McDonough, 2017).

34



the key theoretical points in the paper, it remains important to put our emiprical findings in the

context of the energy efficiency literature given the prominent role of energy efficiency policies

in addressing climate change. Our analysis documents substantial hourly heterogeneity in en-

ergy consumption’s response to temperature. Since energy efficiency improvements that target

heating or cooling necessarily depend on the relationship between energy consumption and tem-

perature or price, recent work in this literature uses high-frequency data to understand when

energy efficiency programs have the largest gains given temperature or price (Novan and Smith,

2017; Boomhower and Davis, 2019). In this analysis, the models used interact the energy efficiency

program with temperature or price. Hence, even though the treatment variable in this case does

not vary at the high-frequency dimension, this interaction will.23 Our findings point to the impor-

tance of accounting for response heterogeneity in this context to provide reliable estimates of the

impact of energy efficiency programs. Finally, our theoretical results emphasize the importance of

accounting for unit response heterogeneity in addition to hourly heterogeneity in order to provide

valid estimates of energy efficiency programs.

Finally, it is important to emphasize that there are several other considerations regarding the

potential benefits from high-frequency data that are beyond the scope of this paper. We focus on

“identification” gains from high-frequency data since they are critical for the internal validity of

any study and the robustness of its results. However, the potential for a bias-variance trade-off

in this context is an important issue to consider in future work. There are also several inference

questions that arise in this context that constitute important directions in the literature. Specifi-

cally, clustering in standard error estimation is common practice, however a formal guidance on

what level to cluster on in this empirical context merits further investigation. Furthermore, when

estimating heterogeneous parameters at the high-frequency dimension, it is important to control

for multiple testing in order to ensure that the inferences made on these parameters are valid.
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pacts of Climate Change on Agriculture,” Annual Review of Resource Economics, 2018, 10 (1),

361–380.

Chang, Shao-Chi, Sheng-Syan Chen, Robin K. Chou, and Yueh-Hsiang Lin, “Weather and in-

traday patterns in stock returns and trading activity,” Journal of Banking and Finance, 2008, 32 (9),

1754 – 1766.

Chernozhukov, Victor, Iván Fernández-Val, Jinyong Hahn, and Whitney Newey, “Average and

Quantile Effects in Nonseparable Panel Models,” Econometrica, 2013, 81 (2), 535–580.

de Chaisemartin, Clément and Xavier d’Haultfoeuille, “Two-way fixed effects estmators with

heterogeneous treatment effects,” 2019. Unpublished Manuscript.

Dell, Melissa, Benjamin F. Jones, and Benjamin A. Olken, “What Do We Learn from the

Weather? The New Climate-Economy Literature,” 2014, 52 (3), 740–798.

Fowlie, Meredith, Michael Greenstone, and Catherine Wolfram, “Do Energy Efficiency Invest-

ments Deliver? Evidence from the Weatherization Assistance Program*,” The Quarterly Journal

of Economics, 01 2018, 133 (3), 1597–1644.

36



Ghanem, Dalia, “Testing identifying assumptions in nonseparable panel data models,” Journal of

Econometrics, 2017, 197 (2), 202 – 217.
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Table 5: Hourly Regression Results with Different Fixed Effects Specifications: 1-6hr

Dependent Variable: Energy Consumption in 1hr
(1) (2) (3) (4) (5)

Temperature in 1hr 0.0342 0.0342 0.0343 0.0342 0.0345
(12.90) (12.88) (15.07) (12.83) (12.13)

#Obs 1492349 1492349 1492349 1492349 1492349

Dependent Variable: Energy Consumption in 2hr
(1) (2) (3) (4) (5)

Temperature in 2hr 0.0276 0.0276 0.0278 0.0277 0.0279
(11.13) (11.11) (12.72) (11.07) (10.56)

#Obs 1492352 1492352 1492352 1492352 1492352

Dependent Variable: Energy Consumption in 3hr
(1) (2) (3) (4) (5)

Temperature in 3hr 0.0231 0.0231 0.0232 0.0233 0.0235
(9.73) (9.71) (11.30) (9.58) (9.08)

#Obs 1492354 1492354 1492354 1492354 1492354

Dependent Variable: Energy Consumption in 4hr
(1) (2) (3) (4) (5)

Temperature in 4hr 0.0186 0.0186 0.0190 0.0188 0.0191
(8.92) (8.91) (10.25) (8.74) (8.11)

#Obs 1492355 1492355 1492355 1492355 1492355

Dependent Variable: Energy Consumption in 5hr
(1) (2) (3) (4) (5)

Temperature in 5hr 0.0156 0.0156 0.0157 0.0156 0.0158
(7.56) (7.55) (8.50) (7.42) (7.00)

#Obs 1492355 1492355 1492355 1492355 1492355

Dependent Variable: Energy Consumption in 6hr
(1) (2) (3) (4) (5)

