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Abstract

This dissertation consists of three Chapters. The first chapter discusses the weather
impact on electricity consumption and the policy implications from the temperature
sensitive shiftable electricity demand. Growth of intermittent renewable energy and
climate change make it increasingly difficult to manage electricity demand variabil-
ity. Transmission and centralized storage technologies can help, but are costly. An
alternative to centralized storage is to make better use of shiftable demand, but it
is unclear how much shiftable demand exists. A significant share of electricity de-
mand is used for cooling and heating, and low-cost technologies exists to shift these
loads. With sufficient insulation, energy used for air conditioning and space heating
can be stored in ice or hot water from hours to days. In this study, we combine
regional hourly demand with fine-grained weather data across the United States to
estimate temperature-sensitive demand, and how much demand variability can be
reduced by shifting temperature-sensitive loads within each day, with and without
improved transmission. We find that approximately three quarters of within-day
demand variability can be eliminated by shifting only half of temperature-sensitive
demand. The variability-reducing benefits of employing available shiftable demand
complement those gained from improved interregional transmission, and greatly mit-
igate the challenge of serving higher peaks under climate change.

The second chapter compares the predictions of a process-based crop model (SIM-
PLE) and statistical model, each of which links high-resolution weather to crop
yields, across hundreds of thousands of representative sampled corn and fields in the
United States. Grid-level weather is aggregated to the county-level and linked to
actual county-level outcomes over 20 years. The statistical model has a better fit
overall, and it captures much of the extreme-heat impact on crop yield in 2012, while
the SIMPLE model does not. Under climate change scenarios, the statistical model
predicts a decline in average yield of 20 bu/ac while the SIMPLE model predicts an
increase of 5.2 bu/ac. Similarly, we compare the models for soybeans yield forecast,
the outcome is inline with the outcome for corn, which is statistical model has a
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better fit and captures the extreme heat effect.

The third chapter compares air temperature in three different reanalysis dataset
by comparing the goodness-of-fit from hourly electricity consumption regression dis-
cussed in chapter one. Weather variables in different reanalysis datasets have dif-
ferent values, and they indicate different results in applied studies, such as those
predicting the impacts of climate change. Different reanalysis datasets may perform
better in different locations and for different weather metrics. To help reconcile dif-
ferences and evaluate the performance I compare air temperature in three reanalysis
datasets, ERAb5-land, NARR and MERRA2 for the continental US, by comparing
how well each data set predicts a physical outcome, hourly electricity demand. I
find that air temperature from ERA5-land results in the most accurate predictions
on average. Results are more ambiguous at the regional level. ERAb5-land has the
best fit in the east interconnect, while prediction performance is inconsistent in the
west interconnect, possibly due to more subtle and extreme geographical differences
within the balancing authorities examined.
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Chapter 1

Using Temperature Sensitivity to
Estimate Shiftable Electricity
Demand

1.1 Introduction

The cost of conventional electric power systems depends on how much demand uc-
tuates over time. Installed capacity must exceed peak demand, while base load
(minimum demand) limits the amount of capacity that can be fully utilized. Thus,
the greater the spread between peak and base load, the greater the average cost
per kilowatt hour. System design strives to optimally balance capacity cost, opera-
tion costs, and capacity utilization given demand variability [53, 21, 34]. Managing
variability is becoming increasingly di cult due to the growth of intermittent renew-
able energy and climate change. On a levelized basis, wind and solar photovolatic
(PV) are now the least costly sources of power, but have output that uctuates with
weather and sunlight. As a result, demand net of renewable supply is more variable
than demand itself. At the same time, climate change is increasing peak demand
for cooling on hot summer days [55, 11]. Transmission, batteries, pumped-water
hydroelectric systems, hydrogen, and other storage methods can help to smooth net
demand, but these are costly.

An alternative to these balancing technologies is to make better use of potentially

OCo-authored with Michael J. Roberts, Eleanor Yuan, James Jones, Matthias Fripp.
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shiftable demand! Some uses of electricity may be exible in terms of when they
draw power from the grid. Smart systems promise to automate and coordinate
shiftable demands in order to improve comfort and convenience for customers while
reshaping demand to be less costly to serve [22, 65]. A report, commissioned by the
Federal Energy Regulatory Commission, investigated the broader issue of demand
response in 2009 [20]. That report focuses mainly on the share of peak load that
might be curtailed or shifted in each state using a bottom-up approach that exam-
ined each kind of use from each class of electricity consumer. The report pays less
attention to potential e ects on base load, which could also have considerable value
[23]. A more recent analysis by the National Renewable Energy Laboratory [54] takes
a similar approach and considers implications of exibility for a range on uses, but
assume only a limited degree of exibility (a maximal one hour shift for HVAC), in
conjunction with a single model year (2012). These assumptions were embodied in
a recent National Academy of Sciences report on decarbonization pathways [63]. As
we look forward toward planning a future grid with more intermittent renewables,
what is needed is a broad assessment of the real-time shiftable demand in each lo-
cation, time of day, and weather circumstance. Such an assessment can be used in
conjunction with synchronized weather data to aid assessment of the best locations
to site renewables, transmission, and storage investments. Flexible demand could
ultimately reduce the costs of decarbonization by reducing storage and transmission
costs, and could therefore involve very di erent investment strategies, even in the
near term, as compared to systems that pay less attention to such potential.

How much exible demand exists? While many di erent kinds of demand may be
shiftable, a signi cant share of electricity demand is used for cooling and heating, and
low-cost technologies exist, and can likely be improved, to shift these loads. With
su cient insulation, energy used for air conditioning and space and water heating
can be stored in ice or hot water for hours to days [22, 83, 82]. The resulting exi-
bility of demand timing can be used to atten demand pro les, or in more complex
renewable systems, shift demand toward variable supply. While other exible uses of
electricity likely exist, heating and cooling demand is both substantial and sensitive
to ambient temperature uctuations, and thus estimable on a broad scale.

IDemand can also be curtailed through inconvenience or discomfort, which customers will-
ingly do under successful demand response programs [41, 15, 14, 79]. Our focus pertains to
demand-side storage or shifting, which may involve costs on the demand side, but not necessarily
a loss of utility or discomfort to customers. Location-speci c real-time retail pricing and other
mechanisms could be used to harness both kinds of demand reshaping.

2



In this paper we estimate potentially shiftable heating and cooling demand using
a \top down" approach that links hourly electricity demand across the continental
United States to ne-grained estimates of hourly temperature over space and time.
Our approach bears some resemblance to [26] who identify cooling loads by com-
paring realized demand in warm months to minimum demand on otherwise similar
days. Our approach is more explicit and less susceptible to potentially confounding
factors that could be associated with low-demand days and hours; it also accounts
for heating-related demand. We use a exible functional form to account for shifts
in demand that arise from seasonal, day of week, and time-of-day e ects, as well as
geospatial variations in climate, which can factor into temperature sensitivity. Con-
ditional on these factors, weather variation is arguably conditionally exogenousjas if
randomly assigned|and thereby constitutes a viable natural experiment to identify
temperature-sensitive load that is likely shiftable. We cross-validate the model by
predicting demand in out-of-sample years, and show these predictions to be highly
accurate. We then use the model to predict the share of temperature-sensitive de-
mand in each hour and region.

Assuming di erent shares () of the estimated temperature-sensitive load in each
hour can be shifted within each day, we determine alternative feasible \ attened"
demand pro les. These calculations are illustrated for one day in one region in the
Eastern interconnect, for =0:5and =1 (Figure 1.1). At least in a conventional
system, the degree to which demand can be attened comports with the cost of the
overall system, holding total demand xed. We show how much reshaping demand
in this manner can serve to atten load with and without transmission across regions
within and between the three interconnects in the United States: East, West and
ERCOT.? Finally, we predict demand and estimate shiftable load under a uniform
climate change scenario in which all temperatures increase byC2

1.2 Data and Methods

1.2.1 Data

All data used in this analysis are publicly available. All code used in data compila-
tion and estimation will be made publicly available upon publication.

2ERCOT stands for the Electric Reliability Council of Texas.
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Figure 1.1: Demand, Flexible Load, Hard Load, and Flattened Demand.
The graph shows electricity demand for one region in the Eastern Interconnect on
December 8, 2016, together with the estimated exible load (shaded yellow) and
remaining hard demand (assumed unshiftable). Flattened demand is constructed
by reshaping all (in blue) or half (in green) the exible load in each hour.

Cleaned hourly electricity demand from the Energy Information Administration
(EIA) form 930, were obtained from [70] for all balancing authorities for three calen-
dar years, 2016-2018. For both the Eastern and Western interconnects, we aggregated
hourly load into 15 regions. We aggregated balancing authorities based on spatial
overlap of coverage areas as indicated in shape les obtained from the Department
of Homeland Securityy We found the overlapping area of each balancing authority
with every other balancing authority and merged those with largest area overlap-
ping. This process was repeated until 15 balancing authorities remained in Eastern
and Western interconnects. The idea with aggregating balancing authorities in this
manner was to better match geospatial variation in weather to reported demand,

3See https://hi d-geoplatform.opendata.arcgis.com/datasets/control-areas.
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while preserving areas likely connected via transmission. These aggregated regions
are plotted in gures below. Note that the aggregated regions still have areas of
overlap with other regions.

Gridded air temperature (T) data at two meters of elevation (\air.2m") were ob-
tained from the the National Oceanic and Atmospheric Administrations North Amer-
ican Regional Reanalysis data (NARR}Y. These data give three-hour measures on a
roughly 30 kilometer grid. We linearly interpolate the three-hour data to convert to
hourly data. Two key weather measures are used, cooling degree ho@®H ) and
and heating degree hoursHDH ), where

CDH =maxfT 180g (1.1)

and
HDH =maxf18 T;0g (1.2)

To merge these temperature measures with the regional demand data, we overlaid
the gridded weather data with roughly 1 km gridded population data, and calculated
population-weighted averages over each regiénGiven the non-linearity of CDH and
HDH, we rst calculate the measures for each NARR grid cell before aggregating to
each region. If we were to instead nd the average temperature in a region and
then calculate CDH and HDH, estimates would be biased. For example, the mean
temperature in a region for a particular hour might be 18C, while some areas within
the region may be cooler and some areas warmer, giving rise to positive CDH and
HDH. If we were to rst average temperature and then calculate CDH and HDH,
both measures would be spuriously measured as zero.

To illustrate the link between demand and temperature in each region, we plot the
average demand anomaly (demand divided by mean demand) in each region at each
average temperature, breaking out separate measures for each season (Figures A.l
- A.3). The graphs of regions in the Eastern and Western interconnects are ordered
such that the warmest regions are in the top left and the coolest region is in the
bottom right of the panel of graphs. This ordering is apparent from the frequency
histograms of temperatures plotted below each region's panel. The graphs generally
show a \U" shape of load in relation to temperature, with a minimum near 1&,
which is consistent with convention. The \U" shape, with a lightly atter slope

4See ftp://ftp.cdc.noaa.gov/Datasets/NARR/monolevel/.
5Gridded population data were obtained from NASA's Socioeconomic Economic Data and
Applications Center.



near the minimum, which may result from spatial averaging as suggested above, as
well as from temperature associated time-of-day e ects. We also show each region's
relationship with HDH and CDH in Figures A.4 - A.5 (ERCOT is shown in the
body of the paper), which appear slightly more linear. While the slopes in relation
to HDH and CDH are similar across regions, they do dier. This may occur be-
cause di erent regions use di erent sources of heating and cooling, due to di ering
shares of industrial or other non-temperature sensitive loads, and because di erent
regions experience di erent climates. For example, in typically temperate climates
that rarely experience very hot temperatures, fewer customers may choose to install
air conditioning, and such customers would respond less to extreme temperatures
when they do arise. In the Eastern interconnect, we see a stronger link between
HDH and relative demand in warmer areas than in colder areas, presumably because
colder areas in the Northeast are less likely to use electric heat.

1.2.2 Regressions

The regression models we use for estimating temperature-sensitive load employ a
exible functional form linking demand to hour of day (hod), hour of year (hoy),
day of week (dow), and standard weather metrics, heating degree hours (HDH) and
cooling degree hours (CDH). Each region was estimated separately. A simplied
representation of the functional form is:

di = sp(hod) sq(hoy) I(dow)+ HHDH;+ CDH;+ u (1.3)

whered, is the natural log of hourly demand,s,(hod) is a natural spline of the hour

of day (1-24) in periodt, sq(hoy;) is a natural spline of the hour of year (1-8760),
and | (dow) is a vector of day-of-week indicator variables that take on a unique xed
value for each day of week. The s indicates that these explanatory variables are in-
teracted, such that separates, () and sq4() splines are, in e ect, estimated for each day

of the week, and the interaction betweers, and sq implies that hour-of-day e ects

are allowed to change smoothly over seasons. That is, each column of a spline design
matrix is multiplied with each column of the other spline design matrix, with an
additional coe cient estimated for each interaction. °®Model selection mainly comes
down to a choice of the number of knots in each spline. These were selected by 3-fold

6We can formalize the complete model as follows. De néddD" and D¢ as the design or basis
matrices for s, () and sq4(), which have dimensionsN K and N L whensy() has K + 1 knots
and sq() has L + 1 knots. Denote the k™ column of DM asD{, and the I'"" column of D9 asD¢.
Finally, redene | as anN 7 matrix of indicator variables for the day of the week, and as a
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cross validation, wherein the model was estimated three times, with two of the three
years used in estimation, and one full year of data reserved to assess out-of-sample t.
We select the number of knots based on out-of-sample t, and varies across regions.
For example, region 1 in the Eastern interconnect, summarized in Table A.1 uses 19
knots for the hour-of-day spline and 6 knots for the hour-of-year spline. The number
of degrees of freedom for each spline equals the number of knots. Accounting for the
interactions, the total number of parameters estimated equals (196 7+2 = 800),
which is relatively parsimonious given we observe over 26,000 observations for each
region (3 365 24).

