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entifique.

The series Les Cahiers du GERAD consists of working papers
carried out by our members. Most of these pre-prints have been
submitted to peer-reviewed journals. When accepted and published,
if necessary, the original pdf is removed and a link to the published
article is added.

Suggested citation: R. Galarneau-Vincent, G. Gauthier,
F. Godin (June 2022). Foreseeing the worst: Forecasting
electricity DART spikes, Technical report, Les Cahiers du GERAD
G–2022–26, GERAD, HEC Montréal, Canada.
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3000, chemin de la Côte-Sainte-Catherine
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H3C 3J7

remi.galarneau-vincent@hec.ca

genevieve.gauthier@hec.ca

frederic.godin@concordia.ca

June 2022
Les Cahiers du GERAD
G–2022–26
Copyright © 2022 GERAD, Galarneau-Vincent, Gauthier, Godin
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Abstract : Statistical learning models are proposed for the prediction of the probability of a spike
in the electricity DART (day-ahead minus real-time price) spread. Assessing the likelihood of DART
spikes is of paramount importance for virtual bidders, among others. The model’s performance is
evaluated on historical data for the Long Island zone of the New York Independent System Operator
(NYISO). A tailored feature set encompassing novel engineered features is designed. Such a set of fea-
tures makes it possible to achieve excellent predictive performance and discriminatory power. Results
are shown to be robust to the choice of the predictive algorithm. Lastly, the benefits of forecasting
the spikes are illustrated through a trading exercise, confirming that trading strategies employing the
model predicted probabilities as a signal generate consistent profits.
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1 Introduction

Electricity generation and consumption must happen simultaneously, which makes the electricity mar-

ket particularly volatile. The slow reaction time of large producers of inexpensive electricity, combined

with bottlenecks and failures in the transmission grid, or sudden increases (decreases) in demand,

give rise to a phenomenon known as price spikes, where electricity trades at extremely high (or low

negative) prices.

The New York Independent System Operator (NYISO) administers electricity flow operations for

a large area in New York State. Electricity transactions are performed through two main markets:

the day-ahead (DA) market and the real-time (RT) market. The DA market allows for the scheduling

of power production and consumption one day in advance and contains the bulk of traded electricity

volumes. Conversely, the RT market acts as a balancing market, correcting for the real-time departure

of electricity volumes previously booked in the DA market. The NYISO is responsible for calculating

DA and RT prices, which are decided through an auction system matching supply and demand while

preserving the integrity of the power system. On each transmission grid node, hourly DA and RT

prices are determined through a locational-based marginal pricing (LBMP) approach, reflecting the

marginal cost of consumption of an additional MWh of electricity on the node for that hour. When

reported by the NYISO, the LBMP is further decomposed into three components: (1) energy cost,

(2) congestion cost, and (3) losses. Congestion costs occur when the grid’s electrical transmission

capacity is exceeded under the most economical dispatching scenario. The NYISO is then constrained

to dispatch more-expensive power generation units from local power plants, leading to substantial price

increases for the associated nodes.

The present study is concerned with a quantity referred to as the DART spread, which is the

difference between the DA and RT prices of power for a given grid node and hour. Since the DA

prices encompass market participants’ expectations about the next-day real-time prices, the DART

spread could loosely be thought of as the market’s price forecast error, up to a risk premium typically

embedded in DA prices (Longstaff & Wang, 2004).

A thorough understanding of DART spread dynamics is essential for several market participants.

For instance, virtual bidders who do not possess production or supply capacity and who must therefore

reverse DA commitments in the RT markets are exposed to DART spreads instead of standalone prices

from the DA or RT markets. A long position on the DA market puts the virtual bidders at risk when

the DART is negative. DART spread dynamics also have implications for production facility and
retailer risk managers who must decide on the volumes to be locked in ahead of time on the DA

market to optimize risk-reward trade-offs faced by their institution.

Spike events are strong sources of risk for electricity market participants. Most of the literature is

concerned with spikes in electricity prices because generators, retailers and large electricity consumers

are exposed to extreme price levels. This has led several authors to explore spike forecasting, e.g.

Christensen et al. (2009), Christensen et al. (2012), Eichler et al. (2014) and Sandhu et al. (2016).

However, the current study instead considers the perspective of virtual bidders who are concerned

with spikes in DART spreads rather than prices. Therefore, the present study considers the problem of

forecasting these extreme DART events, or more precisely, the probability that a DART spike occurs

in a given hour based on available information. Such a problem is expressed as a supervised learning

problem which is tackled with four machine learning algorithms: (1) logistic regression, (2) random

forests, (3) gradient boosting trees, and (4) deep neural networks (DNN).

To illustrate the approach that was developed, this study focuses on the Long Island zone as it is well

known for being susceptible to DART spikes. This phenomenon results from Long Island’s geographic

location–it is a peninsula–which entails a smaller capacity to carry electricity from inexpensive power

plants situated outside of the zone. This reduced grid capacity creates frequent bottlenecks, thereby

raising the congestion price component for Long Island.
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From an economic standpoint, the added value of the model-predicted spike probabilities is assessed

through trading backtests involving trading strategies that rely on these as signals. Such strategies

are compared to a base-case strategy consisting in systematically holding long positions on the DART

spread. Such an approach seeks to collect the DART premium (the average positive DART spread),

which rewards investors for exposing themselves to negative DART spread spikes caused by high RT

prices. However, the flip side of using this strategy is constant exposure to sudden significant losses

stemming from such spikes. The signal generated by the predictive models makes it possible to modify

the base-case strategy to develop novel strategies that avoid long positions when the likelihood of a

price spike is too high. Such strategies are shown to lead to significantly better profitability and lower

risk than the base-case strategy, outlining the contribution of the spike probability signals generated

by the models. Results show that trading strategy performance is robust to the choice of the predictive

model.

The paper is subdivided as follows. Section 2, provides a review of the raw data, describes the

spike labelling methodology and discusses the engineered feature set that is considered. In Section 3,

four predictive algorithms are trained on the data, and their performance is assessed. Furthermore,

individual features’ contribution to predictive performance is assessed. Section 4 proposes simple

trading strategies integrating the model-generated signals to determine investment positions, with

their profitability and risk assessed during the conduction of an out-of-sample backtest. Section 5

concludes.

2 Data description

This section discusses the raw data and their transformation for subsequent predictive analysis with su-

pervised learning algorithms. In particular, the construction of labels and features for each observation

is outlined.

2.1 Raw data

This research project focuses on the Long Island zone overseen by the NYISO. The NYISO provides

historical data on day-ahead and real-time electricity prices and loads for its various zones, including

Long Island, with hourly granularity, as well as the grid transfer capacity of the multiple interfaces

supplying Long Island.1 The electricity price (LBMP) and load data considered extend from January

1, 2015, to October 31, 2021. The DART spread for hour t is calculated by subtracting the hour-t
real-time price RTt from the corresponding day-ahead price DAt, that is

DARTt = DAt − RTt.