Temperature in 6hr 0.0125 0.0125 0.0129 0.0126 0.0127
(7.18) (7.17) (8.31) (7.23) (6.60)

#Obs 1492354 1492354 1492354 1492354 1492354
Notes: The regression results reported above use different fixed effects specifications. All
standard errors are clustered at the year-by-week level. For Yitmwdh = Xtmwdh + ηitmwd +
uitmwdh, where w denotes week. (1) ηitmwd = αih +λtmh (baseline), (2) ηitmwd = αith +λtmh,
(3) ηitmwd = αih + λtmdh, (4) ηitmwd = αih + λtmh + δdh, (5) ηitmwd = αih + λth + γmh + δdh.
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Table 6: Hourly Regression Results with Different Fixed Effects Specifications: 7-12hr

Dependent Variable: Energy Consumption in 7hr
(1) (2) (3) (4) (5)

Temperature in 7hr 0.0100 0.0100 0.0107 0.0104 0.0105
(6.81) (6.80) (8.78) (7.53) (6.79)

#Obs 1492355 1492355 1492355 1492355 1492355

Dependent Variable: Energy Consumption in 8hr
(1) (2) (3) (4) (5)

Temperature in 8hr 0.0080 0.0080 0.0088 0.0088 0.0088
(5.66) (5.65) (7.75) (7.22) (6.62)

#Obs 1492355 1492355 1492355 1492355 1492355

Dependent Variable: Energy Consumption in 9hr
(1) (2) (3) (4) (5)

Temperature in 9hr 0.0079 0.0079 0.0083 0.0084 0.0085
(5.17) (5.16) (6.37) (5.88) (5.57)

#Obs 1492355 1492355 1492355 1492355 1492355

Dependent Variable: Energy Consumption in 10hr
(1) (2) (3) (4) (5)

Temperature in 10hr 0.0100 0.0100 0.0095 0.0098 0.0099
(5.46) (5.45) (5.93) (5.27) (5.07)

#Obs 1492353 1492353 1492353 1492353 1492353

Dependent Variable: Energy Consumption in 11hr
(1) (2) (3) (4) (5)

Temperature in 11hr 0.0128 0.0128 0.0117 0.0122 0.0124
(5.44) (5.43) (6.03) (5.26) (5.10)

#Obs 1492352 1492352 1492352 1492352 1492352

Dependent Variable: Energy Consumption in 12hr
(1) (2) (3) (4) (5)

Temperature in 12hr 0.0170 0.0170 0.0157 0.0163 0.0166
(5.90) (5.89) (6.59) (5.80) (5.60)

#Obs 1492352 1492352 1492352 1492352 1492352
Notes: The regression results reported above use different fixed effects specifications. All
standard errors are clustered at the year-by-week level. For Yitmwdh = Xtmwdh + ηitmwd +
uitmwdh, where w denotes week. (1) ηitmwd = αih +λtmh (baseline), (2) ηitmwd = αith +λtmh,
(3) ηitmwd = αih + λtmdh, (4) ηitmwd = αih + λtmh + δdh, (5) ηitmwd = αih + λth + γmh + δdh.
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Table 7: Hourly Regression Results with Different Fixed Effects Specifications: 13-18hr

Dependent Variable: Energy Consumption in 13hr
(1) (2) (3) (4) (5)

Temperature in 13hr 0.0230 0.0230 0.0218 0.0222 0.0225
(6.86) (6.85) (7.76) (6.81) (6.52)

#Obs 1492352 1492352 1492352 1492352 1492352

Dependent Variable: Energy Consumption in 14hr
(1) (2) (3) (4) (5)

Temperature in 14hr 0.0306 0.0306 0.0295 0.0298 0.0299
(8.28) (8.27) (9.24) (8.25) (7.86)

#Obs 1492350 1492350 1492350 1492350 1492350

Dependent Variable: Energy Consumption in 15hr
(1) (2) (3) (4) (5)

Temperature in 15hr 0.0382 0.0382 0.0373 0.0374 0.0374
(9.82) (9.80) (10.99) (9.81) (9.29)

#Obs 1492354 1492354 1492354 1492354 1492354

Dependent Variable: Energy Consumption in 16hr
(1) (2) (3) (4) (5)

Temperature in 16hr 0.0471 0.0471 0.0465 0.0464 0.0463
(12.06) (12.04) (13.11) (12.15) (11.54)

#Obs 1492354 1492354 1492354 1492354 1492354

Dependent Variable: Energy Consumption in 17hr
(1) (2) (3) (4) (5)

Temperature in 17hr 0.0535 0.0535 0.0536 0.0530 0.0529
(15.11) (15.08) (16.70) (15.48) (14.69)

#Obs 1492354 1492354 1492354 1492354 1492354

Dependent Variable: Energy Consumption in 18hr
(1) (2) (3) (4) (5)