The summary statistics presented above suggest that climate may in uence sen-
sitivity of demand to weather acrossregions, and these di erences will be accounted
for since we estimate separate models for each region. We also consider a speci ca-
tion that estimates heterogeneous responses to weathdthin each region. For each
30km weather grid cell we multiply the cell's 12-year mean CDH by realized hourly
CDH, and similarly calculate each cell's mean HDH and multiply by hourly HDH.
We then aggregate these interactions to the region level by taking the population-
weighted average, as we did with CDH and HDH. These covariates allow the marginal
responses to CDH and HDH to change linearly with climate measured as the mean
of temperature measures. As with CDH and HDH, it is important to account for
this interaction on the smallest geographic temperature measure before aggregating.

The regressions generally show that large share of the residual variance remain-
ing after exible spline controls for season and time-of-day was explained by CDH
and HDH. These two weather variables alone typically reduce the RMSE by about
50%, and increase the out-of-sample?Rrom about 0.6 to 0.9. Using Newey-West
robust standard errors to account for the autocorrelated error, we nd t-statistics
on the order of 250. When we add the interaction terms to the model, t tends to
improve slightly, increasing the out-of-sample Rby 0.01 or less, but the size and
sign of the interaction variables di ers greatly across regions. In some cases, for
some sub-regions, these interaction terms cause the marginal e ect of CDH or HDH
to turn negative. We believe some of these results are likely spurious, stemming
from the coarseness of our weather measures in relation to population and the rough

Hadamard product. The resulting regression model is:

X X X
d = kmi DI DY I+ wHDH(+ (CDH{+ u:
k21K 121;L m21;7



link between population and demand. Nevertheless, we found inclusion of the CDH
and HDH in the regressions have little in uence on the estimated share of exible
demand. The interactions did, however, cause some highly implausible projections in
a couple regions under climate change, so we opted to use the simpler model without
these interactions for the main results. Table A.1 summarizes regression results for
one region and Figure A.6 summarizes the regressions for all regions.

1.2.3 Shiftable Demand Over Di erent Temporal and Geo-
graphic Scales

Transmission can be used to spread supply over larger geographical areas, and
thereby atten the relative variation in total demand while taking advantage of scale
economies and regions with comparative advantages in generation. We therefore con-
sider load pro les at three geographic scales: (1) regional aggregations of balancing
authorities (15 regions in each of the Eastern and Western interconnects, and one in
ERCOT); (2) interconnect-level aggregation (Eastern, Western, and ERCOT), which
assumes perfect transmission within each interconnect; and (3) national-level, which
assumes prefect transmission between all three interconnects. While power ows at
the regional level currently face fewer constraints, transmission between the intercon-
nects is extremely limited. Comparison across these di erent levels of aggregation
provides some insight into the potential value of demand-side exibility relative to
improved transmission within and between interconnects.

Seasonal, day-of-week, and hour-of-day patterns in electricity demand account for
60% of demand variancer(  0:75) over time for a typical region, but this does
vary across regions. This measure is derived from the out-of-sample t {Rfrom

a baselineregression of hourly demand on a hour-of-year spline interacted with an
hour-of-day spline and day-of-week indicator variables (details in Methods and Mate-
rials). The interactions of time-of-day and day-of-week allows the time-of-day e ects
to be dierent for each day of the week, and interactions with hour-of-year allow
these e ects to change smoothly over the seasons. We select the number of knots in
each spline using cross-validation, reserving a full year of out-of-sample data to assess
t in each fold. All reported t metrics pertain to the out-of-sample predictions in
comparison to actual demand.

Remaining demand variability is driven mainly by weather. Although weather likely

"Transmission has bene ts beyond variability management. It also allows for transfer of
power from resource-rich areas to resource-poor areas.
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underpins much of the seasonal and hour-of-day variation in demand, we explicitly
control for these variations because they also derive from other factors, and could
confound the weather link. Weather anomalies, in contrast, isolate as-if random
variations from which we are more likely to infer a causal link. To estimate this re-
lationship, we nd population-weighted exposure of cooling and heating degree day
hours (CDH and HDH), as well as overall average heating and cooling degree day
hours in each location to account for climate. The weather measures are derived
from 3-hour, 30 km resolution climate reconstruction data, interpolated to hourly
measures. Because degree-day measures are nonlinear in temperature, we rst calcu-
late HDH and CDH for each grid cell and population-weight the grid-cell measures
to derive regional aggregates. To allow sensitivity to change with climate, we in-
teract long-run average measures (12 years) with hourly outcomes at the grid level,
and aggregate the interactions. Adding HDH and CDH to the speci cation improves
the out-of-sample t to over 90% in most regionsr  0:95). Adding the interac-
tions with climate can improve t, but modestly, and has no apparent in uence on
the results. We therefore focus on results from the simpler model without climate
interactions. Tables and illustrations of t and sensitivity to weather and climate
variables are reported in Additional Figures and Tables.

We then estimate, for each region, what electricity demand would have been with
zero heating or cooling degree hours (i.e., a constant temperature of €8 We call
this estimate hard demand If we de ne Y, as the observed demand in regionand
hour t, ¥;jT = T; as the model-predicted demand, an&;jT = 18 C as the pre-
dicted value at a constant 18C, then we estimate the maximum possiblshare of
shiftable loadin that region and hour as

(%JT=Tw) (%iT=18C).
(%ejT = Ti)
where the parameter is the share of temperature-sensitive load that is assumed
to be actually shiftable. For each region and each hour, we calculate the degree to
which electricity load can be attened for 2 f 0:01;0:02 :::; 1g. For each region and
day, we calculate the percent reduction in the standard deviation (SD) of load, the
percent reduction in peak load, and the percent increase in base load, when demand
is optimally attened using available shiftable load §S;).2 These calculations are
made on both daily and overall (years 2016-2018) time scales.

S& = (1.4)

SD (attened demand) )

8The percent reduction in SD is calculated as 100% (1 5D (raw demand)
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1.2.4 Flattened Demand

To determine \ attened” demand pro les for each region and day, we developed a
short script that sorts hourly hard demand (as described above) from lowest to high-
est, and then adds exible load to hard demand, lling and leveling across hours,
until all exible load has been exhausted. Remaining hours|those with the highest
hard demand|are not attenable. ° If peak hard demand is less than mean demand,
then the day is completely attenable|a constant load is achievable. We executed
this script for each day in each region, for each day in each interconnect, wherein
synchronized hard and exible demand in each hour is aggregated across regions,
and similarly wherein all regions are aggregated across the entire continental United
States.

These attened demand pro les are not necessarily the most desirable reshaping
of demand that would arise from an optimized power system. Still, we believe they
are emblematic of the nature and scale of reshaping that is both achievable and
could signi cantly reduce costs in the conventional power systems that are currently
predominate.

Climate Shifted Demand. We estimate raw demand under climate change as

Y2 C= @jT=T:+2 C + g (1.5)

where g;; is the residual from the regression model in equation 1.3. We calculate
the share of shiftable load under climate change in the same manner as historical
demand,

(%jT=Te+2 C) (%jT =18 C).
ST =Ty +2 C ’

+2 C —
SS§; =

(1.6)

9The computational script simply adds a day's total exible demand to the cumulative sum
of hard demand sorted from lowest to highest, and divides this cumulative sum by integers one
through 24. This vector of length 24 will decline until all exible load has been distributed to the
lowest hard-demand hours, such that the value at the minimum equals the attened minimum.
All scripts will be made public.

10



1.3 Results

If half the temperature-sensitive load is shiftable ( = 0:5), regional daily
peak load can be reduced by an average of 10.1%, daily base load increases

by an average of 22.2%, daily SD falls by an average of 76.9%, and 17.9%

of region/days can be attened completely. If all temperature-sensitive load is
shiftable in practice, these numbers improve: average daily peak load falls by 13.2%,
average daily base load increases by 24.3%, the average daily SD falls by 92.2%,
and 60.1% of region/days can be attened completely. Thus, roughly three quarters
of peak shaving potential and about 90% of the base-load increasing potential is
achieved if just half the temperature-sensitive load is actually shiftable within days.
If only a quarter of temperature-sensitive load is actually shiftable, then roughly
half of the potential atting is possible. All of these statistics are summarized in
the top row of Table 1.1. To illustrate the full range of what might be possible
from demand-side shifting of temperature-sensitive demand, we show the percent
decline in the daily SD for the full range of 2 [0:01; 1] (Figure 1.2). The gure also
shows how atting (SD reduction) varies across regions. More attening tends to be
possible in Eastern regions as compared to Western regions, while ERCOT (Texas)
has somewhat more potential attening than the national average, typical of many
regions in the Eastern interconnect.

Electricity demand is more strongly associated with CDH than with HDH,

while the amount of CDH and HDH varies regionally, with more of both

in Eastern regions and ERCOT, which helps to explain why these regions

have more temperature-sensitive load and more potential attenability.

There are clear seasonal and climatic patterns in temperature-sensitive demand,
with more concentrated in Winter and Summer. The summary statistics and re-
gression models show a stronger link between demand and CDH than to HDH, but
there tends to be a more HDH on average, while some Southern regions have far
more CDH. The greater frequency and response to HDH and CDH in the Eastern
interconnect and ERCOT leads to more potential attening than in the West, which

is milder. We show these relationships for ERCOT in Figure 1.3; other regions and
regression results are reported in Supplementary Materials, including seasonal pat-
terns. Note that Figure 1.3 doeshot account for seasonality (hour of year), time of
day, or day of week, as do the regression results. Table 1.1 summarizes attenability
separately for Winter and Summer months. Because the overall peak load tends to
be in summer, driven mainly by cooling demand, the potential exibility of this load
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Figure 1.2: Proportional reduction in overall load variability for di erent

shares of temperature-sensitive load being exible.

Each line in the graphs show the reduction in the (A) daily or (B) overall (3-year)
standard deviation (SD) of demand for a region when raw demand is optimally
attened using share of temperature-sensitive load within each day. Each line is
colored according to the interconnect in which the corresponding region lies. The
thicker black line represents the demand-weighted regional average of daily (A) or
overall (B) reduction in SD.

could be particularly valuable.

The measures reported above pertain to individual days and individual regions.
There are two key concerns with these measures: (1) electricity can be traded between
regions, using existing transmission within interconnects, or in the future, using new
transmission within or between interconnects; (2) seasonal and day-of-week varia-
tion also matter for system cost, not just variability across hours within each day.
To address these issues, we also report potential attening statistics by interconnect
and nationally in Table 1.1. These measures pool regional demands and potentially
shiftable demands in each hour, synchronizing across time zones, and then attens
all regions simultaneously. This allows us to see how much transmission can aid
smoothing of demand, with or without demand shifting. We also break out statistics
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Figure 1.3: ERCOT Demand in relation to CDH and HDH.
The graph shows the ratio of electricity demand to mean demand in relation to
average CDH and HDH in the hour, each aggregated over all grids in the region.
The graph also shows the (overlaid) frequency distributions of CDH and HDH.
Texas has more CDH than HDH, plus a stronger association with CDH than HDH.
Graphs for the other regions, 15 in each interconnect, are provided in Supplemen-
tary Materials.

by season and, separately, calculate how much within-day shiftable load can dimin-
ish overall variability|the SD across the whole three-year (2016-2018) time period
examined.

When shiftable load is paired with perfect transmission between regions,

average daily load variability (SD) can be reduced by 84.9% when all

regions within each interconnect are pooled and by 94.3% when all re-

gions are pooled nationwide, assuming just half the temperature-sensitive

load is shiftable. If all temperature-sensitive load is shiftable, the reductions are
96.8% and 99.9%, respectively, and if just a quarter of temperature-sensitive load is
shiftable, the reductions are 55.7% and 67.1%, respectively. The size of peak load
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reductions and base load increases associated with an increasingre slightly lower
when load is pooled across regions because pooling demand across regions already
reduces the peak and increases base. The share of completely attenable days in-
creases considerably when load is pooled and then attened. All of these statistics
are reported in Table 1.1.

