Introduction:
Thank you for your comments. There are a number of ways to compute a forecast, and always room for
improvements. While no model is perfect, we feel that the proposed model is superior to the existing
model. This is the standard that we hold ourselves to when determining when to make a change.
One thing that we think would be of value would be comments on how PS feels about the actual
projections we have presented. As you’ll see in materials posted for the 09.10.2019 LAS meeting, the
proposed model for PS is now an average of 1% higher than the published 2019 forecast across years.
Are you concerned that this new forecast is too high/too low? It seems from your original comments
that you are concerned that the RTO forecast is too low, is this a concern that carries to PS as well?

Change #1 – End-Use Characteristics

I see no documentation of these model estimations in Manual 19. If this is an entirely new method that
PJM is using than the methodology can’t be evaluated without knowing what data is used to estimate
the coefficients and what the regression results are. If these results were provided and I just missed
them (unfortunately, something not out of the realm of possibility), please direct me to them. If they
weren’t provided, please provide.

Response: We posted Heating and Cooling indexes with the 8.26.2019 LAS materials at:
https://www.pjm.com/committees-and-groups/subcommittees/las.aspx. We have posted the Other
index with the 9.10.2019 meeting materials. These rely on publicly available EIA 861 data (Residential,
Commercial, and Industrial energy), economic data, and equipment saturation/efficiency data.

I understand that commercial square footage data is difficult to obtain but my question remains – Why
are you using Working Age Population? Granted, employment is not a good proxy for commercial floor
space given automation. However, if economic theory would suggest that the demand for retail and
other commercial services is a function of income, household, and population, I don’t understand why
Working Age Population was chosen. With working age population, defined as ages 15-64, this metric
omits age cohorts that have a demand for Education & Health Services which is one of the fastest
growing sectors in the economy. Again, there appears to be additional modeling (the working age to
square footage translation) for which the documentation has somehow eluded me. If these results were
provided and I just missed them, please direct me to them. If they weren’t provided, please provide.

Response: Employment is additionally not a good proxy for commercial floor space because of its
heightened cyclicality. In a recession, employment plummets but square footage merely slows.
Working-age population is a good reflection of the inherent long-term demand for commercial floor
space. While we agree that Education & Health Services is one of the fastest growing sectors, we
disagree that our measure omits this growth. The jobs created in that sector will ultimately be filled by
those in the working age population.
Regarding the population to square footage translation. You didn’t miss the documentation, this was
only discussed verbally. This is linked to a stakeholder suggestion proposed last year that we
implemented to try to refine our model. It is square footage that we get from the Itron spreadsheets
divided by working-age population (shown in the chart below). We then take this ratio and multiply it by
each zone’s working-age population series.

The industrial energy use in the AEO “includes energy for combined heat and power plants that have a
non-regulatory status and small on-site generation systems.” Is it possible that your history is based on
Retail Sales of electricity and the forecast is based on Total Electricity Use (purchased and other) so that
the series aren’t consistent?

Response: The category we used from AEO was the Purchased Electricity subset of Energy Consumption
per dollar of Shipments. This section has many sub-categories including various fossil fuels, “biofuels
heat and coproducts”, and renewables. Our assumption was that purchased electricity would not
include on-site generation whether through CHP or on-site generators. In short, we feel that the history
and forecast terms are consistent.

Change #2 – Modeling Non-weather sensitive Load

Well, actually the proposed PJM model is utilizing two-stage least squares – Stage 1 estimating the nonweather sensitive load and Stage 2 using that result in the forecast model. My point was that 2SLS is not
being used for the standard econometric reasons that it was developed to address. If the current model
is not capturing non-weather sensitive load trends, then it implies that there is a specification problem
or problems in the model or the estimation data set that should be examined and rectified. It seems
very extreme to use an untested, and to me questionable, methodology that uses data that is not in the
season of the peak load - the main objective to forecast. In addition, if the peak hours in the shoulder
months are used to estimate the base load, then the hour used is also not appropriate.

Response: As you note, there is a specification problem in the current model, one that inhibits it from
effectively separating non-weather sensitive and weather sensitive load. The identified fix uses a
reasonable and effective methodology to estimate non-weather sensitive load, which cannot be
accurately described as extreme. We believe that posted zonal non-weather sensitive load charts reflect
how that load has evolved over the last 15 years.
In addition, in response to your criticism that we are not using summer loads in our non-weather
sensitive load calculation we have made efforts to do so. This will be shown in the materials for the
9.10.2019 LAS meeting.

I don’t think that the history of non-weather sensitive load can be accurately established without
considering why it changes over time. Annual binaries, as I stated before, capture all the omitted
variables, including some imprecision in the weather variables. If you have a driver that you’re confident
using to forecast non-weather sensitive load, it should be utilized in the estimation of non-weather
sensitive load. If it can’t be used in the estimation, it shouldn’t be used in the forecasting.
Again, there appears to be additional estimations for which the documentation has somehow eluded
me. If these results were provided and I just missed them, please direct me to them. If they weren’t
provided, please provide.