Temperature in 18hr 0.0556 0.0556 0.0564 0.0553 0.0555
(19.15) (19.12) (20.26) (19.49) (18.22)

#Obs 1492352 1492352 1492352 1492352 1492352
Notes: The regression results reported above use different fixed effects specifications. All
standard errors are clustered at the year-by-week level. For Yitmwdh = Xtmwdh + ηitmwd +
uitmwdh, where w denotes week. (1) ηitmwd = αih +λtmh (baseline), (2) ηitmwd = αith +λtmh,
(3) ηitmwd = αih + λtmdh, (4) ηitmwd = αih + λtmh + δdh, (5) ηitmwd = αih + λth + γmh + δdh.
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Table 8: Hourly Regression Results with Different Fixed Effects Specifications: 19-24hr

Dependent Variable: Energy Consumption in 19hr
(1) (2) (3) (4) (5)

Temperature in 19hr 0.0573 0.0573 0.0587 0.0574 0.0578
(23.62) (23.58) (24.51) (24.25) (22.55)

#Obs 1492354 1492354 1492354 1492354 1492354

Dependent Variable: Energy Consumption in 20hr
(1) (2) (3) (4) (5)

Temperature in 20hr 0.0605 0.0605 0.0616 0.0606 0.0611
(23.93) (23.89) (24.09) (24.42) (22.85)

#Obs 1492354 1492354 1492354 1492354 1492354

Dependent Variable: Energy Consumption in 21hr
(1) (2) (3) (4) (5)

Temperature in 21hr 0.0596 0.0596 0.0603 0.0598 0.0604
(21.01) (20.98) (20.87) (21.55) (20.95)

#Obs 1492354 1492354 1492354 1492354 1492354

Dependent Variable: Energy Consumption in 22hr
(1) (2) (3) (4) (5)

Temperature in 22hr 0.0551 0.0551 0.0557 0.0558 0.0564
(19.55) (19.52) (20.46) (20.07) (18.99)

#Obs 1492342 1492342 1492342 1492342 1492342

Dependent Variable: Energy Consumption in 23hr
(1) (2) (3) (4) (5)

Temperature in 23hr 0.0512 0.0512 0.0517 0.0517 0.0521
(18.25) (18.22) (20.79) (19.05) (17.34)

#Obs 1492351 1492351 1492351 1492351 1492351

Dependent Variable: Energy Consumption in 24hr
(1) (2) (3) (4) (5)

Temperature in 24hr 0.0432 0.0432 0.0434 0.0434 0.0437
(15.05) (15.02) (17.25) (15.48) (14.40)

#Obs 1492352 1492352 1492352 1492352 1492352
Notes: The regression results reported above use different fixed effects specifications. All
standard errors are clustered at the year-by-week level. For Yitmwdh = Xtmwdh + ηitmwd +
uitmwdh, where w denotes week. (1) ηitmwd = αih +λtmh (baseline), (2) ηitmwd = αith +λtmh,
(3) ηitmwd = αih + λtmdh, (4) ηitmwd = αih + λtmh + δdh, (5) ηitmwd = αih + λth + γmh + δdh.
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A Mathematical Appendix

A.1 Derivations for Section 3

Decomposition of β̂HF.

β̂HF =
∑i,t,h(Xith − X̄i.h − X̄.th)(Yith − Ȳi.h − Ȳ.th)

∑i,t,h(Xith − X̄i.h − X̄.th)2

For each h,

∑
i,t
(Xith − X̄i.h − X̄.th)(−Ȳi.h − Ȳ.th)

=−∑
i

TX̄i.hȲi.h −∑
t

NX̄.thȲ.th + T ∑
i

X̄i.hȲi.h + ∑
i

X̄i.h ∑
t

Ȳ.th + ∑
t

X̄.th ∑
i

Ȳi.h + N ∑
t

X̄.thȲ.th

=2NTX̄..hȲ..h (54)

Hence, wlog assuming X̄..h = Ȳ..h = 0 for all h yields

β̂HF =
∑i,t,h(Xith − X̄i.h − X̄.th)Yith

∑i,t,h(Xith − X̄i.h − X̄.th)2 = β +
∑i,t,h(Xith − X̄i.h − X̄.th)(αih + λth + uith)

∑i,t,h(Xith − X̄i.h − X̄.th)2

= β +
∑i,t,h(Xith − X̄i.h − X̄.th)αih

∑i,t,h(Xith − X̄i.h − X̄.th)2︸ ︷︷ ︸
=0, since X̄..h = 0

+
∑i,t,h(Xith − X̄i.h − X̄.th)λth

∑i,t,h(Xith − X̄i.h − X̄.th)2︸ ︷︷ ︸
=0, since X̄..h = 0

+
∑i,t,h(Xith − X̄i.h − X̄.th)uith

∑i,t,h(Xith − X̄i.h − X̄.th)2

(55)

Decomposition of β̂LF. We first note that

∑
i,t
(X̄it. − X̄i.. − X̄.t.)(−Ȳi.. − Ȳ.t.)