We now consider how much within-day shifting of temperature-sensitive load can
reduceoverall variability. Demand varies across days, seasons, and years, not just
across hours within each day, and variation over this longer time scale is also perti-
nent to costs. Temperature-sensitive load is likely only shiftable over a short horizon,
and we assume it is potentially shiftable within each 24-hour day. This duration of
shiftability is greater than what might be achieved through simple thermostat adjust-
ments, but potentially conservative for some kinds of demand-side thermal storage
[69, 37]. We nd that within-day exibility can do a lot to reduce overall variability.

Assuming half of temperature-sensitive demand can be shifted within days

( =0:5), the overall SD of demand for a typical region can be reduced by

roughly 25%. Larger shares of shiftable temperature-sensitive demand does little
to further reduce the overall SD of demand (Figure 1.2 B), indicating that diminish-
ing returns to exibility arise faster when considering overall variability as opposed
to daily variability. We nd the overall load- attening potential varies widely across
regions, with more generally available in the Eastern interconnect than in the West-
ern interconnect.

Because transmission and load shifting both can be used to atten e ective demand
pro les, we illustrate the relative importance of each in Figure 1.4. The aqua-colored
bars in the graph show the mean peak and mean base load and the whiskers show the
1% and 99% percentiles of peak and base relative to each region mean load, and how
these dier for 2f 0;0:5; 1g. The lighter colored bars show peak and base relative
to the daily mean, while the darker bars show peak and base relative to toeerall
mean. The whiskers on the darker bars therefore capture overall variability both
between days over the three-year period, in addition to within day variability. The
graph strati es these calculations for three levels of transmission: no transmission
between regions, perfect transmission within interconnects, and perfect transmission
nationally. Thus, the top-left panel shows the raw data and the bottom right shows
the combined e ect of full exibility and perfect transmission across all regions.

While improved transmission does act to reduce the e ective peak and increase the
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e ective base (moving from top to bottom panels), we see more attening arising
from shifting of temperature sensitive load (moving from left to right panels). While
the mean peak andmean base loads quickly converge to the overall mean asin-
creases, indicating strong smoothing within days, the whiskers on the darker bars
indicate that between-day/between-region variability remains, but is still markedly
diminished. Transmission does more to diminish the spread of the whiskers than
equalize the height of the mean peak and mean base bars, both with and without
attening of temperature-sensitive demand. In this sense, improved transmission can
complement demand-side smoothing, as we detail below.

Shifting of temperature-sensitive load can do more to reduce overall vari-
ability than perfect transmission. Whereas perfect transmission between all
regions can increase the e ective mean base load from 80.7% of the overall mean
to about 82.7% of the overall mean, and reduce the e ective mean peak load from
118.2% of the overall mean to 113.8% of the overall mean, shifting just half of the
temperature-sensitive load ( = 0:5) increases the e ective mean base load to 97.8%
of the overall mean and reduces the e ective mean peak load to 105.9% of the overall
mean. With perfect transmissionand shiftability of all temperature-sensitive load

( = 1), the e ective mean base load can be increased to 100.0% of the overall
mean and the e ective mean peak can be reduced to 100.0% greater than the overall
mean. In other words, demand can be perfectly attened within days. If we look
at the 1 percentile of overall base load and the 99percentile of the overall peak,
we nd perfect transmission increases the base from 56.4% to 69.6% of the overall
mean while reducing the peak from 179.4% to 152.1% of the overall mean. Flattening
within regions using just half the temperature-sensitive demand increases the base to
70.4% and reduces the peak to 144.9% of overall demand. With perfect nationwide
transmission and attening with half the temperature-sensitive demand, the overall
base rises to 79.6% and the overall peak falls to 127.1%. These statistics and many
more are reported in the Supplement, and displayed in Figure 1.4.

The last issue we consider concerns the impacts of climate change. Our analysis is
relatively simple: we shift the historical distribution of temperatures 2C warmer in
each hour, and project the shift in total demand and exible load using the regression
model. To illustrate how this changes peak load, base load, and overall attenability
of loads over space and time, we include red bars and whiskers in gure 1.4 that show
climate-shifted base and peak loads, normalized by the historical means instead of
the climate-shifted means. This adjustment allows us to see how mean, base, and
peak loads change with climate, both before and after accounting for shiftability.
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Figure 1.4: The in uence of demand exibility, transmission, and climate

change on daily and overall base and peak load.

The aqua colored bars show average values of daily peak and base load divided by

the same-day mean (lighter shade) or overall (3-year) mean (darker shade). The

red bars indicate the same average values with +€ change in temperature, nor-

malized by the actual historical load. Whiskers mark the st and 99" percentiles of

daily peak and base demand. Demand exibility increases from left to right, where
= 0 is raw demand (left column), = 0:5is demand optimally attened us-

ing half the temperature-sensitive load, and = 1 is demand optimally attened

using all of the temperature-sensitive load. Transmission increases from top to bot-

tom, where the rst row assumes no connectivity between regions, the second row

assumes perfect transmission within interconnects (East, West, ERCOT), and the

last row assumes perfect transmission across the contiguous United States.

We nd a2 C increase in temperature causes average daily peak demand
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to increase from 118.6% to 122.5% of historic daily mean and from 118.2

to 121.9% of the historic overall mean, while the 99 h percentile of peak

load increases from 179.4% to 191.0% of the the overall historic mean

(top-left panel of gure 1.4). These predicted changes are similar to those predicted
in an earlier study [11], which estimated a 3.5% increase in average peak and a 7%
increase in the 9% percentile of peak load for the RCP 4.5 warming scenario. Our
estimates imply 3.9% and 11.0% increases to the same measures, but our estimates
pertain to a slightly warmer climate change scenario than RCP 4.5, owing mainly to
the recent baseline of 2016-2018.

We nd that climate change has relatively little in uence on base load, increas-
ing from 80.4% to 81.1% of the historic daily mean and from 80.7% to 81.2% of the
historic overall mean. When shifting all exible load, the climate scenario causes
average daily base load to increase from 99.6% to 102.0% of the historic daily mean
and from 99.5% to 101.7% of the historic overall mean.

Climate change also increases the peak of shifted and pooled demands, but by a
smaller amount. The average peak of attened demand to increases from 105.5% /
105.9% to 107.7% / 107.9% of the historic daily/overall mean when = 0:5, and
from 102.0% / 102.2% to 104.2% / 104.3% when = 1:0. The 99" percentile of
the peak demand increases from 118.0% / 144.9% to 121.3% / 151.2% of the historic
daily/overall mean when =0:5, and from 114.7% / 142.1% to 114.9% / 149.4% of
the historic daily/overall mean when = 1:0. Thus, reductions in peak load stem-
ming from improving shiftability are far larger than increases from climate change.
A table in the supplement reports the 1%, 99%, and mean values of base and peak
loads using daily and overall mean baselines, with and without climate change, for

2 f 0;0:5; 1g, and for all levels of transmission (regional, interconnect, and national
aggregation).

1.4 Discussion

Although there is uncertainty about how much temperature-sensitive electricity load

might actually be employed to reshape the timing of demand under appropriate
access and pricing policies, and over what duration of time load might be shifted,
plausible use of existing technologies and the timing and volume of temperature-
sensitive demand indicate that the potential is large enough to have a profound
in uence on the cost and resiliency of power systems. This conclusion holds if just a
fraction of the temperature-sensitive load identi ed is actually shiftable within one
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day.

It is likely that the temperature-sensitive demand that we identify derives mainly
from use of HVAC systems. Although we do not consider those costs of such systems
here, as they depend on speci ¢ buildings and systems, they do appear modest [37].
The total share of temperature-sensitive load we estimate (19.0%) roughly matches
the share of demand attributed to HVAC systems by other&® For example, the En-
ergy Information Administration reports that HVAC systems comprise 26% of use
from both residential and commercial sectors while attributing 72% of total load to
these sectors, implying a total HVAC share of about 18.7%. Industrial uses, which
comprise most of the remaining demand, appear to have little HVAC. Although our
estimates cannot break out temperature-sensitive demand by user type, we can esti-
mate how it varies by location, season and hour of day, which is valuable data that
can be used to aid planning the grid of the future. It may be that heating and cool-
ing loads have di erent shiftability at di erent costs, such that or the duration of
shiftability may di er by user and building type, as well as the particular technology
employed. Our intent here is to show in a transparent way a plausible range of what
is likely possible.

Other kinds of exible loads, besides those that we can identify statistically, are
likely shiftable using demand-side thermal storage. Water heating might be the eas-
iest current use of electricity that is shiftable [16, 64, 4]. While some water-heating
demand may be captured by our estimates, the timing of water-heating demand
tends to be more closely associated with use, not with ambient temperature, and
thus less estimable in this manner. The Energy Information Administration reports
that water heating comprises 10% of residential electricity demand and 2% of com-
mercial demand [32]. Electri cation of gas water heaters might grow this share, while
adoption of heat-pump water heaters could improve overall e ciency while maintain-
ing and growing shiftability. In time, electric vehicles (EVs) could be an even more
exible source of demand than water heating. EVs can be charged at strategically
appropriate times in an automated fashion, not only to shift loads, but to help regu-
late frequency and even provide power to the grid under certain conditions (\vehicle
to grid") [62, 84]. Some kinds industrial processes might also be shifted at low cost,
while some heavy computing loads have already been shiftéd.Other techniques

10This calculation results from taking the demand-weighted average oSS; across all regions
and hourst.

1see, for example, Google's e ort to shift server demand in an e ort to reduce pollution emis-
sions.
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would be required to estimate such loads over time and space. In addition, electri -
cation of heat, which has become more economic with improved electric heat pumps,
could make Winter loads much higher, but potentially more exible, and will likely
be a necessary component of future decarbonization e orts. Thus, the response to
HDH is likely grow, likely in a manner that is estimable over time and space. A nat-
ural extension of this study could use the relationships to estimate how and where
demand and demand shiftability will increase with further electri cation of heating
systems. For all of these reasons, even the high-end £ 1) estimates of potential
exibility estimated here could be conservative for a forward-looking decarbonization
plan.

Our analysis cannot distinguish between di erent types of electricity users, but given
commercial and residential demand comprise similar shares of both total demand and
HVAC demand, plus the possibility that some thermal loads derive from industrial
demand, it is likely that half or more of temperature-sensitive demand derives from
large, non-residential user$? Such users are likely to operate at a scale that would
make investment in power-shifting devices economic and thus more likely, although
we do not have data in this study to decompose commercial, industrial, and residen-
tial customers, much less size classes.

Because future power systems are likely to have much higher shares of low-cost
intermittent renewables, shiftability is likely to be even more valuable, but will re-
quire di erent kinds of shifts. Instead of simply attening the demand pro le, load

will need to be shifted toward variable supply. The value of transmission in such
a system will also be di erent and more complex, for some regions of the country
have more renewable potential than others, due to heterogeneity in available wind,
solar radiation, and land resources. Diversity of renewable resource assets will also
be valuable as this will serve to even out supply and thereby substitute for storage
and load exibility.

Thus, the nature of shifts that will be most valuable in the system of the future
will be closely intertwined with the nature and locations of investments in renewable
energy resources and new transmission builds. As a result, the time and location-
speci ¢ estimates that we have developed for potentially shiftable demand should
be paired with other estimable sources of shiftable load, like electric vehicle and hot

12The Energy Information Administration's Annual Energy Outlook, reports that 37% of elec-
tricity demand is residential, 35% is commercial, and 27% industrial, and the rest mainly trans-
portation [32]. Also see https://www.epa.gov/energy/electricity-customers).
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water demand, and incorporated into state-of-the-art capacity expansion models of
the future electric grid. To our knowledge, few capacity expansion models are well-
equipped to handle intermittent renewables, much less incorporate a demand side
with varying amounts of shiftable load; or, if they do account for such exibility,
they do not typically account for the full joint-dependency of supply and demand.
An exception is the open-source software developed by [42]. [39] use this model in a
capacity expansion model to estimate the high potential value from variable pricing
that would employ both supply and demand sides of the electricity market for balanc-
ing. This particular application is narrow in geographic scope and therefore cannot
consider the full range of possibilities on a continental scale where transmission and
larger seasonal variation will present di erent challenges and opportunities. Never-
theless, it is likely that such exibility will have a powerful in uence on least-cost
decarbonization plans, including the best timing, sizing, and locations of near-term
investments like transmission, renewable energy installations, and various forms of
storage.

Institutional resistance to location-speci ¢ real-time marginal cost pricing (LMP) at
the retail level is understandable. Part of the resistance likely comes from reticence
of state public utility commissions that may fear public backlash from extreme spikes
in prices, like those that occasionally arise in Texas [27]. At the same time, current
regulatory practice rewards (implicitly) high-cost, centralized solutions that require
more capital expenditure, some of which may be avoided with e ective demand-side
management. Multilateral LMP pricing would enable low-cost competitive outcomes
that would diminish rents to incumbent providers of energy, grid services, and trans-
mission and distribution services, but might create much broader and larger social
bene ts.