Time series of the day-ahead and real-time prices are reported in Panel A of Figure 1, whereas Panel B

provides the associated DART spread time series. Panel C exhibits the historical distribution of DART

spreads through a histogram. As expected, real-time prices are much more volatile than day-ahead

prices. The sample average of the DART spread is $0.45/MWh, implying a positive DART premium

compensating for aversion to spike risk.

Various weather-related variables are obtained from the data provider Openweathermap. First,

hourly realized temperature (in degrees Celcius) is collected for Long Island between January 1, 2015,

and October 31, 2021.

Second, temperature forecast data are included, which consist of daily weather forecasts as of 18:00

with horizons ranging from 30 to 54 hours in three-hour increments. More details about temperature

forecasts are provided in Appendix A.

1The Long Island zone’s grid transfer capacity consists of the total transfer capacity from the Con ED-LIPA, NPX-
1385, NPX-CSC, SprainBrooke-Dunwoodie South lines Y50 and Y49, and PJM-NEPTUNE interfaces as described in
NYISO (2016). In this work, the grid transfer capacity considered is the sum of reported capacities for all such interfaces.
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Historical temperature forecast data are only available as of October 7, 2017. Thus, to complete

the sample and make up for missing temperature forecasts between January 1, 2015, and October 6,

2017, synthetic forecasts are generated by adding statistical noise on realized temperature data. Ap-

pendix A.2 explains this procedure in detail. Throughout the study, synthetic temperature forecasts

are never included in test samples used for performance assessment, but only in training sets. This

prevents spurious performance assessment due to information leakage from training to test sets where

information related to realized temperature, rather than genuine forecasts, would unduly be provided

to the predictive model.

2.2 Identifying electricity price spikes

This study aims to perform a daily computation of probabilities of a DART spread spike occurring

in each hour of a given day. The task is approached as a supervised learning exercise. The response

variable has a binary format: either “1” for hours in which a spike occurs or “0” otherwise. Such labels

are not readily observable, and the first step is to determine which observations are considered to be

spikes.

2.2.1 Spike identification criteria

While there is consensus in the literature on the notion that price spikes are extreme price events,

no single, objective definition of “price spike” has emerged. Weron (2007) and Janczura et al. (2013)

highlight this lack of consensus in the literature and explain that such a definition is a subjective

matter. Notwithstanding disparities among the various possible definitions, many authors such as

Sandhu et al. (2016) or Janczura et al. (2013) characterize price spikes as extreme high prices that

exceed a certain threshold and are short-lived.

Several approaches to identify electricity price spikes have been considered in the literature, among

which the following three have proven quite popular:

• Fixed price threshold : Occurrences exceeding some selected fixed price threshold are classified as

spikes. See for instance Klüppelberg et al. (2010), Amjady & Keynia (2010), Christensen et al.

(2012), Herrera & González (2014), Eichler et al. (2014), Clements et al. (2015) and Manner

et al. (2016), He & Chen (2016).

• Variable price threshold : Occurrences exceeding a given sample quantile of observed values are

flagged as spikes. For example, the highest (lowest) 5% of sample prices are considered spikes.

A non-exhaustive list of works applying this criterion includes Trueck et al. (2007) and Sandhu

et al. (2016).

• Statistical filtering of spikes: A stochastic process capturing prices dynamics is selected and

fitted to the data, and statistical filtering methods such as Sequential Monte-Carlo algorithms

are applied to disentangle the portion of prices caused by spikes from that caused by normal

price movements. See for instance Benth et al. (2007) and Gudkov & Ignatieva (2021).

The aforementioned studies apply the threshold to electricity prices. However, other studies, such

as Cartea & Figueroa (2005) and Weron & Misiorek (2008), identify spikes through price variations

rather than through the level itself. For a more in-depth review of spike identification methodologies,

see Janczura et al. (2013).

The first two approaches (fixed and variable price thresholds) are conceptually similar as both set

pre-determined thresholds and directly assign a spike label to any prices exceeding such thresholds.

The beauty of such methods lies in their simplicity. The third approach based on statistical filtering

differs vastly from the first two. An a priori stochastic generative model for prices embedding the spike-

generating mechanism must be specified, and statistical inference, i.e., filtering, methods are applied to

estimate the spike component of prices based on its posterior distribution given observed prices. The

use of sophisticated statistical filtering methods and the requirement to design a stochastic process
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matching the complex stylized facts of electricity prices are associated with higher inherent complexity.

For simplicity, this study uses a fixed threshold approach to identify spikes; it is a common choice made

in the literature and by practitioners, which makes it possible to avoid the technical complexities that

stem from the statistical filtering approach.

2.2.2 Results for DART spread spike identification

In the literature, the target variable used for spikes labelling is often the real-time price. However, for

certain market participants such as virtual bidders who take positions on the day-ahead market and

revert them on the real-time market, the payoff is the DART spread. In this study, fixed thresholds

are thus applied to DART spreads. The negative spikes are obtained through

S−t =

{
DARTt if DARTt < γ−,

0 otherwise
(1)

for some fixed threshold γ− < 0. Thus, observations are labelled as spikes, i.e. S−t 6= 0, when the

DART spread is smaller than the specified threshold for negative spikes. For the remainder of this

study, only negative spikes are considered. The size of a spike, when one occurs, is considered to be

the DART spread itself; the DART spread is not subdivided into regular and spike components during

an occurrence of a spike.

DART spikes thus embed an element of surprise associated with a sudden change of circumstances

within a one-day horizon. This element entails that DART spikes are most likely to last less than one

day, although definition (1) does not explicitly enforce short-livedness.

As seen in the Long Island electricity price and DART spread time series exhibited in Figure 1,

numerous extreme price events of various sizes are displayed. The following threshold values are

considered to capture several spike magnitudes: γ− = −30,−45,−60. Table 1 displays summary

statistics of the spikes, i.e. non-null values of S−t , for each threshold. The proportion of labelled spikes

varies between 6% and 3%, indicating that only a minority of observations are labelled as spikes.

Table 1: Summary statistics for spikes.

γ− = −30 γ− = −45 γ− = −60

Count 3533 2294 1605
Proportion 0.06 0.04 0.03
Mean -84.46 -110.34 -135.44
Standard Deviation 98.92 114.68 129.19
Median -55.64 -76.16 -135.44
Min -1971.57 -1971.57 -1971.57
Max -30.01 -45.01 -60.02
10%-level quantile -157.83 -191.38 -229.92
25%-level quantile -90.08 -119.79 -146.09
75%-level quantile -39.35 -57.06 -73.95
90%-level quantile -33.35 -49.04 -64.57
Skewness -6.82 -6.09 -5.54

Various summary statistics for non-null values of (S−) labelled
spikes. All numbers are expressed in $/MWh.