=−∑
i,t

X̄it.Ȳi.. −∑
i,t

X̄it.Ȳ.t. + ∑
i,t

X̄i..Ȳi.. + ∑
i,t

X̄i..Ȳ.t. + ∑
i,t

X̄.t.Ȳi.. + ∑
i,t

X̄.t.Ȳ.t.

=− T ∑
i

X̄i..Ȳi.. − N ∑
t

X̄.t.Ȳ.t. + T ∑
i

X̄i..Ȳi.. + NTX̄Ȳ + NTX̄Ȳ + N ∑
t

X̄.t.Ȳ.t. = 2NTX̄Ȳ

(56)
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Since we imposed that X̄..h = Ȳ..h = 0 ∀h, it follows that X̄ = Ȳ = 0, then the above equals zero.

As a result,

β̂LF =
∑i,t(X̄it. − X̄i.. − X̄.t.)Ȳit.

∑i,t(X̄it. − X̄i.. − X̄.t.)2 =
∑i,t(X̄it. − X̄i.. − X̄.t.)(X̄it.β + ᾱi. + λ̄t. + ūit.)

∑i,t(X̄it. − X̄i.. − X̄.t.)2

= β +
1

H2
∑i,t ∑h ∑`(Xith − X̄i.h − X̄.th)(αi` + λt` + uit`)

∑i,t(X̄it. − X̄i.. − X̄.t.)2

= β +
1

H2
∑i ∑h ∑` αi` ∑t(Xith − X̄i.h − X̄.th)

∑i,t(X̄it. − X̄i.. − X̄.t.)2 +
1

H2
∑t ∑h ∑` λt` ∑i(Xith − X̄i.h − X̄.th)

∑i,t(X̄it. − X̄i.. − X̄.t.)2

+
1

H2
∑i,t ∑h ∑`(Xith − X̄i.h − X̄.th)uit`

∑i,t(X̄it. − X̄i.. − X̄.t.)2 (57)

= β +
T
H

X̄ ∑i ∑` αi`

∑i,t(X̄it. − X̄i.. − X̄.t.)2︸ ︷︷ ︸
=0, since X̄=0

+
N
H

X̄ ∑t ∑` λt`

∑i,t(X̄it. − X̄i.. − X̄.t.)2︸ ︷︷ ︸
=0, since X̄=0

+
1

H2
∑i,t ∑h ∑`(Xith − X̄i.h − X̄.th)uit`

∑i,t(X̄it. − X̄i.. − X̄.t.)2

= β +
∑i,t ∑h ∑`(Xith − X̄i.h − X̄.th)uit`

∑i,t(∑h(Xith − X̄i.h − X̄.th))2 (58)

Proof of Theorem 1. (i) Since for all t, h, `, E[(Xith − X̄i.h − X̄.th)uit`] = 0 by E[uith|{Xi.`, αi`}H
`=1] =

0, it follows from strict exogeneity and the cross-sectional i.i.d. assumption that the probability

limit of the numerator of both β̂LF and β̂HF equals zero by the Kolmogorov law of large numbers

(KLLN). It remains to provide sufficient conditions to establish the probability limit of the denom-

inator of both estimators. Note that given the moment conditions imposed in this theorem, KLLN

implies that X̄.th
p→ E[Xith] ∀t, h. Hence, the denominator of β̂LF can be simplified as follows

1
n ∑

i,t

(
H

∑
h=1

(Xith − X̄i.h − X̄.th ± E[Xith])

)2

=
1
n ∑

i,t

(
H

∑
h=1

(Xith − X̄i.h − E[Xith])

)2

− 2 ∑
t

H

∑
h=1

(X̄.th − E[Xith])
1
n ∑

i

H

∑
`=1

(Xit` − X̄i.` − E[Xit`])

+ ∑
t

(
H

∑
h=1

(X̄.th − E[Xith])

)2

=
1
n ∑

i
∑

t

(
H

∑
h=1

(Xith − X̄i.h − E[Xith])

)2

+ op(1) (59)
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By similar arguments, we can write the denominator of β̂HF as

1
n ∑

i,t,h
(Xith − X̄i.h − X̄.th)

2
=

1
n ∑

i,t,h
(Xith − X̄i.h − E[Xith])

2
+ op(1) (60)

Given the imposed moment conditions, the expectation of the denominator of β̂LF can be

bounded above by a scaled version of the expectation of the denominator of β̂HF

∑
t

E

(∑
h
(Xith − X̄i.h − E[Xith])

)2
 ≤∑

t
H2

(
1
H ∑

h

(
E
[
(Xith − X̄i.h − E[Xith])