There are likely other pricing and regulatory actions, besides LMP, that could enable
use of demand-side storage or shifting capacity. A recent decision by the Supreme
Court, paired with a new rule by the Federal Energy Regulatory Commission (FERC
Order No. 2222), may facilitate greater use of demand side resources, despite utili-
ties and other stakeholders. As public utilities commissions begin implement the new
rule, independent integrators will be able to harness demand-side resources directly
from customers and sell them into wholesale markets. System-wide stakeholders and
policy-makers therefore need to anticipate, and might bene cially encourage, these
impending changes and adjust investment decisions accordingly. The estimates we
present here should aid this planning.
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Chapter 2

Comparing process-based SIMPLE
model and statistical model with
climate implication for US corn
belt states

2.1 Introduction

Demand for food commaodities continues to grow rapidly while climate change is a
looming threat. While historically crop yield growth has exceeded the rate of popu-
lation growth and generally reduced food prices, it is uncertain whether productivity
advances will continue as rapidly as food demand. On the demand side, while pop-
ulation is still growing rapidly in the poorest countries, it is slowing in much of the
world, but incomes are rising and with it, the demand for meat, which requires large
amounts of feed grains (eg. corn) and legumes (eg. soybeans). On the supply side,
productivity growth, while tremendous, appears to be slowing in the most produc-
tive regions and increasing frequency of extreme heat has hampered yield growth in
many parts of the world. Global maize production has declined by 3.8% from 1980
to 2002 mainly due to the climate impact [52]. Supply side uncertainty rises concerns
on our ability to meet the increasing food demand. Accurate and reliable estimates
of crop yield are essential for policymakers to develop e ective adaptation strategies
and implement proactive measures to ensure food security against climate change.

The climate change impact on global agricultural productivity is uncertain mainly
due to variations among crop models [7]. AgMIP compares multiple crop models and
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indicate that di erent models with the same input have diverging predictions [18].
Jagermeyr (2021)[45] compares a new generation crop model to the previous crop
model prediction under climate change, maize productivity is shifted from +5% to
-6% (SSP126) mainly due to warmer climate projections and improved crop model
setups. These uncertainty makes it more di cult to predict future crop production
under climate change.

There are two general crop modeling approaches|process-based crop models and
statistical models. Process-based crop models use dynamic mathematical algorithms
that simulate the photosynthesis, energy capture, crop growth, and seed formation
in conjunction with water balance equations that track soil moisture. These models
vary widely in their details and di erent models can predict very di erent outcomes
even with identical input data. Most typically, these models are used for information
and predicts crop development and yield [8]. It uses weather data (temperature, pre-
cipitation and solar radiation, etc.), soil characteristics, cultivar characteristics and
crop management as input for the simulation[8]. Statistical model, on the other hand,

is a regression model based on historical data (yield and weather) to predict future
yield [71]. There are advantages and disadvantages for both models. Process-based
crop model takes crop agronomy into consideration, however, the experimental result
does not take into account farmer behaviors such as pest control and fertilizer appli-
cation in reality. Statistical model has the advantage of taking the farmer behaviors
into consideration implicitly by using a large amount of observational data. While a
disadvantage of the statistical model is that the weather variable might obscure the
crop physiological mechanism, which gives rise to the causal e ect, although weather
is considered to be randomly assigned [66]. By comparing both models, we can have
an overall idea on which model has a better prediction and possibly improve the crop
prediction by combining both models.

There is limited amount of literature that has discussed this topic. Irmak et al.
(2005) [40] has compared crop model with simple regressions under several climate
change scenarios for soybeans, while their sample size is quite small. Lobell et al.
(2017) [66] compares the estimates of climate change impacts from process-based
and statistical crop models and nd that both models have similar estimates from
warming impacts. Roberts et al. (2017) [66] compares and combines crop model and
statistical model for corn across US corn belt statésy using eld level data.

1US corn belt states include: lowa, lllinois, Minnesota, Nebreska, Indiana, Kansas, South
Dakota, Ohio, North Dakota, Michigan, Missouri, and Wisconsin.
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As corn is the largest feed grain component accounting for about 80% of global
feed grain trading volume, and US is the world's largest exporter on canin this
paper, | focus on corn production in the US. | use similar approach as in Roberts
et al. (2017) [66] with publicly accessible county level data for corn, and | adopt
the SIMPLE crop model [85] as the process-based crop forecast model due to its
simplicity to adapt for new crops. In order to improve the model t, | also add inter-
polated/extrapolated county level planting date to all the regression models. | focus
on answering the following research questions: Which model has better prediction
- SIMPLE crop model or statistical model? How accurate are the predictions? Do
these two approaches have similar estimates under climate change? The key con-
tribution of this paper is to better estimate corn yield (with and without climate
change) across US corn belt states with publicly accessible data, meanwhile this pa-
per also emphasizes that crop models do not generally embody an extreme heat e ect
mainly due to the model set up, but extreme heat appears to be the most important
correlate with poor yield outcomes. The same methodology can be applied for other
crops, as well as for other countries. As an application, | also provide the model
comparisons for soybeans yield estimate across the corn belt region at the end of this

paper.

In general, statistical model predicts better than process-based model. The county
level R? for the xed e ect model is 0.639 (crop model) vs. 0.743 (Statistical model).
The aggregated national leveR? is 0.612 for the crop model vs. 0.915 for the statis-
tical model. Although the combined model that combines both crop and statistical
models shows littleR? improvement on the county level regression, it has the highest
R? on the aggregated national level. In terms of climate change, statistical model
predicts signi cant yield drop (on average drops 20 bu/ac for uniform +2C scenario
and an average drop of 21 bu/ac for uniform +2C in temperature and +20% in
precipitation scenario), while crop model predicts an increasing in crop yield (on
average increases 5.2 bu/ac for uniform +Z scenario and 5.5 bu/ac for uniform
+2 C in temperature and +20% in precipitation scenario).

The paper is arranged as follows: section 2 describes the methodology, which includes
a brief introduction on SIMPLE crop model, the regression models, cross validation
technigues and climate change scenarios; section 3 discusses the data sources and
processing techniques, as well as model results and application to soybeans; section
4 is the conclusion and discussion.

2USDA ERS: Feed Grains Sector at a Glance
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2.2 Methodology

In this section, | will describe all the methodologies used in this paper, starting with
brie y introducing SIMPLE crop model.

2.2.1 SIMPLE crop model

SIMPLE crop model is developed by Zhao et al. (2019) [85], aiming to simulate
and predict crop growth and yield in a simple and easy to adjust way. There are
13 parameters to specify a crop type, including 4 of these are for cultivar charac-
teristics.3 Parameters for crop types are determined by the simulation and xed for
each crop. The input variables for SIMPLE model are daily minimum and maxi-
mum temperature ( C), daily rainfall (mm), daily solar radiation (MJm Z?day 1),
soil characteristics and planting date. The output variables from SIMPLE model are
mainly daily crop biomass (yield) and ARID indeX on the PRISM grid cell level. In
this study, | assume all corn belt states has clay soil due to the high productivity in
these regions. And | only consider non-irrigated corn elds.

2.2.2 Regression models

The statistical model | use here is similar to the one in Roberts et al. (2017) [66]. In
this study, | add county-level planting dates to each regression. First, | compare dif-
ferent models with simple OLS regressions. Then, | compare the same set of models
with county xed e ect and state-speci ¢ trends. County xed e ect takes account
spatial heterogeneity across counties, for example, di erent counties have di erent
climate, while simple regression model takes consideration of some degrees of climate

3The 13 parameters areTg,, : Cumulative temperature requirement from sowing to maturity;
HI: potential harvest index; Isoa: Cumulative temperature requirement for leaf area develop-
ment to intercept 50% radiation; Is0g : Cumulative temperature till maturity to reach 50% radia-
tion interception due to leaf senescencelpase: base temperature for phonology development and
growth; Top @ optimal temperature for biomass growth; RUE: radiation use e ciency; |somaxH -
the maximum daily reduction in Is0g due to heat stress;l somaxw : the maximum daily reduction
in Is0g due to drought stress; Thax : threshold temperature to start accelerating senescence from
heat stress;Tey : the extreme temperature threshold when RUE becomes 0 due to heat stress;
Sco2: relative increase in RUE per ppm elevatedCO, above 350ppm;Syater : Sensitivity of RUE
to drought stress.

4Agricultural Reference Index for Drought, which ranges from 0 (no water shortage) to 1
(extreme water shortage).
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adaptation. Finally, | regress simulated yield from the crop model on the weather
aggregates with and without county xed e ect. These regressions are the emulator
regressions, which can show how well the weather variables emulate the crop model
yield.

Simple OLS

1) Baseline model: simply regress actual yield on a yearly time trend.

In(actualy) = + ot+ (2.1)

2) Crop model: regress actual yield on a yearly time trend, simulated yield from
SIMPLE modeP and county planting date.

In(actual;) = + ot+ qIn(Yield;)+ ,sowing; + i (2.2)
3) Weather model: regress actual yield on yearly time trend, planting date, and ag-
gregated weather variables.
In(actual;) = + ot+ ssowingy+ 3GDDy+ 4HDD i+ sPi+ ¢P2¢+ i (2.3)

4) Combined Model - combines 2) crop model and 3) weather model: regress actual
yield on yearly time trend, simulated yield, planting date and aggregated weather
variables.

In(actualy) = + ot+ qIn(Yieldy)+ ,sowing; + 3GDDy + 4HDD; + 5Py
+ P2 + it (2.4)

5) Full Model: add HDD interaction with the simulated yield and aggregated weather
variables.

In(actualy) = + ot+ qIn(Yieldy)+ ,sowing; + 3GDDy + 4HDD; + 5Py
+ P2 + HDD ( 1In(Yieldy) + >GDDy + 3Py + 4P2)+ it
(2.5)

SSIMPLE model yield is on PRISM grid level, | aggregate grid level data to county level by
county FIPS code for the regressions.

26



Where the dependent variabldn(actualy) is the log transformation of the actual
county yield from USDA NASS;t stands for year and stands for county;In(Y ield;)

is the log transform of the simulated yield from SIMPLE crop model for each county
and year;sowing; is the interpolated county planting date;GDD ;; is growing degree
days, which sums 180 degree days between@Gnd 29 C © from April 1st; 7 similar
to GDDj, HDD j is the high degree days, which sums 180 degree days aboveC29
from April 1st. 8 Py is the 180 days total precipitation from March 1st, andP 2; is
total precipitation squared. j is the error term.

County xed e ect

| also estimate the above models with county xed e ect to take consideration of
the spatial heterogeneity. Here are the models with county xed e ect . and state
speci c time trend .

6) Baseline model + FE: regress actual yield on a yearly time trend.

In(actualy) = + st+ (2.6)
7) Crop model + FE: regress actual yield on a yearly time trend, simulated yield
from SIMPLE model and county planting date.
In(actualy) = .+ st+ In(Yieldy)+ ,sowing; + (2.7)
8) Weather mode + FE: regress actual yield on yearly time trend, planting date, and
aggregated weather variables.
|n(aCtualit) = ot Sttt 2SOWingit+ 3GDDit+ +sHDD ¢+ 5Py + 6P2it+ it (28)

9) Combined Model + FE - combines 2) crop model and 3) weather model: regress
actual yield on yearly time trend, simulated yield, planting date and aggregated
weather variables.

6Bounds are based on Schlenker and Roberts (2&09)
"Method follows Roberts et al. (2017): GDD = *;f‘; S min[T  10;19] (TjT > 10)dT
8Method follows Roberts et al. (2017):HDD i = o7 “*(T  29) (TjT > 29)dT
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In(actual;y) = + <t+ iIn(Yieldy)+ ,sowing; + 3GDD; + 4HDD + 5P
+ P2t + it (2.9)

10) Full Model + FE: add HDD interaction with the simulated yield and aggregated
weather variables.

In(actualy) = + <t+ iIn(Yieldy)+ ,sowing; + 3GDD; + 4HDD + 5P
+ P2t + HDD yt( 1In(Yieldy) + >GDDy + 3Py + 4P2t)+
(2.10)

Emulator Regression

11) Emulator Model: regress simulated yield from SIMPLE crop model on aggre-
gated weather variables.

|n(Y |6|d|t) = + 3GDDit + 4H DD it + 5Pit + 6P2it + it (211)

12) Emulator Model + FE: regress simulated yield from SIMPLE crop model on
aggregated weather variables with county xed e ect.

In(Yield;)= .+ 3GDDy+ 4HDD+ sPi+ 6P2:i+ it (2.12)

2.2.3 Cross Validation

| also calculate the out-of-sampleR? and prediction with leave-one-year-out cross
validation method at both county level and aggregated national level. At county
level, | rst calculate the out-of-sample prediction for all the counties in one year.
Then | calculate the correlation between the one year prediction and actual yield
for all the counties. | repeat this calculation each year for all the 20 years and take
the average of all the correlations. The nal correlation squared is the county level
out-of-sampleR?. At national level, | use the same method calculate the county level
out-of-sample prediction for one year. Then | aggregate the county level prediction
and actual to national level with the sample weight (one number per year). | repeat
the same calculation for 20 years. Finally, the out-of-sample correlation is the corre-
lation between aggregated national prediction and aggregated national actual yield.
And the out-of-sampleR? is the correlation squared.
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2.2.4 Climate Change

Last but not least, | estimate the yield under two uniform climate change scenarios :
1) Uniform +2 C : First, we will exam a simple climate change case with a uniform
+2 C temperature increasé.