Strong seasonal effects are detected in spike occurrences. Indeed, Figure 2 depicts the proportion

of observed spikes across the various months, days of the week or time of day. Panel A indicates

more frequent spikes in either summer or winter months but fewer in fall and spring. Panel C shows

more frequent spikes during the late afternoon and fewer at night and in the early morning hours.

Surprisingly, the week-versus-weekend effect is not striking, as seen in Panel B.
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Panel A: Day-ahead and real-time price (LBMP) time series
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Panel B: DART spread time series
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Figure 1: Historical data for the real-time price, day-ahead price and DART spread. Panel A displays the hourly real-time
and day-ahead price (LBMP) time series for the Long Island zone of the NYISO from January 1, 2015, to February 15, 2021.
Panel B displays the corresponding DART spreads (difference between the day-ahead and real-time prices) for the same dates.
Panel C displays a histogram characterizing the DART spread distribution on the same period.

2.3 Features used for prediction

This section discusses and defines the various features, i.e. explanatory variables, considered in the

spike prediction analyses. While some features are directly extracted from the raw data, others are

obtained through data transformation. These engineered features aim to complement the information

set provided by the conventional sources of information available. The steps involved in constructing

such features are outlined.

2.3.1 Prediction generation timeline

Features should be included as predictive variables only if they are available at the time when pre-

dictions are being generated. The perspective of a market participant placing bids on the day-ahead

market is considered herein. The timeline that determines availability or the predictors is now ex-

plained.

Each daily round of predictions being performed is associated with a window of three consecutive

days. The third and last day, referred to as the target day, is the day on which all hourly predictions

apply. Predictions are performed on the first day, coined as the prediction day. The second day (trading

day) is where day-ahead bids are placed for all hours of the target day. The reason to include a delay

between the time at which predictions are performed and and the moment at which day-ahead bids
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Figure 2: Proportion of spikes per month, day of the week and hour. Proportion of spikes (number of spikes divided by the

number of observations in the corresponding hourly/daily/monthly bucket). Fixed thresholds considered are γ− = −$30/MWh,

γ− = −$45/MWh and γ− = −$60/MWh. The data sample extends from January 1, 2015, to October 31, 2021.

are placed is to reflect that participants would typically require some time to process their predictive

analysis outputs and determine their bids. Key elements of the timeline are now presented.

• Prediction day (day 1): At 11:00, the NYISO publishes hourly load forecasts for each hour

of the target day. At 18:00, the temperature forecasts for the target day are published. All

such information is combined with other available features to produce hourly spike probability

predictions at 18:00.

• Trading day (day 2): Bids for the day-ahead participants are placed by 5:00. At 11:00, the

NYISO publishes day-ahead prices for the target day.

• Target day (day 3): Real-time prices are revealed throughout the day, allowing for the compu-

tation of realized DART spreads.

In summary, all features entering the predictions applying to the target day must be available by 18:00

of the prediction day, i.e., two days in advance. Figure 3 provides an illustration of the timeline.

Prediction day
12 13 14 15 16 17 18 19 20 … 23 24 0 1 … 5 6 … 11 12 … 23 0 1 2 3 … 21 22 23

Feature set construction o o o o … o o o

Closing of the day-ahead market (5:00)

Day ahead prices (NYISO) published at 11:00 o o o o … o o o

Real time price o o o o … o o o
DART spread o o o o … o o o

Trading day Target day

Spike likelihood predictions

Figure 3: Timeline for spike predictions and subsequent DART spread realization.
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2.3.2 The list of features and their construction

The set of all selected features, which are listed in Table 2, can be divided into three categories: (1)

forward-looking features, (2) seasonal features, and (3) backward-looking features.2

Table 2: Feature variables used for spike prediction.

Forward-looking Seasonal Backward-looking

HDD forecast Hour Past spikes
CDD forecast Month Past day-ahead price error
Load/Grid Week-end/Holidays Past day-ahead load error

The forward-looking features encompass information related to market participants’ expectations

about the future realization of various variables. For any observation, i.e., target hour, such features

include the 48-hours-ahead load forecast to grid capacity ratio (see below for details), and the time-

18:00 prediction day’s temperature forecast associated with the corresponding target hour, i.e., the

30- to 54-hours-ahead forecast depending on the target hour. As explained below, two non-linear

transformations of the latter temperature forecast are considered.

The NYISO (see Itron (2008)) as well as the literature (see Fan et al. (2019), Zahedi et al. (2013)

or Yi-Ling et al. (2014)) consider non-linear transformations of temperature metrics. This makes

it possible to reflect the non-linear relationship between electricity consumption and temperature.

Indeed, more electricity is consumed when temperatures are either very low (as heaters are turned on)

or very warm (as air conditioners are turned on). A popular methodology described in the literature

and adopted by the NYISO (see Itron (2008)) consists in transforming the temperature feature into

heating degree day (HDD) and cooling degree day (CDD) features. The HDD and CDD thus reflect

the electricity demand for heating and cooling and are expressed as

HDDt = max (BP− Tt, 0) , CDDt = max (Tt − BP, 0) ,

where Tt is the hour-t temperature measurement and BP = 18.3◦ C (65◦ F) is the breakpoint considered

by the NYISO, which is also used herein. When used in conjunction with predictive algorithms that

do handle automatically non-linear relationships, the HDD and CDD transformed variables are most

likely more appropriate than the original temperature forecast as a predictive feature.

The last forward-looking feature, load/grid, corresponds to the ratio of the 48-hours-ahead load

forecast over the grid transfer capacity supplying Long Island. Indeed, the load-to-capacity ratio has

been suggested by Anderson & Davison (2008) as a driver of spike likelihood, although the latter paper

considers generation capacity instead of transmission capacity. The interface transfer capacity is used

in the denominator to reflect that, for the same amount of load, a curtailed transmission capacity is

associated with higher spike risk due to an increase in the likelihood of bottlenecks.

The second class of features, namely the seasonal features, aim to capture well-known seasonal

patterns in electricity markets. They include dummy variables for each hour of the day and month of

the year, and another dummy variable indicating (additionally) if the day of the target hour is either

a weekend day or a holiday.