2])1/2
)2

≤∑
t

H2

( 1
H ∑

h
E
[
(Xith − X̄i.h − E[Xith])

2])1/2
2

= ∑
t

H ∑
h

E
[
(Xith − X̄i.h − E[Xith])

2]
(61)

where the first inequality follows by applying Minkowski’s inequality for each t. The second

inequality follows from the convexity of the square root function and Jensen’s inequality applied

to the simple average. The term on the LHS of the first equality is strictly greater than zero and

the term on the RHS of the last equality is finite since E[(Xith − X̄i.h − E[Xith])
2] < ∞ ∀t, h by

assumption. Hence, by KLLN, the denominators of both β̂LF and β̂HF converge to probability

limits that are strictly greater than zero, and hence the consistency of β̂LF and β̂HF follows by the

continuous mapping theorem.

The probability limits in (ii) rely on the results for the denominators of both estimators in (i).

The probability limit of the numerator of β̂LF follows from the following

plimn→∞
1
n ∑

i,t
∑
h

∑
`

(Xith − X̄i.h − X̄.th)uit` = plimn→∞
1
n ∑

i,t
∑
h

∑
`

(Xith − X̄i.h − E[Xith])uit`

=∑
t

∑
h

∑
` 6=h

E[(Xith − X̄i.h − E[Xith])uit`]. (62)

The first equality follows from noting that the remainder term 1
n ∑i,t ∑h ∑`(E[Xith] − X̄.th)uit` =

∑t,h,`(E[Xith]− X̄.th)ū.t` = op(1). This follows from the continuous mapping theorem after noting

that by KLLN and the moment conditions imposed, X̄.th − E[Xith] = op(1) and ū.t` = Op(1)

∀t, h, `. The second equality follows from KLLN and noting that E[(Xith − X̄i.h − E[Xith])uith] = 0
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under the exogeneity condition imposed in (ii) and the finiteness of the absolute first moment

of all remaining terms in the sum. The latter follows by applying Cauchy-Schwarz inequality as

follows E|(Xith − X̄i.h − E[Xith])uit`| ≤ (E[(Xith − X̄i.h − E[Xith])
2])1/2(E[u2

it`])
1/2, where both RHS

terms are finite by the assumptions imposed in the theorem. The probability limit for β̂LF follows

from (62) together with the invertibility of the probability limit of its denominator provided in the

proof of (i). As for β̂HF, the result follows from E[(Xith − X̄i.h − X̄.th)uith] = 0 which is implied by

the exogeneity assumption (ii) together with cross-sectional independence. �

A.2 Derivations and Proofs for Section 4

Proof of Theorem 2.

β̂LF =
∑i,t(X̄it. − X̄i.. − X̄.t.)Ȳit.

∑i,t(X̄it. − X̄i.. − X̄.t.)2 =
∑i,t ∑h(Xith − X̄i.h − X̄.th)∑` Yit`

∑i,t(∑h(Xith − X̄i.h − X̄.th))2

=
∑i,t ∑h(Xith − X̄i.h − X̄.th)∑`(Xit`β` + αi` + λt` + uit`)

∑i,t(∑h(Xith − X̄i.h − X̄.th))2

=
∑i,t ∑h βh ∑`(Xith − X̄i.h − X̄.th)(Xit` − X̄i.` − X̄.t`)/n

∑i,t(∑h(Xith − X̄i.h − X̄.th))2/n

+
∑i,t ∑h(Xith − X̄i.h − X̄.th)∑` uit`/n

∑i,t(∑h(Xith − X̄i.h − X̄.th))2/n
.

By assumptions in the theorem, KLLN applies to the denominator of β̂LF, which thereby converges

in probability to E
[
∑t(∑h(Xith − X̄i.h − E[Xith]))

2] > 0 by similar arguments as in the proof of

Theorem 1. By the exogeneity condition imposed, E[(Xith − X̄i.h − X̄.th)uit`] = 0 ∀h, `. Hence, the

second term on the RHS of the last equality converges in probability to zero. Since E[(Xith− X̄i.h−

E[Xith])
2] < ∞ ∀t, h, E[(Xith − X̄i.h − E[Xith])(Xit` − X̄i.` − E[Xit`])] is also finite by the Cauchy-

Schwarz inequality. Furthermore, since |βh| < ∞ ∀h, KLLN applies to the numerator of the first

term on the RHS of the last equality. As a result, as n→ ∞

β̂LF
p→ ∑h βh ∑` E [∑t(Xith − X̄i.h − E[Xith])(Xit` − X̄i.` − E[Xit`])]

E [∑t(∑h(Xith − X̄i.h − E[Xith]))2]
(63)
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The result for β̂HF follows from plugging in (25) in lieu of Yith which yields the following

β̂HF =
∑i,t,h(Xith − X̄i.h − X̄.th)

2βh

∑i,t,h(Xith − X̄i.h − X̄.th)2 +
∑i,t,h(Xith − X̄i.h − X̄.th)uith

∑i,t,h(Xith − X̄i.h − X̄.th)2

p→ ∑h βh ∑t E[(Xith − X̄i.h − E[Xith])
2]

∑h ∑t E[(Xith − X̄i.h − E[Xith])2]
(64)

where the result follows from the exogeneity condition that implies that the second term on the

RHS of the equality converges in probability to zero, whereas the first term converges to its prob-

ability limit given that sufficient conditions for KLLN and continuous mapping theorem are im-

posed.