2) Uniform +2 C and +20% precipitation: This is a more realistic climate scenario
by adding a uniform 20% precipitation increas@ on top of the temperature increase.

2.3 Data and Results

2.3.1 Data

All data are freely accessible and can be downloaded and updated via API. All data
covers a time period from 2000 to 2019 for the 12 corn belt states.

Planting date

Planting date is an important factor that can impact crop yield signi cantly. For each
crop growing cycle, the crops require an accumulated thermal time that is essential
for its growth and development. Planting date is the beginning of the accumulated
thermal time for each crop. After the planting date, there is a xed growing cycle for
each crop at each location. Usually the crop cycles are shorter in a warmer climate.
Therefore, the optimal thermal time for each crop depends on their planting date.
Due to time and spatial heterogeneity, planting date varies for di erent locations and
years. For corn in the US, an earlier planting date usually favors corn yield as the
pollination stage can be completed before the extreme heat days come in the summer.

USDA NASS provides planting progress data at state level on a weekly basis for

9"Temperature is projected to increase by as much as € under SSP5-8.5." Almazroui et al.
(2021). 1 used a +2 C increase for a conservative estimate

10"Annual precipitation projections for the end of the twenty- rst century have more uncer-
tainty, as expected, and exhibit a meridional dipole-like pattern, with precipitation increasing by
10{30% over much of the U.S." Almazroui et al. (2021). | used an average of their prediction in
this case.
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crop growing season. | rst interpolate the weekly planting progress data into daily
progress data, then construct a planting progress distribution and calculate the plant-
ing date for every 2.5 percentile on the distribution. To Il in the rest of missing
values, | use a baseline distribution calculated as follow: | aggregated county level
planting progress data from RMA (U.S. Department of Agriculture, Risk Manage-
ment Agency) for the period of 2008-2011 with county harvest area as weight into
state level planting progress. The baseline distribution for each state is the four years
average of this weighted average state level planting progress distribution. For those
states with a baseline distribution, | t the di erence between the USDA data and
baseline data (delta) with cubic splines with 3-5 degree of freedom, then | Il in the
missing values with this spline model predictions. Any negative and non-monotonic
increasing values are replaced with the original value. | repeat the same process with
a linear model instead of the spline model, which further reduces the missing values.
Again, | extrapolate and interpolate the data, which reduce missing values further.
Last, | use moving averages of four to Il in the rest of missing values. At this point,
we have a complete state level planting progress for all the states for the period of
1979-2020.11

Next, | derive county level planting progress from the complete state level plant-
ing progress. First, | nd the state centroid by aggregating county centroid weighted
by county harvest area. Then, | search for the nearest 3-5 states centroid from each
county centroid and calculate the inverse-distance weighted average of these nearest
3-5 states planting date for each county. Last, | adjust biases by regressing the cal-
culated county planting date against baseline county planting date from RMA. The
nal county level planting date is used as input for both SIMPLE crop model and
statistical model.

Weather data

Weather data including minimum/maximum temperature (TMIN/TMAX) and pre-
cipitation are publicly available daily from PRISM 12 at 800m grid level. The grid
level data is directly used as input for the crop model. yearly GDD, HDD and
precipitation is calculated by the methodology described above on the grid level. |
aggregate GDD, HDD and precipitation to county level by the grid sample weight.

1The time period is in line with the USDA planting progress time period for each state.
https://prism.oregonstate.edu/
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Solar Radiation

Daily solar radiation data is freely accessible from NASA POWER (Prediction Of
Worldwide Energy Resources}® at 1/2*1/2 degree resolution for the entire USA. |
convert latitude and longitude degree from NASA POWER into PRISM grid system
in order to match with PRISM weather data. Then, | search for four nearest points
from NASA POWER data for each PRISM grid cell and calculate the inverse-distance
weighted average of the solar radiation from the four nearest NASA POWER points
for each PRISM grid cell. Last, | merge the PRISM weather data with its matched
solar radiation data on PRISM grid cells for each day.

Grid sampling and planting date sampling

In order to reduce the long computing time of the crop simulation model, | sam-
ple 1/5 of the total PRISM grid for each state using k-meari¢ method and create
weights based on ten years (2010-2019) average crop area. This sampling technique
reduces the computing time signi cantly, while kept a good geographical distribution

of the sampled grid cells, which captures the variations of the state. Although the
total computing time for the crop model is still quite long - approximately it runs

for 2 days per state for the 20 years period, it is just a one time computation. The
prediction for future years can be done within hours on a 16 core computer, and the
process can be speed up on a HPC (High performance computing) system.

Crop model uses planting date on grid level as input, therefore, | use Halton se-
quencé® to sample systematically from the county planting date distribution cal-
culated above. The advantage of this systematic sampling method is to cover a
balanced random planting date for each grid cell within each county.

2.3.2 Results

Table 2.1 and Table 2.2 shows the regression results for model 1)-10) described in
section 2.2.2. Table 2.1 reports the simple OLS without xed e ect models, and Ta-
ble 2.2 reports the regression with county xed e ect and state speci c time trend.
Both tables report the regression coe cients, standard errors, total observations and

Bhttps://power.larc.nasa.gov/
Y https://en.wikipedia.org/wiki/K-means_clustering
https://en.wikipedia.org/wiki/Halton_sequence
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model t ( R?).

In general, weather/statistical model (adjustedR? is 0.377 and 0.438 (withinR?)
in the xed e ect model) has a better in-sample t than crop model (adjusted R?
is 0.193 and 0.198 (withinR?) in the xed e ect model). Although the t improve-
ment is small, the combined model has a better t than both models, which has an
adjusted R? of 0.395 and 0.441 in the xed e ect model. Finally, the full model has
the best in-sample t of all (adjusted R? is 0.476 and 0.483 (withinR?) with xed

e ect) due to the most amount of parameters are included.

In all the models, SIMPLE yield has a signi cant positive impact on the actual
yield. Sowing date has a negative impact on the actual yield in both the weather
model and combined model, although the impact is not signi cant in the xed e ect
models. And positive impact from the sowing date in the crop model is insigni cant.
GDD has a positive impact on actual yield in the xed e ect model, while it shows
a mixed impact in the simple OLS regression. HDD has a negative impact on actual
yield in all the models, meaning extreme heat is harmful for crop yield, and its im-
pact is slightly o set by the crop model. Precipitation has a similar impact on all
the models.

Table 2.3 shows the regression results for the emulator models. The coe cients on
the extreme heat variable HDD in the emulator models are signi cant but smaller
than the coe cients in the statistical model for both with and without county xed

e ect cases. This means that the crop model captures some degrees extreme heat
impact, but much smaller than statistical model.

Cross Validation

| also compare the model t (R?) from the cross validation. Table 2.4 shows both
in-sample and out-of-sample t for xed e ect models at both county and national
level. At county level, weather model has a better t than crop model in both cases
(in-sample overallR? 0.743 vs. 0.639, out-of-sample overdl? 0.68 vs. 0.64). Com-
bined model has a slightly better in-sample t than weather model (overalR? 0.745
vs. 0.743), while it has a slightly lower out-of-sample t (overalR? 0.677 vs 0.68).
Full model has the best in-sample and out-of-sample t. At aggregated national level,
combined model has both the best in-sample (overd®? = 0:924) and out-of-sample
t (overall R? =0:857). While full model seems over t and has a lower overaR?
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Table 2.1: Model comparison without Fixed E ect. The table summaries regres-
sion model (1) - (5), including regression coe cients, standard errors for the co-
e cients, observations, R? and adjustedR?. The coe cients for GDD, HDD and

P recipitation 2 are multiplied by 1000.

Dependent variable:

log(actual Yield)

1) (2) 3) (4) )
Year 0.017 0.015 0.015 0.015 0.015
(0.003) (0.004) (0.002) (0.002) (0.002)
log(SIMPLE Yield) 0.475 0.401 0.655
(0.114) (0.090) (0.105)
Sowing Date 0.0001  -0.009 -0.007 -0.008
(0.003) (0.001) (0.001) (0.002)
GDD/1000 0.272 -0.058 -0.238
(0.041) (0.075) (0.088)
HDD/1000 -4.978 -3.398 -2.624
(0.487) (0.423) (8.766)
Precipitation 0.001 0.001 0.003
(0.0003) (0.0004) (0.0005)
Precipitation?=1000 -0.001 -0.001 -0.002
(0.0003) (0.0003) (0.0004)
Observations 17,752 17,752 17,752 17,752 17,752
R? 0.090 0.193 0.377 0.396 0.477
Adjusted R? 0.090 0.193 0.377 0.395 0.476
Note: p<0.1; p<0.05; p<0.01
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Table 2.2: Model comparison with Fixed E ect. The table summaries regression
model (6) - (10), including regression coe cients, standard errors for the coe -
cients, observations, withinR? and adjustedR?. The coe cients for GDD, HDD
and P recipitation 2 are multiplied by 1000.

Dependent variable:

log(actual Yield)

(6) () 8 9) (10)
log(SIMPLE Yield) 0.514 0.153 0.321
(0.183) (0.088) (0.038)
Sowing Date 0.002 -0.002 -0.002 -0.0002
(0.005) (0.003) (0.003) (0.0004)
GDD/1000 0.330 0.159 0.070
(0.156) (0.157) (0.037)
HDD/1000 -6.520 -5.820 -1.180
(1.045) (0.986) (2.119)
Precipitation 0.001 0.001 0.002
(0.0002) (0.0003) (0.0001)
Precipitation?=1000 -0.001 -0.0005 -0.002
(0.0002) (0.0002) (0.0001)
Observations 17,752 17,752 17,752 17,752 17,752
R? 0.162 0.244 0.470 0.474 0.513
Adjusted R? 0.112 0.198 0.438 0.441 0.483
Note: p<0.1; p<0.05; p<0.01
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Table 2.3: Emulator Models. The table summaries regression model (11) and (12),
including regression coe cients, standard errors for the coe cients, observations,
within R? and adjustedR2. The coe cients for GDD, HDD and P recipitation 2

are multiplied by 1000

Dependent variable:
log(SIMPLE Yield)

1) (2)
GDD/1000 0.861 1.070
(0.029) (0.100)
HDD/1000 -3.775 -4.429
(0.368) (0.613)
Precipitation 0.001 0.001
(0.0002) (0.0002)
Precipitation?=1000  -0.0005 -0.001
(0.0002) (0.0002)
Observations 17,752 17,752
R? 0.742 0.567
Adjusted R? 0.742 0.541
Note: p<0.1l; p<0.05; p<0.01
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for both in-sample (0.9) and out-of-sample (0.824) cases.

Table 2.4: Corn Model Comparison: In-sample and Out-of-sampR?

County level National level
Model + FE In-sample Out-of-sample In-sample Out-of-sample
Crop model 0.639 0.640 0.612 0.413
Weather model 0.743 0.680 0.915 0.844
Combined model 0.745 0.677 0.924 0.857
Full model 0.763 0.692 0.901 0.824

Since there is over t from the full model on the aggregated national level, | only
compare crop model, weather model and combined model predictions against actual
yields in Figure 2.1. The colored dots/lines are model predictions, the black line is
the weighted average actual yield for the 12 corn belt states weighted by the sample
weights, and the grey dashed line is the USDA actual yield for the entire US. The
weighted average actual yield is higher than the national actual yield in recently years
is mainly due to the corn belt states have a higher productivity than the national
average. The rst graph in Figure 2.1 shows the in-sample predictions, crop model
prediction seems o in most of the years with an average errérof 5:4%, weather and
combined model predictions are close to each other with an average overall error of
2:9% for the weather model and 5% for the combined model, and both predictions
are quite close to the actual value. The second graph is the out-of-sample prediction.
Crop model seems further o comparing to the actual yield with an average error
of 6:7%. Both the weather model and combined model have a slightly higher fore-
casting error in case of out-of-sample predictions (weather mode®% vs. combined
model 37%). There are two drought years in our sample, 2002 and 2012. Since
precipitation has similar e ects on both crop and statistical models [66], extreme
heat is the main driver for the diverging outcomes between the two models. Crop
model does not seem to pick up any impacts from the extreme heat (out-of-sample
forecasting error is 13% in 2002 and 3% in 2012), while the statistical model

is able to capture most of the impacts from the extreme heat in that year with an
out-of-sample forecasting error of:39% in 2002 and 1®% in 2012 for the weather
model and 098% in 2002 and 1®% in 2012 for the combined model.

890error = |predicted value - actual value|/actual value * 100
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Figure 2.1: Model Prediction at National Level for US Corn
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Climate Change

Figure 2.2 is the prediction under climate change scenario 1) Uniform +2 scenario.
The top graph is in-sample prediction and bottom graph is out-of-sample prediction.
Both weather and combined model indicate a signi cant drop on yield in most years,
with an average drop of 20.2 bu/ac for the weather model and 22 bu/ac for the
combined model. However, the crop model indicate an average of 5.2 bu/ac yield
increase under +2C climate change, which further con rms that crop model does
not take extreme heat into consideration. Overall, the out-of-sample predictions are
following the same pattern as the in-sample predictions for all the models. One
exception is again in 2012, crop model did not capture any yield drops in the out-of-
sample predictions for both with and without climate change case.