The last category, the backward-looking features, are engineered features that consist of metrics

computed from historical observations. Such features are meant to capture market conditions of the

recent past. The three backward-looking features are calculated once at the prediction time, and each

of them has identical values for all 24 hours of the target date. The first backward-looking feature,

2In an unreported study, the cumulative temperature and humidity index (CTHI), a predictor used by NYISO to
forecast the load, did not improve the general performance of the models. Furthermore, a graphical exploration exercise
revealed that the CTHI feature exhibits strong dependence with other features (HDD, CDD, and Load/Grid). Therefore,
its inclusion in the feature set increases the likelihood of multicollinearity-related issues. For such reasons, the CTHI is
not included in the set of features.
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past spikes, is the number of observed spikes in the 24 hours leading up to the prediction. This reflects

the tendency of spikes to occur in clusters, as highlighted for instance in Klüppelberg et al. (2010),

Christensen et al. (2012), Herrera & González (2014), He & Chen (2016), and Manner et al. (2016).

Thus, the presence of many recent spikes indicates a higher likelihood of observing spikes in the near

future.

The second backward-looking feature, past day-ahead load error, aims to indicate periods where the

estimation of near-term future load consumption by the market proves more difficult. Such a feature

is helpful because sudden and unexpected surges or drops in load increase the likelihood of observing a

spike. The past day-ahead load error is computed by summing the hourly squared load forecast errors

(real-time load minus the day-ahead load) over the 24-hour period leading up to the prediction.

The construction of the third backward-looking feature, past day-ahead price error, is analogous

to that of the past day-ahead load error; it is also calculated by summing the last 24 hourly observed

squared price forecast error (real-time price minus the day-ahead price) in the period prior to the

prediction. It is meant to capture periods with higher price volatility.

Figure 4 illustrates the scatterplots of realized values for all considered features in each of the hourly

observations, thereby illustrating the relationship between the features. As expected, the HDD and

CDD features are positively correlated with load/grid. The relationship between the other features

does not display any clear dependence structure.

Figure 4: Scatterplots of model features. Scatterplots of realized values for model features. The features are heating degree
days (HDD), cooling degree days CDD, hour indicators, month indicators, weekend/holiday (Weekend/Hol.), past spikes, past
day-ahead price error (Price error), and past day-ahead load error (Load error).

3 Spike prediction model

This section illustrates the prediction of DART spread negative spike probabilities based on available

information. Four predictive algorithms are applied to the data, and their performance is assessed

through conventional statistical metrics. A feature importance assessment evaluating the contribu-
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tion of each feature to predictive performance is also provided. We hereby focus solely on the spike

occurrence probability and leave the challenging task of predicting the spike magnitude to a future

study.

3.1 The predictive models

The four predictive algorithms considered are (1) logistic regressions, (2) random forests, (3) gradient

boosting trees, and (4) feed-forward deep neural networks (DNN). Details about their implementation

are presented in Appendix B.

The logistic regression is a conventional base case for any binary classification problem. It expresses

the logit of the probability of a spike as a linear function of predictors, which makes the model easy

to interpret and straightforward to estimate with conventional regression tools. However, logistic

regression is not necessarily well suited to handling non-linear relationships with the target variable

and interactions between features. Since electricity market price data might be fraught with such

complex relationships, it is desirable to contemplate alternative predictive models. Therefore, random

forests, boosting trees, and neural networks are also considered as they can automatically represent

complex and non-linear interactions.

Except for logistic regression, the models considered here cannot be trained out-of-the-box and re-

quire the user to select a set of hyperparameters. The hyperparameter tuning methodology is described

in greater detail in Appendix B.2.

3.2 Model performance

Model performance is assessed through two statistical metrics: the area under the receiver operating

curve (AUC) and the average log-likelihood. The former is meant to measure the discriminatory

power of the models, whereas the latter characterizes the precision of the predictive model. The

receiver operating curve (ROC) provides the set of all possible trade-offs between false positive and

false negative error rates obtained across the possible choices of probability thresholds for classification

(see, for instance, James et al. (2013)). The value of the AUC must lie between 0 and 1, with a higher

value indicating a higher ability to distinguish between the two classes. An AUC under or equal to

0.5 indicates that the model has no predictive power. The second performance metric, the average

log-likelihood, is computed by comparing spike labels and the predicted probabilities:

` =
1

τ

τ∑
t=1

log (pt)1{S−
t <0} + log (1− pt)(1− 1{S−

t <0}) (2)

where pt corresponds to the model generated probability of observing a spike in hour t, τ is the sample

size and S−t is zero if and only if no negative spike occurs in hour t.

The performance assessment relies on an expanding window approach consisting in iteratively

training the model over an expanding training set for each testing iteration. During the first iteration,

the model is trained over the first three years of the dataset. The out-of-sample performance metrics

are computed over the following year, i.e., the fourth year. One year is added to the training dataset

for the subsequent iteration while generating predictions for the following year. Performance metrics

(AUC and average log-likelihood) are computed for training and test set observations.

Panel A of Table 3 displays the AUC for negative spikes. The results presented are for the training

sets (in-sample) and test sets (out-of-sample). The last row of each panel displays the aggregated

out-of-sample results, i.e., the computed AUC over the merged out-of-sample sets. A larger AUC

indicates that the model is more powerful at discriminating between the binary classes. All Panel

A entries show an AUC considerably above 0.5 (more precisely, always above 0.65), indicating that

the four models exhibit material discriminatory power for every threshold considered. The in-sample

AUC is only slightly higher than the out-of-sample AUC, implying that models are not plagued with
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over-fitting issues. The gradient boosting trees displays the highest aggregated out-of-sample AUC for

each threshold (γ− = −$30/MWh (0.722), γ− = −$45/MWh (0.755), and γ− = $60/MWh (0.769)).

Table 3: In-sample and out-of-sample performance metrics.

Logistic Random Gradient DNN
Regression Forest Boosting trees

γ− −30 −45 −60 −30 −45 −60 −30 −45 −60 −30 −45 −60

A AUC

In
-s

a
m

p
le 2015-2017 0.712 0.730 0.742 0.758 0.784 0.818 0.768 0.783 0.796 0.722 0.699 0.715

2015-2018 0.704 0.727 0.743 0.743 0.769 0.793 0.757 0.774 0.791 0.725 0.751 0.767

2015-2019 0.710 0.739 0.755 0.747 0.775 0.798 0.752 0.783 0.806 0.727 0.715 0.734

2015-2020 0.713 0.740 0.756 0.749 0.776 0.800 0.752 0.791 0.794 0.725 0.746 0.766

O
u

t-
o
f-

sa
m

p
le 2018 0.669 0.708 0.729 0.672 0.710 0.729 0.680 0.719 0.726 0.657 0.686 0.718

2019 0.717 0.771 0.793 0.755 0.789 0.820 0.740 0.785 0.807 0.738 0.745 0.765

2020 0.740 0.762 0.786 0.741 0.746 0.761 0.740 0.756 0.780 0.705 0.736 0.757

2021 0.701 0.730 0.756 0.707 0.737 0.740 0.706 0.747 0.756 0.684 0.717 0.741

Aggregated 0.710 0.745 0.765 0.722 0.751 0.766 0.722 0.755 0.769 0.700 0.723 0.748