Finally, the consistency of β̂h for βh ∀h follows in a straightforward manner from (27) given

the exogeneity condition as well as the conditions imposed which imply 0 < ∑t E[(Xith − X̄i.h −

E[Xith])
2] < ∞. �

Proof of Theorem 3. We first examine the probability limit of β̂LF. Similar to the proof of Theorem

1, noting that sufficient conditions hold such that Corollary 3.9 from White (2001) applies to X̄.th

which thereby converges in probabiltiy to Ē[Xith]. As a result,

1
n ∑

i,t

(
∑
h
(Xith − X̄i.h − X̄.th)

)2

=
1
n ∑

i,t

(
∑
h
(Xith − X̄i.h − Ē[Xith])

)2

+ op(1). (65)

Furthermore, using (61) from the proof of Theorem 1 and assuming ∑t E[(∑h(Xith− X̄i.h− Ē[Xith]))
2]

> 0 ∀i as well as E|Xith − X̄i.h − E[Xith]|2+δ for some δ > 0 ∀i, t, h, Corollary 3.9 from White (2001)

together with (65) implies that the denominator of β̂LF converges in probability to Ē[∑t(∑h(Xith −

X̄i.h − Ē[Xith]))
2] > 0. In addition, given the moment conditions on the terms in the numerator

of β̂LF, Corollary 3.9 from White (2001) as well as the continuous mapping theorem apply and we

obtain the following result for β̂LF

β̂LF =
∑i,t ∑h βih ∑`(Xith − X̄i.h − X̄.th)(Xit` − X̄i.` − X̄.t`)

∑i,t(∑h(Xith − X̄i.h − X̄.th))2 +
∑i,t ∑h(Xith − X̄i.h − X̄.th)∑` uit`

∑i,t(∑h(Xith − X̄i.h − X̄.th))2

p→∑t ∑h Ē[∑h βih ∑`(Xith − X̄i.h − Ē[Xith])(Xit` − X̄i.` − Ē[Xit`])]

Ē[∑t(∑h(Xith − X̄i.h − Ē[Xith]))2]
. (66)

As for β̂HF and β̂h, the probability limit follows from the exogeneity condition together with the

moment conditions that are sufficient for Corollary 3.9 from White (2001) as well as the continuous
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mapping theorem

β̂HF =
∑i,t ∑h(Xith − X̄i.h − X̄.th)

2βih

∑i,t ∑h(Xith − X̄i.h − X̄.th)2 +
∑i,t ∑h(Xith − X̄i.h − X̄.th)

2uith

∑i,t ∑h(Xith − X̄i.h − X̄.th)2

p→ ∑t ∑h Ē[βih(Xith − X̄i.h − Ē[Xith])
2]

Ē[∑t ∑h(Xith − X̄i.h − Ē[Xith])2]
(67)

β̂h =
∑i,t(Xith − X̄i.h − X̄.th)

2βih

∑i,t(Xith − X̄i.h − X̄.th)2 +
∑i,t(Xith − X̄i.h − X̄.th)

2uith

∑i,t(Xith − X̄i.h − X̄.th)2

p→ ∑t Ē[βih(Xith − X̄i.h − Ē[Xith])
2]

Ē[∑t(Xith − X̄i.h − Ē[Xith])2]
. (68)

�

Proof of Theorem 4. By plugging in (36) into β̂LF we obtain the following

β̂LF = γ
∑i,t(∑h(Xith − X̄i.h − X̄t.h)∑` X̄itm(`)

∑i,t (∑h(Xith − X̄i.h − X̄t.h))
2 + β

∑i,t(∑h(Xith − X̄i.h − X̄t.h)∑`(Xit` − X̄itm(`))

∑i,t (∑h(Xith − X̄i.h − X̄t.h))
2

+
∑i,t(∑h(Xith − X̄i.h − X̄t.h)∑` uit`

∑i,t (∑h(Xith − X̄i.h − X̄t.h))
2 (69)

which converges to the probability limit stated in the theorem by the exogeneity condition which

implies that the numerator of the last term in the above equality converges in probability to zero,

the moment conditions that are sufficient for the application of KLLN to the denominator. Finally,

in order to derive the probability limit of the numerator of the first two terms in the above equality,

we first apply the Cauchy Schwartz and Minkowski’s inequality to the following term ∀t