Figure 2.2: Model Prediction at National Level with +2 C Climate
Change Scenario

Figure 2.3 shows the prediction under climate change scenario 2) Uniform €2 in
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temperature and +20% in precipitation. All the models show a similar prediction
pattern as in the rst uniform climate change scenario with a slightly higher yield
drop from weather and combined model (21 bu/ac vs 22.6 bu/ac) and a higher yield
increase from the crop model (5.5 bu/ac). This implies a precipitation increase on

top of the temperature rise aggravates the crop yield changes - drops for weather and
combined models and rises for crop model.

Figure 2.3: Model Prediction at National Level with +2 C Increase in
Temperature and +20% in Precipitation Climate Change Scenario

Application: Soybeans

In this section, | apply the same methodology to an alternative agricultural com-
modity - soybeans, in order to discern weather the ndings are align with corn. |
choose soybeans as an alternative comparison because most of the soybean planting
states are the same as corn, and usually soybeans are planted next to the corn eld.
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Therefore, we can apply the same soil, weather and solar radiation data to soybean
models. Again all data are publicly available and covers a time period from 2000 to
2019, instead of 12 corn belt states, | use 10 corn belt states for soybeans.

Table 2.5 and table 2.6 show the model comparison results without and with county
xed e ect. Similar to the results for corn, weather model has a better in-sample t
than the crop model (within R? 0.384 vs. 0.286 without xed e ect, 0.444 vs. 0.297
with xed e ect). Combined model has a slightly higher t (within R? 0.432 without
xed e ect vs. 0.448 with xed e ect), and the full model has the best t (within

R? 0.504 without xed e ect vs. 0.46 with xed e ect).

The explanatory variables have similar impacts on actual yield as in the corn re-
sults. SIMPLE yield has a signi cant positive impact on actual yield. Sowing date
has a negative impact on actual yield, and the impacts are signi cant for weather
and combined models in both simple OLS and xed e ect regressions. GDD has a
signi cant positive impact on crop yield for all the models in the xed e ect regres-
sion. And HDD has a signi cant negative impact on crop yield for both weather and
combined model in both simple OLS and xed e ect regressions.

Table 2.7 shows the emulator regression results. Similar to corn, the coe cients
on the extreme heat variable HDD are signi cant but much smaller than the coef-
cients in the statistical model, which leads to the same conclusion that the crop
model does not pick up the extreme heat impact fully for soybeans as well.

Table 2.8 shows the cross validation comparison for soybeans, comparable with ta-
ble 2.4 for corn. Both in-sample and out-of-sample ts are for the xed e ect model
at both county and national aggregation. At both county and national level, weather
model has a better t overall than the crop model with the in-sample overalR? of
0.77 at county level and 0.83 at national level (vs. 0.7 and 0.73 for the crop model),
and the out-of-sample overalR? of 0.71 at county level and 0.76 at national level
(vs. 0.66 and 0.63 for the crop model). At county level, combined model has very
little in-sample improvement on t than weather model (overallR? 0.767 vs. 0.765),
while it over- ts the model with a lower R? (0.712 vs. 0.714). Full model has the
best in-sample t, while it over- ts the model at both county and national level. At
aggregated national level, combined model has the best out-of-sample t with overall
R? of 0.762.

Comparing the model results for corn (table 2.4) and soybeans (table 2.8), in general
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at both county and national level, crop model has a better t for soybeans, which
leads to a smaller di erence inR? between weather model and crop model. At ag-
gregated national level, weather model for soybeans has a lower t compare to corn,
even though it has a higher t at county level.

Table 2.5: Model comparison without Fixed E ect for US Soybeans

Dependent variable:

log(actual Yield)

1) ) 3 4) ©)
Year 0.019 0.020 0.016 0.017 0.018
(0.003)  (0.003) (0.002) (0.002) (0.002)
log(SIMPLE Yield) 0.654 0.680 0.628
(0.085) (0.100) (0.185)
Sowing Date -0.003  -0.007 -0.004 -0.003
(0.002) (0.001) (0.001) (0.002)
GDD/1000 0.480 0.016 0.142
(0.070) (0.076) (0.102)
HDD/1000 -4.348 -2.603 13.353
(0.413) (0.452) (9.356)
Precipitation 0.001 0.001 0.003
(0.0003) (0.0004) (0.0004)
Precipitation?=1000 -0.001 -0.001 -0.002
(0.0003) (0.0003) (0.0003)
Observations 14,001 14,001 14,001 14,001 14,001
R? 0.134 0.286 0.384 0.432 0.505
Adjusted R? 0.134 0.285 0.384 0.432 0.504
Note: p<0.1; p<0.05; p<0.01

Figure 2.4 shows the model prediction at national level for US soybeans (compara-
ble with Figure 2.1 for corn). In general, crop model has a higher prediction error
(5.2% in-sample and 6% out-of-sample) than weather (4.6% in-sample and 5.5% out-
of-sample) and combined model (4.2% in-sample and 5.2% out-of-sample), which is
in line with the conclusion for corn. However, the di erences in prediction errors
are small in case of soybeans. The weather and combined model's prediction er-
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Table 2.6: Model comparison with Fixed E ect for US soybeans.

Dependent variable:

log(actual Yield)

@) 2 3 4) ®)
log(SIMPLE Yield) 0.482 0.166 0.193
(0.106) (0.084) (0.041)
Sowing Date -0.00002 -0.004 -0.004 -0.004
(0.002) (0.001) (0.001) (0.0004)
GDD/1000 0.462 0.319 0.347
(0.142) (0.167) (0.026)
HDD/1000 -4.558 -4.032 9.248
(0.431) (0.466) (2.131)
Precipitation 0.001 0.001 0.001
(0.0002) (0.0003) (0.0001)
Precipitation?=1000 -0.001  -0.001 -0.001
(0.0002) (0.0002) (0.0001)
Observations 14,001 14,001 14,001 14,001 14,001
R? 0.267 0.338 0.477 0.480 0.492
Adjusted R? 0.222 0.297 0.444 0.448 0.460
Note: p<0.1l; p<0.05; p<0.01
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Table 2.7: Emulator Models for Soybeans

Dependent variable:

log(SIMPLE Yield)

1) 2)
GDD/1000 0.668 0.825
(0.039) (0.079)
HDD/1000 -2.510 -2.858
(0.406) (0.375)
Precipitation 0.0001 0.0004
(0.0002) (0.0002)
Precipitation?=1000  -0.0002 -0.0004
(0.0002) (0.0001)
Observations 14,001 14,001
R? 0.634 0.490
Adjusted R? 0.634 0.459
Note: p<0.1l; p<0.05; p<0.01

Table 2.8: Soybeans Model comparison: In-sample and Out-of-sampie

County level National level
Model + FE In-sample Out-of-sample In-sample Out-of-sample
Crop model 0.703 0.657 0.728 0.633
Weather model 0.765 0.714 0.827 0.757
Combined model 0.767 0.712 0.834 0.762
Full model 0.772 0.713 0.842 0.760
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ror for soybeans is larger compare to the prediction error for corn, while the crop
model's prediction error for soybeans is smaller compare to the prediction error for
corn mainly due to the more complicated physiology of the soybeans. Although the
weather model performs less accurate for soybeans, it still captures the extreme heat.
Especially in 2012, the weather and combined model predict an accurate yield drop
with 1.6% and 0.7% in-sample prediction error and 1.3% and 0.6% out-of-sample-
prediction error. Whereas, the crop model does not pick up any extreme heat impact
in 2012 with an in-sample prediction error of 15.4% and out-of-sample error of 19.4%.

Figure 2.4: Model Prediction at National Level for US Soybeans

2.4 Conclusion and Discussion

This study compares the process-based crop model and the statistical model with
grid level weather data and county level corn yield data that are publicly available.
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The statistical model has a better t in comparison to the crop model, while the
crop model does add extra information to the regression, which returns a better t
in the combined model. We also observe that statistical model is able to capture
the extreme heat impact on corn, while crop model does not capture any extreme
heat impact for yield predictions. To better forecast future corn yield, the combined
model seems to be the optimal choice, which includes all the information from both
models, captures the extreme heat e ect and avoids over- tting the model.

In case of climate change, statistical model indicates an average yield drop of 20.2
bu/ac under uniform +2 C scenario and an average yield drop of 21 bu/ac under
uniform +2 C and +20% precipitation; while crop model indicates an average rise
of 5.2 bu/ac under uniform +2 C scenario and an average rise of 5.5 bu/ac under
uniform +2 C and +20% precipitation, which further concludes that crop model
does not capture the extreme heat impact, therefore, the result contradicts to the
statistical model. We can also conclude that a higher precipitation together with a
higher temperature aggravates the crop yield changes.

Although crop model seems to have moderate improvement on the corn yield forecast,
it might contain key information and signi cant model improvement for other crops
(soybeans, wheat etc.), due to their complicated physiology. Additionally, weather
variables might not explain as many variations as in corn models. As we can see from
the soybean application, the crop model for soybeans has a better t than for corn,
while statistical model for soybeans does not t as well as for corn, which con rms
that weather variables do not explain as many variations for soybeans as for corn,
and crop model indeed has valuable information to improve model predictions for
other crops, soybeans in this case.

This is the rst step to have a global crop yield forecast. The combined model
is de nitely preferred, especially for the two main crops in the US - corn and soy-
beans - we discussed in this paper. Together with the satellite image to identify the
crop area globally, we should be able to apply the combined model to the rest of the
world. Although we need further investigation of the models on other crops and their
climate implications, this paper lays the groundwork for a methodology enabling the
forecasting of global crop production and the assessment of climate change's impact
on future crop supplies.

45



Chapter 3

Comparison of Reanalysis Weather
Data NARR, MERRA2 and
ERA5-land for Hourly Electricity
Demand Forecast In the
Continental US

Weather data, especially temperature, is essential for various economic analysis. In
the short run, temperature can impact agricultural output, individual productivity,
electricity consumption and people's time allocation between indoor and outdoor ac-
tivities. Acevedo (2020) [3] nds in most low income countries, a rise in temperature
lowers per capita output mainly due to reduced agriculture output, lowered work
productivity, slower investment and poorer health. Roberts et al. (2022) [68] uses
temperature to estimate hourly electricity consumption and temperature sensitive
load to make policy implications towards demand response. Deryugina and Hsiang
(2014) [28] nd that for each 1 C increase in daily average temperature above 15

will reduce individual productivity by roughly 1:7%. Gra Zivin and Neidell (2014)
[86] investigate the temperature impact on time allocation. In the long run, climate
change data can impact the analysis for economic growth, people's health, mortal-
ity rate and adaptation, as well as immigration. Dell et al. (2012) [24] nd higher
temperatures reduces economic growth and possibly the growth rate as well in poor
countries. Deschénes and Greenstone (2007) [29] suggest that higher temperatures
results from climate change have modest impacts on the health related welfare costs
in the US, and the increase in mortality rate is statistically insigni cant. Feng et al.
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(2012) [33] nd that climate change would lead an out-migration from rural counties
due to a decrease in agriculture crop yields. Given the important role of weather
data in economic research, identifying the most suitable source for a particular study
is crucial. Weather data can be broadly categorized into two primary sources: ob-
servations collected from weather stations and reanalysis products.

The weather data from weather stations are imperfect. The ground level obser-
vations have not only lots of missing data, but also a limited spatial and temporal
coverage [59]. The quality and standard of the station data is inconsistent across
di erent countries - the stations are often sparse or nonexistent for low income coun-
tries [9]. Although the station data are better maintained for high income countries,
they are often located outside the populated area. Therefore, it may not truly re ect
the temperature in large urban centers due to the urban heat island (UHI) e eé{50].

Weather reanalysis data is the alternative to the ground level weather station data.
The product is obtained by assimilating climate observation%.It provides consistent
historical weather data with di erent spatial and temporal resolution globally. A few
studies compared weather station data and climate reanalysis data for temperature
related economic implications. Mistry et al. (2022) [59] state that temperature from
ERADS reanalysis data generally compare well to station observations in temperature
related mortality study. Sheridan et al. (2020) [73] exam the similarities between
station observations and reanalysis data in terms of days with extreme heat or cold
in the US and Canada. They conclude that reanalysis data matches station obser-
vation very well in terms of extreme temperature events. Given these similarities,
reanalysis data provide a standard and consistent format for global economic analy-
sis. Although the reanalysis data might not solve the urban heat island (UHI) e ect
problem [49], it can give the most complete picture of the UHI e ect when combin-
ing with the station data.® There are several well known reanalysis weather datasets
including MERRA2* [60] released in 2015 from NASA ERA5-land® [61] released
in 2019 from ECMWF’, as well as NARRP [58] for north America released in 2006

lHeat islands are urbanized areas that experience higher temperatures than outlying areas
(EPA).