B Average log-likelihood

In
-s

a
m

p
le 2015-2017 -0.210 -0.154 -0.121 -0.202 -0.147 -0.113 -0.201 -0.147 -0.115 -0.209 -0.158 -0.124

2015-2018 -0.213 -0.154 -0.120 -0.207 -0.149 -0.115 -0.203 -0.148 -0.116 -0.209 -0.151 -0.118

2015-2019 -0.203 -0.145 -0.112 -0.197 -0.140 -0.107 -0.196 -0.138 -0.106 -0.200 -0.148 -0.114

2015-2020 -0.197 -0.141 -0.107 -0.191 -0.136 -0.103 -0.190 -0.133 -0.103 -0.195 -0.140 -0.106

O
u

t-
o
f-

sa
m

p
le 2018 -0.224 -0.155 -0.120 -0.223 -0.156 -0.121 -0.222 -0.155 -0.121 -0.226 -0.157 -0.120

2019 -0.163 -0.109 -0.079 -0.162 -0.111 -0.079 -0.159 -0.109 -0.079 -0.162 -0.111 -0.080

2020 -0.172 -0.122 -0.086 -0.169 -0.121 -0.085 -0.167 -0.119 -0.084 -0.172 -0.124 -0.088

2021 -0.279 -0.196 -0.140 -0.278 -0.195 -0.142 -0.278 -0.194 -0.140 -0.284 -0.201 -0.143

Aggregated -0.206 -0.143 -0.105 -0.205 -0.143 -0.105 -0.203 -0.142 -0.104 -0.208 -0.146 -0.106

The four models are the logistic regression, the random forest, gradient boosting trees, and the deep neural network
(DNN). Panel A’s performance metric is the area under the curve (AUC), while Panel B is the average log-likelihood. The
models generate out-of-sample predictions for 2018 to 2021. The models are trained on the previous years’ observations
for each out-of-sample forecast. For example, to generate out-of-sample forecasts for 2019, the models are trained on the
observations from 2015 to 2018.

However, all models display quite similar out-of-sample AUC across all thresholds. This result

is confirmed in Figure 5, which illustrates aggregated out-of-sample ROC curves for all models and

threshold γ−. The displayed ROC curves are similar in shape and height for all panels, except for the

DNN, which is slightly lower than the others. Thus, there is no apparent domination of one model

over the others.

Panel B of Table 3 displays the average log-likelihood for each model and every threshold considered

(γ−) and confirms previous findings. Indeed, the gap between the in-sample and out-of-sample model

performance is quite small. Furthermore, for each threshold, the models demonstrate similar perfor-

mance although the gradient boosting trees display a slightly higher aggregated average log-likelihood.

This showcases that prediction performance is robust to the choice of predictive models.

Figure 6 illustrates the scatterplot matrix of model-generated out-of-sample probabilities for γ− =

−$60/MWh. Most of the time, spike likelihoods are moderate. Therefore, one should not expect to

predict spikes with very a high degree of certainty. This result raises the question of what level of spike

likelihood could be considered substantial enough to become actionable. This issue is investigated

in Section 4. Despite the very close performance of the models, material dissimilarities between the

individual predicted probabilities are observed, especially for the DNN model. For instance, unlike the

other models, the DNN rarely outputs probabilities of observing a spike of over 20%. This result implies
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that although they all exhibit similar statistical performance, the models might not be considered fully

interchangeable. This is further investigated in the next section, where trading strategies based on

each model are examined.

Panel A: γ− = −30
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Panel C: γ− = −60
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Figure 5: ROC curves. Each panel displays the ROC curves for the four predictive models at a specific threshold (γ−).
The ROC curve illustrates the attained true positive rate on the y-axis against the corresponding false-positive rate on the
x-axis. The formula for the true positive rate and false positive rate is True positives/(True positives + False negatives), and
1 − True negatives/(True negatives + False positives) respectively. The ROC curves are computed over the aggregated out-of-
sample set (2018 to 2021).

Figure 6: Scatterplots of predicted spike probabilities across models for γ− = −60. The panels display the scatterplots for all
pairs of predicted spike probabilities belonging to the aggregated out-of-sample set (2018 to 2021). The threshold is γ− = −60.
The identity curve is also displayed in each panel.

Figure 7 reports the relationship between the proportion of observed spikes and the spike probabil-

ities generated by each model over the out-of-sample period (2018 to 2021). To obtain such figure, the

observations are regrouped into buckets based on their model generated spike probability.3 Each bar

indicates the proportion of observed spikes within each bucket. The precision of the model is deemed

adequate if the proportions are close to the associated probabilities for each bucket, i.e. if the bars

closely follow the identity function (the 45-degree diagonal). This relationship seems to hold reason-

ably well for buckets associated with low probabilities that contain large numbers of observations. For

high-probability buckets, unreported statistical tests highlight that the variability can be attributed to

3The non-overlapping bucket intervals are of size 2%. The first and last bucket intervals are [0%−2%[ and [48%−50%]
respectively.
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the small number of observations. Indeed, the green dots indicate that only a few dozen observations

are associated with high spike probabilities.

���

���

���

γ−
=
−
30

�
��
��
��

���
��

���

���

���

γ−
=
−
45

�
��
��
��

���
��

��� ��� ���
���������� �

�������

���

���

���

γ−
=
−
60

�
��
��
��

���
��

��� ��� ���
���������� �

������������

��� ��� ���
���������� �

	����������������

��� ��� ���
���������� �

���

��
�

��
�

��
�

�
��

��
���

��
��
��

��
��

���
��

��
�

��
�

��
�

�
��

��
���

��
��
��

��
��

���
��

��
�

��
�

��
�

�
��

��
���

��
��
��

��
��

���
��

Figure 7: Proportion of spikes vs predicted probability. Each panel’s x-axis reports spike probability intervals, while the y-axis
displays the proportion of spikes observed relative to the number of observations inside the interval. The figures are obtained
using the out-of-sample data period (2018 to 2021). The green dots display the number of observations in each interval with a
log-scale y-axis.

3.3 Feature importance assessment

Spike prediction probabilities are constructed by combining the informational content of several fea-

tures. This section aims to provide information about how each feature contributes to the overall

model predictive performance, thereby making it possible to rank features in terms of their absolute

and relative importance.

Each feature’s importance is assessed through two approaches: (1) Shapley decompositions and (2)
marginal performance loss through feature removal.