(
E

[
∑
h
(Xith − X̄i.h − E[Xith])∑

`

X̄itm(`)

])2

≤E

(∑
h
(Xith − X̄i.h − E[Xith])

)2
 E

(∑
`

X̄itm(`)

)2


≤
(

∑
h

(
E
[
(Xith − X̄i.h − E[Xith])

2])1/2
)2(

∑
`

(
E
[

X̄2
itm(`)

])1/2
)2

. (70)

As a result, the moment conditions imposed imply that the last term is finite since each term in the

two finite sums is finite. This implies that the numerator of the first term in the decomposition of

β̂LF converges in probability to the relevant expected quantity. The result follows for the second

term in the decomposition of β̂LF in a straightforward manner by separating it into two terms
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using the second difference in the product.

The derivation of the probability limit of β̂HF follows in a straightforward manner,

β̂HF = γ
∑i,t,h(Xith − X̄i.h − X̄t.h)X̄itm(h)

∑i,t,h (Xith − X̄i.h − X̄t.h)
2 + β

∑i,t,h(Xith − X̄i.h − X̄t.h)(Xith − X̄itm(h))

∑i,t,h (Xith − X̄i.h − X̄t.h)
2

+
∑i,t,h((Xith − X̄i.h − X̄t.h)uith

∑i,t,h (Xith − X̄i.h − X̄t.h)
2 . (71)

Since the moment conditions imposed are sufficient for the application of the KLLN for both the

numerator and the denominator as well as the continuous mapping theorem to their ratio, the

probability limit stated in the theorem follows in a straightforward manner.24 �

Figure 4: Regression Coefficients of Hourly Temperature h on Hourly Energy Consumption `
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Notes: The heat map presents the two-way fixed effects regression coefficients
of hourly energy consumption ` on hourly temperature h for h = 1, . . . , H
and ` = 1, . . . , H, specifically γ̂h`, where γ̂hh = β̂h.

A.3 Derivations and Supplementary Analysis for Section 5

Empirical Illustration of (30). Here we illustrate the numerical identity of β̂LF in (30) using our

empirical application, where β̂LF is obtained from the daily aggregated fixed effects regression.

24Here Cauchy Schwartz inequality is applied to E[(Xith − X̄i.h − E[Xith])X̄itm(h)] to obtain the result.
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Figure 4 presents the heatmap of regression coefficients of hourly temperature h on hourly energy

consumption `, γ̂h` = ∑i,t(Xith − X̄i.h − X̄.th)(Yit` − Ȳi.` − Ȳ.t`)/ ∑i,t(Xith − X̄i.h − X̄.th)
2 which is

identical to β̂h when h = `. According to (30), β̂LF equals the sum across h of the product of

∑H
`=1 γ̂h` and ŵLF,D

h = ∑i,t(Xith − X̄i.h − X̄.th)
2/ ∑i,t(∑h(Xith − X̄i.h − X̄.th))

2. Table 9 presents the

estimates of these quantities using our dataset for each h and presents their sum which is numeri-

cally identical to the estimate of β̂LF, the daily regression coefficient, in Table 1.

Table 9: Numerical Illustration of the Decomposition of β̂LF (Daily Aggregated Regression)
h 1 2 3 4 5 6 7 8 9 10 11 12

∑H
`=1 γ̂h` 0.919 0.944 0.983 0.956 0.928 0.899 0.933 0.962 0.910 0.837 0.771 0.716

ŵLF,D
h 0.002 0.002 0.001 0.001 0.001 0.001 0.001 0.001 0.002 0.002 0.002 0.003

h 13 14 15 16 17 18 19 20 21 22 23 24

∑H
`=1 γ̂h` 0.6855 0.6660 0.6384 0.6411 0.6278 0.5981 0.5877 0.6236 0.6675 0.7116 0.7696 0.8199

ŵLF,D
h 0.0031 0.0033 0.0035 0.0035 0.0036 0.0038 0.0037 0.0031 0.0026 0.0023 0.0019 0.0018

β̂LF = ∑h ŵLF,D
h ∑` γ̂h` = 0.0411.