2Reanalysis Datasets at PSL (Physical Sciences Laboratory)

3https:/lwww.epa.gov/heatislands/measuring-heat-islands

4The second Modern-Era Retrospective analysis for Research and Applications

SNational Aeronautics and Space Administration

Sland component of the fth generation of European ReAnalysis

"European Centre for Medium-Range Weather Forecasts

8North American Regional Reanalysis
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from NCEP®. The question is if there is a reanalysis data set that out performs the
others.

There are several recent researches that evaluates some of the reanalysis data. Ar-
shad et al. (2021) [6] evaluates precipitation from four di erent reanalysis data set
over Pakistan, they conclude ERAS well-captured the precipitation intensity. Xu

et al. (2022) [80] evaluates precipitation products over the Great Lakes Basin and
conclude that overall, ERA5 is superior to MERRAZ in detecting lake-e ect precipi-
tation. Kara et al. (2024) [46] evaluates ERA5 and MERRAZ2 over the Aegean region
by comparing the statistical parameters with the station data within the region and
concludes that air temperature and mean sea level pressure are better represented in
MERRAZ2, while ERA5 performs better in wind speed over their study region. The
past researches indicate that the reanalysis data performance varies across di erent
parameters and regions. And it is necessary to compare the parameters of these
datasets when conducting researches in a new region.

In this paper, we will compare air temperature variable from ERA5-land, NARR and
MERRAZ2 over the continental area of the United States by comparing the goodness-
of- t for an hourly electricity demand forecast model that is used in Roberts et al.
(2022) [68]. My research question is which dataset has the best performance for air
temperature over the continental US. In general, ERA5-land has the best goodness-
of- t on average for the entire US, while a few BAs in the west interconnect have
the contrary results. In the next section, | will brie y review the methodology used

in Roberts et al. (2022) [68], then | will introduce the datasets and compare the
results, as well as the conclusion and discussions.

3.1 Methods

In this section, | will discuss the methodology to compare the three reanalysis weather
data. Since | am using the same regression model to estimate hourly electricity de-
mand as in Roberts et al. (2022) [68], | will start with reviewing the regression
models.

9National Centers for Environmental Prediction
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3.1.1 Weather Model

The regression model regress hourly electricity consumption on interaction of hour of
the day splines (hod), hour of the year splines (hoy) and day of week indicator (dow),
together with weather variables including heating degree hours (HDH) and cooling
degree hours (CDH). The hourly demand for each aggregated balancing authotfty
was estimated separately. The regression equation is as follow:

di = sp(hod) sqg(hoy) I(dow)+ HHDH;+ CDH;+ u (3.1)

whered, is the log transformation of the hourly electricity consumptions,(hod,) is

a natural spline function for hour of the day,sq(hoy;) is a natural spline function for
hour of the year, andl (dow) is the indicator variable for day of the week. The spline
functions and indicator variable are interacted with each other. More details can be
found in Roberts et al. (2022) [68].HDH; is the temperature di erence between
18 C and the actual temperature when the actual temperature is below 18 and
CDH; is the temperature di erence between the actual temperature and 18 when
the actual temperature is above 1& for each hourt, otherwise their values are zero.
The mathematical expression can be found in the next section.

3.1.2 Climate Model

In order to consider the weather heterogeneity within each region, climate variables
are added to the weather model. Climate variable is de ned as the interaction
between the average HDH/CDH over 12-year period in each pixel and the hourly
HDH/CDH. And it is aggregated to the regional level by taking the weighed average
with population weight in each pixel. Although the contribution from adding the
climate variables is very small and the signs of the climate variables are uncertain
in some cases when using the NARR data, | still include the model with climate
variables as a comparison as we want to see if the results from the di erent weather
data are consistent with di erent models. The climate model regression is as follow:

10 aggregation technique is described in Roberts et al. (2022). A map that shows the location
and size of each aggregated balancing authority can be found in the appendix.
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di = sh(hod) sq(hoy) I(dow)+ HDH;+ CDH;+ ,ClimHDH ;
+ CIimCDH ; + u; (3.2)

whereClimHDH is the aggregated interaction between 12-year average heating de-
gree hour per pixel and the hourly heating degree hour, similari@ZlimCDH is the
aggregated interaction between 12-year average cooling degree hour per pixel and
the hourly cooling degree hour.

| use the goodness-of-t (adjustedR?) of the above regressions as the comparison
indicator to compare the three weather datasets. A higheR? indicates a better
performance of the data.

3.2 Data and Results
3.2.1 Weather Data

In this section, | rst compare the temperature variable from three weather data
sets. Then | discuss the methodology to aggregate the weather data.

NARR : Air Temperature (‘air.2m’) data from North American Regional Reanal-
ysist! gives air temperature at two meters elevation every three hours on a roughly
30 kilometer grid. This dataset covers the time period from 1979 to present. This is
the original dataset that is used in Roberts et al. (2022) [68]. | use this dataset as
the baseline comparison. Similar to Roberts et al. (2022) [68], | linearly interpolate
the three hour data into hourly data to match the hourly electricity demand data
for the regression.

MERRAZ2 stands for The second Modern-Era Retrospective analysis for Research
and Applications'?. | use the hourly two meters elevation temperature data
(instl_2d_asmNx') at about 50 kilometer spatial resolution. The dataset covers the
time period from 1980 to present.

ERA5-land is a global reanalysis data from European Centre for Medium-Range

L https://psl.noaa.gov/data/gridded/data.narr.html
2https://gmao.gsfc.nasa.gov/reanalysiss/MERRA-2/data_access/
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Weather Forecasts (ECMWF}3. It has a 9 kilometer spatial resolution and hourly
temporal resolution globally. The dataset covers the time period from 1950 to
present. | use the hourly two meters elevation temperature data (‘2m tempera-
ture’) at about 9 kilometer spatial resolution.

In this study, | compare three years (2016-2018) hourly temperature data from each
of the weather data sets above. Figure 3.1 shows the histogram for hourly temper-
ature in the US over the period of 2016 to 2018 for each data set. The top graph
is the comparison between ERA5-land and NARR data, and the bottom graph is
the comparison between ERA5-land and MARRA2 data. ERA5-land dataset has a
higher density around 23C, while less density when the temperature is higher than
28 C or lower than 2 C comparing to both NARR and MERRAZ2 datasets. In other
words, ERA5-land data seems to have less extreme temperature comparing to the
other two datasets. All three datasets are highly correlated, with the correlation of
0.99 between ERA5-land and MERRAZ2, 0.986 between ERA5-land and NARR, and
0.98 between MERRA2 and NARR.

| use the same de nition for cooling degree hour (CDH) and heating degree hour
(HDH) as in Roberts et al. (2022), which is

CDH =maxfT 180g (3.3)

and
HDH =maxf18 T;0g (3.4)

For each weather dataset above, | rst calculate the CDH and HDH for each grid-
cell. Then | aggregate the 1km grid population density data obtained from NASA's
Socioeconomic Data and Applications Center (SEDACG) to match the resolution of

the weather grid and calculate the population weight for each gridcell in each region.
Finally, | calculate the population weighted average CDH and HDH for each region,
and these are the independent variables for the regression model in the previous sec-
tion.

Bhttps:/iwww.ecmwf.int/en/eras-land
nhttps://sedac.ciesin.columbia.edu/
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Figure 3.1: Temperature data comparison ERA5-land, NARR and

MERRA2 for 2016-2018 in the US.
Top: ERA5-land vs. NARR histogram. Bottom: ERA5-land vs. MERRAZ2 his-

togram.
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3.2.2 Hourly Electricity Data

The hourly electricity data is from Energy Information Administration (EIA) form
930 Hourly Electric Grid Monitor!®. The demand from each Balancing Authority
(BA) is aggregated into 15 consolidated regions for both East and West Interconnect
in order to better match geospatial variation in weather to hourly demand, while
preserves the transmission connectivity. The aggregation technique can be found in
Roberts et al. (2022) [68].

3.2.3 Results

Figure 3.2 shows the comparison for ERA5-land, MERRAZ2 and NARR in East Inter-
connect and ERCOT (number 16 is ERCOT). The top two plots are theR? results
from the weather model. The left hand graph is th&k? di erence between ERA5-
land and NARR (red bar), and between MERRA2 and NARR (blue bar). The right
hand graph is the adjustedR? results for all the three datasets. The bottom two
plots are the R? results from the climate model. The consolidated BA regional map
can be found in the Appendix.

For both weather and climate models, ERA5-land data shows the highe®&? for
all the balancing authorities in the East Interconnect and ERCOT. NARR has a
higher adjusted R? than MERRA2 for all the BAs besides BA2 and BA9 in both
models. MERRAZ2 has a higheiR? for BA2 in both models. For BA9, MERRA2
has a higher improvement than NARR in Climate Model, therefore, a slightly higher
R? than NARR in the climate model, while NARR has a higheR? in the weather
model. On average ERA5-land data results in a 0.008 increase R comparing
to NARR in the weather model for the East Interconnect and ERCOT, and a 0.01
increase inR? in the climate model. While MERRA2 data has an average of 0.011
decrease inR? comparing to NARR in the weather model, and an average of 0.008
decrease irR? in the climate model.

Figure 3.3 shows the comparison of the three datasets in the West Interconnect. In
contract to the results in the East Interconnect above, ERA5-land data is not always
superior than NARR, especially in case of the climate model, where NARR has a
higher R? for most of the BAs. While MERRA2 data still results in a lowerR? for
most of the BAs in both weather and climate models. On average ERA5-land data

Shttps://www.eia.gov/electricity/gridmonitor/about
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Figure 3.2: ERA5-land, NARR and MERRA2 R? Comparison for East
Interconnect and ERCOT.

BA number 16 stands for ERCOT. Top gures are results from weather model.
Bottom gures are results from climate model. The bar charts at the left hand side
are the R? di erences between ERA5-land and NARR (red) and MERRA2 and
NARR (blue). The line charts at the right hand side are the adjustedR? values

for ERA5-land (red dot), NARR (black dot) and MERRA2 (blue dot). The BA
ranking is based on the absolut®? di erence between the highest and lowesR?

values.
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results in a 0.003 increase iR? comparing to NARR in the weather model for the
West Interconnect, and a 0.001 increase iR? in the climate model. While MERRA2
has an average of 0.008 decreaseRd comparing to NARR in the weather model,
and an average of 0.01 decrease Rt in climate model. The BAs that have a lower

t with ERA5-land dataset in both models are BAS5, BA6, BA7, BA10 and BA12.
Figure B.1 shows the map for each consolidated BA in the west interconnect. From
the map we observe the area with a lower ERA5-land t (comparing to NARR) is
mainly concentrated in the middle-west of the US.

Figure 3.3: ERA5-land, NARR and MERRA2 R? Comparison for West
Interconnect.

Top gures are results from weather model. Bottom gures are results from cli-
mate model. The bar charts at the left hand side are th&? di erences between
ERA5-land and NARR (red) and MERRA2 and NARR (blue). The line charts at
the right hand side are the adjustedR? values for ERA5-land (red dot), NARR
(black dot) and MERRAZ2 (blue dot).
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3.3 Conclusion and Discussion

In comparison with NARR dataset, which is used in Roberts el al. (2022) [68], ERA5-
land dataset results in a better t overall, especially in the East Interconnect and
ERCOT. While MERRAZ2 dataset results in a lower t. This goodness-of-t order is
consistent with the spatial resolution of the datasets, which is 9km for ERA5-land,
30km for NARR and 50km for MERRAZ2. The dierence on temporal resolution
between 1 hour (MERRAZ2) and 3 hours (NARR) does not seem to have any impacts
on the tness - the linear interpolation of the NARR dataset has a better t than
the hourly MERRAZ2 dataset, and theR? di erence between NARR and MERRA2

is consistent with the R? di erence between NARR and ERA5-land.

While in the West Interconnect, the higher spatial resolution from ERA5-land seems
to have little improvement on tness comparing to NARR dataset, which can be
mainly due to the geographical di erences between east and west interconnect. In
the east interconnect, it is mostly plains. While in the west interconnect, especially in
the middle west region, it is mainly characterized by extensive mountains, plateaus,
as well as valleys and lowlands. Due to the unique geographical characteristics, which
can lead to drastic changes in weather in the same consolidated region, the aggre-
gation of the temperature variables might not capture the weather dynamics of the
region regardless of their spatial resolution.