The Shapley (2016) decomposition has recently been integrated into the machine learning literature

through algorithms referred to as SHAP (Lundberg & Lee, 2017) or SAGE (Covert et al., 2020). They

make it possible to decompose individual predictions (in SHAP) or their total predictive performance

(in SAGE) into a sum of contributions from the various features, thereby making it possible to eval-

uate their respective importance. This study focuses on the SHAP algorithm, in which the feature i

contribution to the spike probability predictions made for hour t is defined as

φi,t =
∑

S⊆F\{i}

|S|!(|F | − |S| − 1)!

|F |!
[
fS∪{i}(xt,S∪{i})− fS(xt,S)

]
where F is the set of all predictors, | · | denotes the cardinality of a set, xt,S is the hour-t features

values for the subset of features S and fS(xt,S) is the spike probability generated by the model trained

exclusively with predictors S. It quantifies adjustments to predictions when the subsets of features are

incremented with predictor i. The Shapley decomposition has the favourable property of explaining

each prediction as t00000he sum of its contributions:

fF (xt,F ) = φ∅,t +
∑
i∈F

φi,t.
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To measure the importance of each respective feature, the average absolute feature contributions are

presented:

ψi =
1

τ

τ∑
t=1

|φi,t|, (3)

with larger values of ψi relative to other features meaning that feature i is more impactful when making

predictions. SHAP values are computed using the Python package shap.

Figure 8 reports the mean absolute Shapley values (3) computed over the out-of-sample period for

every feature, model and threshold considered. Results indicate that the load forecast over transfer

capacity ratio (load/grid), the hourly and monthly indicators (hour and month), the CDD/HDD and

past spikes features contribute the most to the predictions. Interestingly, for all predictive models, the

Panel A: Logistic regression
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Panel C: Gradient boosting trees
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Panel D: DNN
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Figure 8: Shapley additive explanation values. Each panel reports, for the three thresholds considered, the features’ mean
absolute SHAP contributions over the out-of-sample period (2018 to 2021). The features are heating degree days (HDD), cooling
degree days CDD, hour indicators, month indicators, weekend/holidays indicators (Weekend/Hol.), past spikes, past day-ahead
price error (Price error), and past day-ahead load error (Load error). The SHAP values for the categorical features month and
hour, which are divided into buckets for the logistic regression, are computed by summing the SHAP values of each category.
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past spikes feature offers a much higher contribution when the threshold γ− is large than when it is

small. Other features such as weekend/holidays and past day-ahead load error exhibit generally low

contributions to the predictions.

To complement the information provided by SHAP, this study quantifies the marginal performance

loss through the decrease in out-of-sample average log-likelihood observed when any of the features are

omitted from the set during training. A drop in performance implies that the feature does bring useful

information, while minuscule improvements up to degradation in performance suggest that the feature

conveys little to no information. Figure 9 exhibits such percentage increase/drops in the average

log-likelihood. Features with the highest contribution are the load forecast to transfer capacity ratio,

hourly indicators, and the number of spikes in the previous day. Conversely, features past day-ahead

price error, past day-ahead load error and weekend/holidays once again convey little to no predictive

power relatively to the other features for every model. Such findings are mostly consistent with those

provided by the SHAP algorithm.

4 Trading strategies performance

This section aims at evaluating the performance of the four models from an economical (rather than

statistical) perspective. A large strand of the electricity literature integrates price forecasting methods

to devise the trading strategies (see Conejo et al. (2005), Zhang et al. (2012), Ziel et al. (2015),

Lago et al. (2018), and many others). This study concentrates only on forecasting DART spikes as a

complement to such methods.

In a first exercise, two trading strategies are implemented over the in-sample set, i.e. from January

2015 to December 2017. Both strategies take a long position on the DART when the model-predicted

probability is lower than a predetermined cut-off point. The first strategy takes no position otherwise,

i.e., when the probability exceeds the cut-off point, while the second strategy takes a short position in

the DART. The first strategy reflects the situation of a participant trying to collect the DART premium

when the risk of a spike is not too considerable, while in the second strategy, the participant tries to

also benefit from the occurrence of a spike. The volume of any position taken in the two strategies is

always 1 MWh. This first exercise is completely in-sample and aims to (1) better understand the effect

of the cut-off point on the strategies’ performance and (2) select a cut-off point for the subsequent

out-of-sample exercise. The left (respectively right) panels of Figure 10 display the cumulative hourly

profits and losses (P&L) of the first (respectively second) strategy as a function of the cut-off point
over the in-sample horizon.

Every panel of Figure 10 unanimously indicates that profits are maximized for relatively small

cut-off points ranging between 5% and 12%, depending on the threshold γ−. This result is explained

by the asymmetry of the loss function, where gains associated with the successful prediction of a

spike far exceed the losses incurred when falsely predicting a spike. Such asymmetry encourages the

participant to short the DART spread as soon as a small potential spike signal is detected. Comparing

the two strategies, Strategy 2 outperforms the first one, pointing toward the added value of short

DART positions when the spike probability is high.

The two same trading strategies are implemented in a second exercise, this time over the out-

of-sample set (from January 2018 to October 2021). To avoid information leakage, the considered

cut-off points are selected based on the aforementioned first in-sample exercise exhibited in Figure 10

and are chosen as respectively 12%, 7% and 5% for γ− = −$30/MWh, γ− = −$45/MWh and γ− =

−$60/MWh.4 To further assess the added value of the spike probability forecast as a trading signal,

the two strategies are compared against a third one, a base case strategy consisting in always taking

a long position in the DART.

4The cut-off points are selected as the values maximizing the cumulative in-sample P&L of the gradient boosting
trees model.
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Panel A: Logistic regression
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Panel B: Random forest

�		 �		 �����
��� �� � ���� ����������� ����������� ����������� ����������

"�����

�����

�����

�����

��
��
���
��
��
��
��
!�
���
���
�

γ − = −30
γ − = −45
γ − = −60

Panel C: Gradient boosting trees
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Panel D: DNN
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Figure 9: Decrease in average log-likelihood when removing a single predictor. Each panel reports, for the three considered
thresholds, the percentage decrease in the out-of-sample log-likelihood when the feature is excluded from the feature set. More
precisely the model is re-trained with a reduced feature set where only the targeted feature is removed. The table reports
the ratio of the difference between the out-of-sample log-likelihood from both model (full model minus reduced model) over
the log-likelihood of the full model. The features are heating degree days (HDD), cooling degree days CDD, hour indicators,
month indicators, weekend/holidays indicators (Weekend/Hol.), past spikes, past day-ahead price error (Price error), and past
day-ahead load error (Load error).