Notes: The above table presents the estimates of the components of the decomposition of β̂LF in (30) using
the daily regression with unit and year-by-month fixed effects in our empirical application: (1) ∑H

`=1 γ̂h` =

β̂h + ∑` 6=h γ̂h`, which are the sums of the columns of the heatmap in Figure 4, (2) ŵLF,D
h , where the super-script

D distinguishes the weights in the numerically identical decomposition from the estimated weights in the prob-
ability limit.
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Table A1: Hourly Regression Results

Hour 1 2 3 4 5 6
Temperature 0.0342 0.0276 0.0231 0.0186 0.0156 0.0125

(12.90) (11.13) (9.73) (8.92) (7.56) (7.18)
#Obs 1492349 1492352 1492354 1492355 1492355 1492354

Hour 7 8 9 10 11 12

Temperature 0.0100 0.0080 0.0079 0.0100 0.0128 0.0170
(6.81) (5.66) (5.17) (5.46) (5.44) (5.90)

#Obs 1492355 1492355 1492355 1492353 1492352 1492352

Hour 13 14 15 16 17 18
Temperature 0.0230 0.0306 0.0382 0.0471 0.0535 0.0556

(6.86) (8.28) (9.82) (12.06) (15.11) (19.15)

#Obs 1492352 1492350 1492354 1492354 1492354 1492352

Hour 19 20 21 22 23 24
Temperature 0.0573 0.0605 0.0596 0.0551 0.0512 0.0432

(23.62) (23.93) (21.01) (19.55) (18.25) (15.05)

#Obs 1492354 1492354 1492354 1492342 1492351 1492352
Notes: This table presents the hourly regression results which include unit-by-hour and
year-by-month-by-hour fixed effects. The t-statistics in parentheses are computed using
standard errors that are clustered at the year-by-week level.
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Table A2: Disentangling Response to Contemporaneous and Daily Mean Temperature: Hourly
Regression Results

Hour 1 2 3 4 5 6
Daily Mean Temperature (X̄itd) 0.0345 0.0280 0.0235 0.0193 0.0164 0.0133

(12.60) (11.06) (9.98) (9.53) (8.51) (7.95)

Deviation of Hourly Temperature
from Daily Mean (Xitdh − X̄itd.)

0.0328 0.0247 0.0196 0.0133 0.0105 0.0087

(9.86) (8.93) (6.71) (6.48) (5.54) (4.91)

#Obs 1492349 1492352 1492354 1492355 1492355 1492354

Hour 7 8 9 10 11 12
Daily Mean Temperature (X̄itd) 0.0104 0.0081 0.0082 0.0110 0.0164 0.0252

(7.21) (5.78) (5.50) (6.00) (6.11) (7.25)

Deviation of Hourly Temperature
from Daily Mean (Xitdh − X̄itd.)

0.0073 0.0069 0.0047 0.0040 -0.0019 -0.0070

(4.24) (2.82) (1.82) (1.34) (-0.54) (-1.72)

#Obs 1492355 1492355 1492355 1492353 1492352 1492352

Hour 13 14 15 16 17 18
Daily Mean Temperature (X̄itd) 0.0373 0.0506 0.0637 0.0739 0.0813 0.0839

(8.63) (10.87) (13.80) (18.12) (21.88) (27.01)

Deviation of Hourly Temperature
from Daily Mean (Xitdh − X̄itd.)

-0.0128 -0.0134 -0.0112 -0.0051 0.0015 0.0093

(-2.66) (-2.98) (-2.31) (-0.99) (0.38) (2.54)

#Obs 1492352 1492350 1492354 1492354 1492354 1492352

Hour 19 20 21 22 23 24
Daily Mean Temperature (X̄itd) 0.0853 0.0847 0.0788 0.0685 0.0593 0.0481

(29.42) (29.32) (25.47) (21.54) (19.23) (16.43)

Deviation of Hourly Temperature
from Daily Mean (Xitdh − X̄itd.)

0.0116 0.0132 0.0120 0.0126 0.0166 0.0177

(3.26) (3.98) (4.73) (5.16) (6.90) (7.31)

#Obs 1492354 1492354 1492354 1492342 1492351 1492352
Notes: The above table presents the results for the following regression, Yitdh = γhX̄itd + βh(Xitdh − X̄itd) + αih +
λth + uitdh. The t-statistics in parentheses are computered using standard errors that are clustered at the year-by-
week-level.
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Table A3: First-difference Regression of Daily Energy Consumption on Daily Temperature

Dependent Variable: Daily Energy Consumption
(1) (2)

Daily Temperature 0.0364 0.0363
(16.28) (15.98)

# Observations 1,482,603 1,482,603
Note: The above results are obtained from estimating the regressions (1) ∆Ȳitd. =
α + ∆X̄itd. + εitd., (2) ∆Ȳitd. = ∆X̄itd. + λtm + uitd., where ∆Z̄itd. = Z̄itd. − Z̄it,d−1,.
and m denotes month. The t-statistic in parentheses is computed standard errors
that are clustered at the year-by-week level.
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Figure A1: Scatter Plots of Demeaned Hourly Temperature and Energy Consumption: 1-8hr
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Figure A2: Scatter Plots of Demeaned Hourly Temperature and Energy Consumption: 9-16hr
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Figure A3: Scatter Plots of Demeaned Hourly Temperature and Energy Consumption: 17-24hr
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