Response: We take estimated non-weather sensitive load and regress it on the other end-use index. The
fitted results are then what get used. These are all posted with the 09.10.2019 materials.

Change #3 – Building weather Variables

I assume, from the statement above, that you’re using CDD because the models “performance”, e.g. R2,
MSE, etc., is reduced if you include CDD. This, however, is not a justification for using a variable it is an
introduction of bias in your estimates. The rationale for this bias is that, with the regression model,
you’re trying to quantify the conditional expectation, i.e:

E(y|Xβ) [1]
of the theoretically valid model that you’ve constructed. If variables are selected to, for example,
minimize MSE then a different conditional expectation is being quantified, i.e:
E(y|Xβ,minimize(MSE)) [2]
The bias arises because you get a different answer with [2] than from [1] because, in effect, they are two
different questions.
Now, you know as well as I do that we’re all guilty of doing this. As a matter of fact software exists to do
this on a large scale (see: Stepwise Regression). My problem with it arises when it is used to include
variables that should not be in the regression. As far as I know, there is no engineering or behavioral
reason for cooling load to be a function of temperature without taking humidity into account. I think
that using CDD in the models is fundamentally wrong.

Response: We disagree that CDD should not be in the regression. We agree that temperature and
humidity are both important, thus why we include the Temperature-Humidity Index in our model.
Cooling load is a function of thermal build-up, current conditions, and equipment performance. We
believe that CDD is very valuable in capturing thermal build-up.

In the analysis of peak load, the independent variable that is most accurately measured is the weather.
As a result, the weather data that is used should reflect the weather that contributes to the peak load
whether it be at time of peak or prior to the peak. There is no reason to use weather that is “highly
collinear with conditions that occur before the peak”. The weather variables are meant to be the
measure of weather that impacts load. There’s no reason to settle for anything less – especially if
alternative measure occurs after the peak. Again, using estimation results to justify using an incorrect
specification is not appropriate.

Response: We agree that weather after the peak does not affect the peak, and that perhaps this could
be a refinement to the model. Our contention though is that this would have a minimal impact, if any,
on any forecast results.

The omitted variable bias not only affects the parameter estimates but, since the parameter estimates
are used to calculate the fitted values, the omitted variable bias also impacts the Sum of Squared Errors
which is used. Multicollinearity does not preclude using multivariate regression. Multivariate regression
in the presence of multicollinearity will result in unbiased estimated coefficients – the desired result.
The estimates, however, are not as precise as one would hope. Using less precise unbiased estimators is
preferable to using biased estimates that are just wrong.

Response: We will continue to consider this. We do not feel that having all of the variables in the model
individually versus as a single composite variable would produce meaningfully different results.

Perhaps using more appropriate weather, THI rather than CDD, would be a better first step in
attempting to fully capturing the weather effect.

Response: THI is in the model in addition to CDD.

The statement that the THI doesn’t work because the average daily THI or the daily maximum THI
doesn’t work is the result of using a daily average and a daily maximum that, as I noted before, contains
weather data that occurs after the peak and, as a result, is irrelevant. It avoids the question as to why
the THI at the time of peak and during the appropriate periods prior to peak is not used.
It is also noted in the PJM response that “the culmination of a daily peak has to do with the aggregate
thermal buildup throughout the day”. If this is the case, why are variables quantifying this buildup, e.g.
one-hour lag, three-hour lag, etc., not included in the model specifications.

Response: THI does work and is included in the model. Whether there are additional transformations
that could potentially be used and may work better is possible. We feel that the current inclusion of CDD
helps to capture thermal buildup and is not inappropriate to the point where it makes model results
invalid.

Again, “add value to the model” is not a sufficient reason to use a variable. My question was “What is
the evidence supporting using a one day lag for CDD”. I would like to know the thought process behind
the choice. The fact that it would be correlated with overnight weather is not a reason to use the one
day lag rather than the overnight weather, if the overnight weather is the appropriate variable, since it is
available.

Response: We used a one day lag for CDD as it contributes to the idea of thermal buildup (i.e. two
consecutive hot days are likely to produce higher load than one mild day followed by a hot day). There
may be better ways to capture this phenomenon as you indicate and we will continue to evaluate.

I was not reading too much into the shape of the graph. It was explicitly presented by PJM as the
justification for the use of the cubic polynomial.

Referencing the graph above, how is this taking into account year-to-year trends and calendar effects?

Response: We did not mean to indicate that our graph does account for year-to-year trends and
calendar effects, only that visual inspection of the data seemed to point to a cubic polynomial. We will
continue to evaluate this and if it appears that an improvement can be made, then we will make it.