The left (respectively right) panels of Figure 11 illustrate the time evolution of a portfolio value

starting at $0 and invested in the first (respectively second) strategy. Looking at Strategy 1, for all

thresholds and models, the portfolio value time series appears to closely follow the upward trends

of the base case portfolio from January 2018 to June 2019 and January to June 2021 periods, while

being much less impacted by the downward trends over the June 2019 to January 2021 and May to



Les Cahiers du GERAD G–2022–26 16

Strategy 1
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Panel B: γ− = −30
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Panel D: γ− = −45
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Panel E: γ− = −60
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Panel F: γ− = −60
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Figure 10: Total P&L for a continuum of cut-off values. Each panel displays each model’s total P&L as a function of the
cut-off value over the training set spanning from 2015 to 2017. Strategy 1 (left panels) and 2 (right panels) take a long position
in the DART spread if the predicted spike probability is below the cut-off point. While Strategy 1 takes no position when the
spike probability is above the cut-off point, Strategy 2 takes a short position in such case. The volume of the positions taken
for both strategies is always 1 MWh.

October 2021 periods. Furthermore, Strategy 1 generates substantially higher profits over the out-of-

sample period while holding fewer positions than the base case strategy. The second strategy exhibits

a different behaviour where the portfolio value tends to increase over time steadily, except for a few

downward stretches.

Table 4 illustrates the average P&L per position and the total P&L organized by model, threshold,

and year. The results for Strategy 1 indicate that every model generates a positive aggregated P&L,

unlike the base case strategy, which generates a negative aggregated P&L. For all predictive models,

the cumulative profit is generally more significant for lower thresholds (−$45/MWh and −$60/MWh)

than for the higher one (−$30/MWh). In 2018 and 2021, Strategy 1 generates a strong total P&L,

while in 2019 and 2020, it is more modest or even negative. Nonetheless, when compared with the

base case strategy, the four algorithms produce a higher total P&L in most years. As expected, the

P&L produced by Strategy 2 is more prominent than that of Strategy 1 since Strategy 2 additionally

benefits from the short positions on the DART spread when the spike probability is sufficiently high.
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Panel E: γ− = −60
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Panel F: γ− = −60
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Figure 11: Portfolio value over time. Each panel illustrates the time series of a portfolio value starting at $0 following
strategies 1 and 2 over the out-of-sample period (2018 to 2021). Strategy 1 (left panels) and 2 (right panels) take a long position
in the DART spread if the predicted spike probability is below the cut-off point. While Strategy 1 takes no position when
the spike probability is above the cut-off point, Strategy 2 takes a short position in such case. The cut-off point for threshold
γ− = −$30/MWh, γ− = −$45/MWh and γ− = −$60/MWh are respectively 12%, 7% and 5%. The volume of the positions
taken for both strategies is always 1 MWh. The base case strategy consists in taking a long position each period.

Table 5 reports a risk-adjusted performance measure (the Sortino ratio) and two risk metrics (the

semi-deviation and the Value-at-Risk) for both strategies as well as the base case.5 The Sortino ratio

is (1) always positive for the two developed strategies, in opposition to that of the base case, which is

negative, and (2) large, i.e., always greater than one and most of the time greater than two. Strategy 2

generally produces Sortino ratios larger than those of Strategy 1, indicating that shorting the DART in

periods of high spike probability improves the strategy’s risk/reward profile. Both the semi-deviation

(Std−) and the Value-at-Risk at confidence level 1% (VaR 1%), are substantially smaller for both

Strategy 1 and Strategy 2 than for the base case strategy. Therefore, the results outline that for

every model and threshold, Strategy 1 and Strategy 2 lead to significantly larger P&Ls than the base

case strategy and embed lesser risk (especially tail risk), thus highlighting the twofold contribution of

integrating the model signals to a trading strategy.

5The Sortino ratio is computed as follows:

8760
τ

∑τ
t=1 Pt√

8760
τ

∑τ
t=1(Pt)21{Pt<0}

where Pt is the hour-t P&L, and τ is the number of hours in the sample. The constant (365 × 24 = 8760) corresponds
to the number of hours in a year and is applied for annualization purposes.
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Table 4: Average and total out-of-sample P&L.

Logistic Random Gradient
DNN

Regression Forest Boosting Trees

γ− −30 −45 −60 −30 −45 −60 −30 −45 −60 −30 −45 −60

S
tr

a
te

g
y

1

2018
Avg. 0.77 1.02 1.07 0.75 1.35 1.55 0.93 1.32 1.15 0.96 0.98 1.04
Total 6060 7612 7921 6201 10701 12063 7430 10197 8490 7545 7644 7973

2019
Avg. -0.29 -0.13 0.01 -0.34 -0.27 0.08 -0.08 -0.18 -0.25 -0.31 -0.03 -0.10
Total -2403 -1077 78 -2881 -2266 690 -685 -1449 -2014 -2581 -251 -799

2020
Avg. 0.40 0.45 0.52 0.04 0.19 0.24 0.28 0.28 0.44 -0.10 0.23 0.26
Total 2931 3185 3624 364 1522 1887 2246 2138 3280 -760 1628 1810

2021
Avg. 0.79 0.75 0.99 0.71 0.75 0.33 0.89 0.86 0.85 0.60 0.28 0.08
Total 4617 4083 5370 4416 4301 1846 5652 4918 4999 3217 1503 415

Agg.
Avg. 0.38 0.49 0.61 0.26 0.48 0.56 0.48 0.54 0.51 0.25 0.37 0.34
Total 11205 13803 16992 8099 14258 16486 14644 15804 14756 7422 10524 9399

S
tr

a
te

g
y

2

2018
Avg. 0.59 0.94 1.01 0.62 1.65 1.96 0.90 1.53 1.14 0.93 0.95 1.02
Total 5144 8248 8866 5425 14425 17151 7885 13418 10005 8115 8312 8970

2019
Avg. -0.10 0.20 0.47 -0.21 -0.07 0.61 0.29 0.12 -0.01 -0.14 0.39 0.27
Total -867 1785 4094 -1823 -592 5320 2570 1040 -88 -1223 3437 2342

2020
Avg. 0.72 0.78 0.88 0.13 0.40 0.48 0.56 0.54 0.80 -0.12 0.42 0.46
Total 6315 6824 7700 1180 3497 4226 4945 4728 7013 -1067 3709 4072

2021
Avg. 1.76 1.61 1.97 1.70 1.67 1 2.04 1.84 1.86 1.38 0.91 0.61
Total 12838 11770 14343 12435 12206 7295 14908 13440 13602 10038 6610 4433

Agg.
Avg. 0.70 0.85 1.04 0.51 0.88 1.01 0.90 0.97 0.91 0.47 0.66 0.59
Total 23430 28626 35003 17217 29536 33992 30308 32628 30532 15863 22068 19817

2018 2019 2020 2021 Agg.