This study compares three di erent weather reanalysis data by comparing the goodness-
of- t from an hourly electricity demand forecast model illustrated in Roberts el al.
(2022) [68]. In general, this study suggests that ERA5-land has the best overall
goodness-of- t, therefore, it is the best dataset to use for the electricity demand
forecast model. There is also a correlation between goodness-of-t and the spatial
resolution of the datasets, in other words, the dataset with the highest spatial res-
olution (ERA5-land) results in the best goodness-of- t, while the dataset with the
lowest spatial resolution (MERRAZ2) results in the lowest goodness-of- t. However,
there are a few exceptions - a few consolidated BAs, especially in the west inter-
connect, have the contrary conclusion mainly due to the geographical di erence and
large regional aggregation that mentioned previously. Therefore, further study with
a smaller regional weather aggregation is desired to conduct for the regions in west
interconnect. Moreover, this study is limited for air temperature variable compari-
son within the continental US. As the same variable from di erent weather datasets
might have di erent performance in di erent locations, so further analysis is needed

if research is conducted in a di erent region. Similarly, other variables could result
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in di erent conclusions as well, and further analysis is needed if research is using
di erent weather variables.
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Appendix A

Chapter 1 Supplementary
Materials

Additional Figures and Tables

Independent Models
Variable Baseline Weather Weather+Climate
(a) (b) (c)
Heating Degree Hours 0.037 0.201
(0.0002) (0.004)
Mean HDH -0.048
(0.001)
Cooling Degree Hours 0.044 -0.211
(0.0003) (0.007)
Mean CDH 0.059
(0.002)
s(Hour of Year) s(Hour of Day)
I(Day of Week) Yes Yes Yes
Adjusted R? 0.675 0.912 0.924
3 fold CV R? 0.624 0.900 0.914

Table A.1: Model Comparisons for One Region (L) in the Eastern Interconnect.
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Figure A.1: ERCOT Demand in Relation to Temperature for Each Sea-

son.

The average demand index value according to temperature and season is displayed
above a frequency count of temperature. Demand index values are obtained by
scaling demand according to regional average demand. The dotted blue line shows
18 C, the benchmark for determining a cooling or heating degree hour. Compiled
hourly data are from 2016 through 2018.
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Figure A.2: Demand in Relation to Temperature for Each Region in the

Eastern Interconnect.

The panel of graphs show the average demand index value according to temper-
ature and season per regional balancing authority region displayed above a fre-
quency count of temperature. Region coverage is indicated relative to the eastern
interconnect in the map. Panels display regions in order of coolest to warmest av-
erage temperature A through O.
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Figure A.3: Demand in Relation to Temperature for Each Region in the

Western Interconnect.

The panel of graphs show the average demand index value according to temper-
ature and season per regional balancing authority region displayed above a fre-
guency count of temperature. Region coverage is indicated relative to the western
interconnect in the map. Panels display regions in order of coolest to warmest av-
erage temperature A through O.
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Figure A.4: Demand in Relation to Heating and Cooling Degree Hours

for Each Region in the Eastern Interconnect.

The panel of graphs show the average demand index value according to value of
cooling or heating degree hour is displayed per regional balancing authority region
displayed above a frequency count of CDH or HDH (overlaid). Region coverage is
indicated relative to the eastern interconnect in the map. Panels display regions in
order of coolest to warmest average temperature A through O.
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Figure A.5: Demand in Relation to Heating and Cooling Degree Hours

for Each Region in the Western Interconnect.

The panel of graphs show the average demand index value according to value of
cooling or heating degree hour per regional balancing authority region displayed
above a frequency count of CDH and HDH (overlaid). Region coverage is indicated
relative to the western interconnect in the map. Panels display regions in order of
coolest to warmest average temperature A through O.
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Eastern Interconnect

Western Interconnect

Figure A.6: Summary of Regression Models.
The graphs summarize two regression speci cations for each region, with and without an interaction between
climate and weather outcomes. The top panel summarizes the Eastern interconnect and the bottom panel sum-
marizes regression models for the Western interconnect. The rst pair of points indicate the regression coe cients
on CDH and HDH in the baseline model, with barely visible error bars to indicate uncertainty{the variables are
highly statistically signi cant, even with Newey-West corrections to account for heteroskedasticity and autocorre-
lation. The next points with larger whiskers show the range of coe cients implied the model with weather-climate
interactions, such that the weather response depends on mean CDH or mean HDH within the region. All models
include controls for hour of year, day of week, and hour of@y, which typically explain about two-thirds of demand
variance in a region. The % RMSE bars at the bottom report the share of  remaining variability explained by the
weather and climate variables relative to a model that includes only the controls. The models with heterogeneous
response have only slightly better predictions, and have no meaningful in uence on other results. The size of the
region (mean GW per hour) is indicated at the top of each panel, together with letter that corresponds to the re-
gion indicated in other gures above.



Figure A.7: Average SD Reduction for the Contiguous United States ( =
1).

The map shows the average daily reduction in standard deviation (SD) of demand
if 100% ( = 1) of potentially exible load is actually exible for each established
balancing authority (BA) region. We use the average SD reduction of the two over-
lapped BAs as SD reduction of the overlapped areas. SD reduction ranges from
0.68 to 1.00 across the continental US.
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Table A.2: Changes in overall peak and base load, and overall variability, when de-
mand is attened within each day for di erent levels of and regional aggregation.

Level of Peak Load Base Load SD
Connectivity Reduction Increase Reduction
value 0j 0.25j0.5j1 0j 0.25j0.5j1 0j 0.25j0.5j1
-All Seasons-

Regional BA 0.0] 10.6] 16.6] 17.3  0.0] 16.7] 22.0j 27.1 0.0} 18.7] 24.7] 26.3
Interconnect  5.4j 15.7j 22.9j 23.1  5.9j 14.8j 18.4j 21.6  8.5j 28.8] 34.2j 35.0
Nationwide  10.0j 19.5j 25.3j 25.3 10.8j 23.0j 27.5j 28.6 14.5 35.3] 39.6j 39.8

-Winter|Dec/Jan/Feb-

Regional BA 0.0j 7.6] 10.8] 12.1 0.0} 10.7] 14.6] 17.8 0.0j 17.1] 23.1] 25.9
Interconnect 4.3 11.2j 13.3j 14.5 2.6j 12.1j 16.4j 18.7  9.5j 26.4j 31.6] 33.7
Nationwide  8.8j 14.9j 14.9j 14.9  3.9j 13.5j 17.9j 20.0 21.7j 35.8j 37.4j 37.6

-Summer|Jun/Jul/Aug-

Regional BA 0.0] 10.5] 18.6] 19.9 0.0] 18.9] 25.9] 31.1 0.0} 35.4] 47.8] 50.0
Interconnect  3.8j 14.3j 22.0j 22.2 3.6 18.6j 25.2j 26.9  4.4j 44.9] 56.3] 56.9
Nationwide  8.2j 17.9j 23.9j 23.9  9.6j 23.2j 29.0j 31.5 11.9 52.2] 61.5] 61.6

Notes: The table shows the average percent reduction in overall peak load, average percent in-
crease in overall base load, average reduction in overall standard deviation of load when all

( =1),haf( = 0:5),aquarter ( = 0:25) or none of temperature-sensitive load in each

day is shiftable to another hour in the same day. This di ers from the table in the main paper

that considers daily peak and base loads instead ofverall (3-year) peak and base loads. Base-
line mean values are overall averages. These calculations are performed for the individual regions,
when regions are pooled within each interconnect, and when all regions across the continental
United States are pooled (Nationwide). The calculations are also broken out for Winter and Sum-
mer months.
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Table A.5: Changes in overall peak and base load, and overall variability, when de-
mand is attened within each day for di erent levels of and regional aggregation,
and climate-weather interactions are used in the regression model that links de-
mand to weather.

Level of Peak Load Base Load SD
Connectivity Reduction Increase Reduction
value 0j 0.25j 0.5j 1 0j 0.25j0.5j1 0j 0.25j 0.5j 1
-All Seasons-

Regional BA 0.0] 10.6] 16.5] 17.3  0.0] 16.2] 21.3] 26.3  0.0] 18.6] 24.7] 26.2
Interconnect  5.4j 15.8j 23.1j 23.1  5.9j 14.8j 18.4j 21.8  8.5j 29.0j 34.3] 35.0
Nationwide  10.0j 19.5j 25.3j 25.3 10.8j 22.8j 27.4j 28.6 14.5j 35.2j 39.6j 39.8

-Winter|Dec/Jan/Feb-

Regional BA 0.0] 7.7j 10.8] 12.1  0.0; 9.8 13.7] 17.0 _ 0.0} 16.7] 22.7] 25.8
Interconnect 4.3 11.3j 13.4j 14.5 2.6j 12.1j 16.4j 18.8  9.5j 26.6j 31.8] 33.8
Nationwide  8.8j 14.9j 14.9j 14.9 3.9j 13.2j 17.6j 19.9 21.7 35.6] 37.4j 37.6

-Summer|Jun/Jul/Aug-

Regional BA 0.0] 10.4] 18.6] 19.9 0.0j 18.1] 25.0j 30.3  0.0j 35.6] 48.3] 50.0
Interconnect  3.8j 14.3j 22.2j 22.2 3.6 18.8] 25.4j 27.0  4.4j 45.3] 56.6] 56.9
Nationwide  8.2j 17.9j 23.9j 23.9  9.6j 23.2j 29.0j 31.5 11.9j 52.2j 61.5j 61.6

Notes: The table shows the average percent reduction in overall peak load, average percent in-
crease in overall base load, average reduction in overall standard deviation of load when all

( = 1), half( = 0:5),oraquarter ( = 0:25) of temperature-sensitive load in each day is
shiftable to another hour in the same day using the model with climate interactions. This di ers
from the table in the main paper that considersdaily peak and base loads instead abverall (3-

year) peak and base loadsand it uses a regression model with climate-HDH/CDH interactions
instead of just HDH and CDH. Baseline load values used were overall averages. These calculations
are performed for the individual regions, when regions are pooled within each interconnect, and
when all regions across the continental United States are pooled (Nationwide). The calculations
are also broken out for Winter and Summer months.
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Table A.7: Changes in overall peak and base load, and overall variability, when de-
mand is attened within each day for di erent levels of and regional aggregation,
after accounting for demand shift from 2C warming.

Level of Peak Load Base Load SD
Connectivity Reduction Increase Reduction
value 0j 0.25j 0.5j1 0j 0.25j0.5j1 0j 0.25j0.5j1
-All Seasons-

Regional BA  0.0] 7.8] 14.5] 15.0 0.0 17.5] 23.1] 28.6 0.0} 10.7] 16.5] 18.0
Interconnect  5.4j 13.1j 20.4j 20.4 5.9 11.3j 15.6j 20.0 8.5 18.5] 23.5j 24.1
Nationwide  10.0j 16.5j 21.8j 21.8 10.8] 20.6j 25.1j 26.3 14.5) 23.2j 26.8j 27.0

-Winter|Dec/Jan/Feb-

Regional BA  0.0] 9.8j 13.0] 14.4  0.0; 8.9] 13.2] 16.8  0.0] 18.8] 25.8] 29.1
Interconnect 4.3 12.7j 14.8j 16.3  2.6j 12.8j 18.0j 20.8  9.5j 30.4j 37.1j 39.8
Nationwide  8.8j 16.0j 16.1j 16.1  3.9j 15.4j 20.8) 23.4 21.7 39.9] 42.5] 42.7

-Summer|Jun/Jul/Aug-

Regional BA  0.0] 5.2] 13.5] 14.4 0.0 22.6] 30.4] 35.6 0.0 33.9] 45.2] 46.8
Interconnect  3.8j 14.6j 21.8j 21.8 3.6 15.2j 22.8j 24.6  4.4j 44.5] 54.3] 54.6
Nationwide  8.2j 18.3j 23.5j 23.5 9.6j 18.6j 25.8) 27.8 11.9 51.8j 59.0j 59.0

Notes: The table shows the average percent reduction in overall peak load, average percent in-
crease in overall base load, average reduction in overall standard deviation of load when all

( = 1), half( = 0:5),oraquarter ( = 0:25) of temperature-sensitive load in each day is
shiftable to another hour in the same day using the model with in increased 2C temperature.
Baseline load values used were overall averages. These calculations are performed for the indi-
vidual regions, when regions are pooled within each interconnect, and when all regions across the
continental United States are pooled (Nationwide). The calculations are also broken out for Win-
ter and Summer months.
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Figure A.8: Proportional Reduction in Overall Load Variability in Di er-

ent Seasons.
Each colored line represents the average regional SD reduction in a season. The
black line represents the average seasonal SD reduction value across all seasons

2016 - 2018.
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Figure A.9: The In uence of Demand Flexibility and Transmission on

Daily and Overall Base and Peak Load with and without Climate In-

teractions in the Model.

The aqua colored bars show average values of daily peak and base load divided by
the same-day mean (lighter shade) or overall (3-year) mean (darker shade). The
purple bars indicate the same average values with climate interactions, normal-
ized by the actual historical load (ie., mean CDH and HDH are interacted with
hourly realizations of CDH and HDH). Whiskers mark the 1 and 99" percentiles

of daily peak and base demand. Demand exibility increases from left to right,
where = 0 is raw demand (left column), = 0:5 is demand optimally attened
using half the temperature-sensitive load, and = 1 is demand optimally attened
using all of the temperature-sensitive load. Transmission increases from top to bot-
tom, where the rst row assumes no connectivity between regions, the second row
assumes perfect transmission within interconnects (East, West, ERCOT), and the
last row assumes perfect transmission across the contiguous United States.
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