B
a
se

ca
se Avg. 0.79 -0.45 -0.05 -0.49 -0.03

Total 6976 -3939 -453 -3603 -1020

The table presents P&L statistics for the two trading strategies considered and the base case. The statistics are divided
by year (2018, 2019, 2020 and 2021) and combined over the out-of-sample period (2018 to 2021) under the rows named
“Aggregated”. Both strategies take a long position on the DART spread when the model predicted probability remains under
the pre-determined cut-off point, i.e. 12%, 7% and 5% for γ− = −$30/MWh, γ− = −$45/MWh and γ− = −$60/MWh
respectively. The first strategy takes no position otherwise, i.e. when the probability does exceed the cut-off point, while the
second strategy takes a short position in the DART otherwise. The summary statistics are the total P&L and the average
profit per position.

Table 5: Risk-adjusted metrics for the out-of-sample hourly P&L.

Logistic Random Gradient
DNN

Regression Forest Boosting Trees

γ− −30 −45 −60 −30 −45 −60 −30 −45 −60 −30 −45 −60

S
tr

a
te

g
y

1 Sortino ratio 1.64 2.32 3.03 1.03 2.20 2.73 2.05 2.55 2.32 1.12 1.68 1.58

Std− 21.80 19.80 18.83 23.42 20.25 19.26 21.80 19.88 20.67 21.11 20.55 20.14

VaR 1% -80.77 -75.01 -72.07 -92.08 -82.44 -79.31 -85.28 -78.21 -78.34 -83.41 -80.75 -77.14

S
tr

a
te

g
y

2 Sortino ratio 2.45 3.08 4.01 1.75 3.16 3.65 3.23 3.59 3.26 1.79 2.38 2.06

Std− 26.69 25.90 24.30 27.47 26.02 25.94 26.11 25.34 26.09 24.75 25.88 26.78

VaR 1% -83.48 -77.85 -76.44 -94.72 -85.94 -84.53 -89.09 -82.46 -82.46 -85.24 -82.73 -80.86

B
a
se

ca
se Sortino ratio -0.09

Std- 32.61

VaR 1% -105.63

The table reports (1) the Sortino ratio, (2) the semi-deviation (Std.−), and (3) the Value-at-Risk at confidence level 1%
(VaR 1%) for hourly P&L of the considered strategies over the out-of-sample period (2018 to 2021). Both Strategies 1 and
2 take a long position on the DART when the model-predicted probability is lower than the pre-determined cut-off point,
i.e. 12%, 7% and 5% for γ− = −$30/MWh, γ− = −$45/MWh and γ− = −$60/MWh respectively. The first strategy takes
no position otherwise, i.e., when the probability exceeds the cut-off point, while the second strategy takes a short position
in the DART otherwise.
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Table 6 exhibits the precision and recall metrics as well as the dissected aggregated out-of-sample

average P&L of Strategy 2. The precision illustrates the ratio of realized predicted spikes over the

total number of predicted spikes. The recall considers the proportion of labelled spikes predicted by

the models relative to the sample’s total number of labelled spikes.6 The precision is relatively low for

every threshold and all models, i.e. between 9% and 16%, which is not surprising considering the low

cut-off points used for the predictions. For all models, the recall is approximately 20%, 33%, and 37%

for thresholds γ− = −$30/MWh, γ− = −$45/MWh and γ− = −$60/MWh, respectively.

The average P&L associated with the true positives also corroborates this conclusion, where the

average P&L increases with the thresholds. However, it is interesting to note that the average P&L for

false positives is surprisingly low (between −$10 and −$20). Therefore, high probabilities of observing

spikes predicted by the models appear to be associated with periods of high DART spread volatility

and uncertainty. Unsurprisingly, the average P&L of false negatives is strongly negative. However, it

is worth noting that the average P&L of false negatives is, in absolute terms, much lower than the

average P&L of true positives. This result indicates that, on average, the models capture the more

significant spikes. The last two rows of Table 6 display the average P&L when the models predict a

spike (Avg. pos.) and inversely when the models predict no spikes. Both scenarios generate positive

P&L for every model and each threshold. The average P&L is much larger when the model predicts

a spike. Nonetheless, the results clearly show the potential of integrating the model-generated signals

into any trading strategy.

Table 6: Precision/Recall and Strategy 2 hourly P&L dissected.

Logistic Random Gradient
DNN

Regression Forest Boosting Trees

γ− −30 −45 −60 −30 −45 −60 −30 −45 −60 −30 −45 −60

Precision 0.16 0.12 0.09 0.16 0.13 0.09 0.18 0.13 0.09 0.16 0.12 0.08

Recall 0.21 0.34 0.39 0.14 0.24 0.29 0.22 0.34 0.37 0.20 0.33 0.38

A
v
er

a
g
e

P
&

L True pos. 120.29 136.06 169.37 136.38 152.94 184.01 116.53 138.73 170.27 121.21 141.54 171.93

False pos. -17.62 -12.82 -10.03 -18.96 -15.45 -11.95 -17.61 -13.42 -11.59 -15.05 -12.04 -9.03

False neg. -70.80 -91.96 -112.44 -72.05 -92.67 -114.39 -71.36 -91.03 -113.01 -71.37 -90.05 -111.78

True neg. 4.06 3.15 2.61 4.29 3.31 2.69 4.11 3.14 2.52 4.28 3.21 2.68

Avg Pos. 5.03 5.57 6.00 6.19 6.64 6.17 6.10 5.97 5.39 7.15 6.01 5.89

Avg neg. 0.37 0.60 0.68 0.30 0.44 0.48 0.43 0.61 0.55 0.51 0.66 0.71

The first two rows of the table exhibit the precision (proportion of true spikes among the observations predicted to be spikes)
and recall (proportion of detected spikes among all spikes) for each model. Rows 3 to 6 illustrate the average P&L associated
with either the true positives (True pos.)–predicted spikes that are effectively spikes; false positives (False pos.)–predicted
spikes that did not materialize; false negatives (False neg.)–spikes that were not predicted; and true negatives (True neg.). The
last two rows detail the average P&L when the model either predicts a spike (Avg pos.) or no spike (Avg neg.). Results are

computed over the out-of-sample period (2018 to 2021). The cut-off point for thresholds γ− = −$30/MWh, γ− = −$45/MWh

and γ− = −$60/MWh are respectively 12%, 7% and 5%.

5 Conclusion

This paper studies the forecasting of DART spread spike probabilities. DART spreads of the Long

Island zone of the NYISO market are considered in developing the model. A fixed threshold method-

ology commonly used in the literature is applied to identify spikes in the data. A tailor-made feature

set is proposed to perform predictions.

6The precision (P ) and recall (R) are calculated as follows:

P =
Tp

Tp+ Fp
, R =

Tp

Tp+ Fn
,

where Tp denotes the True positives, Fp the false positives and Fn the false negatives. A false positive is a predicted
spike that did not materialize.
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Four statistical learning approaches are considered in predicting spike occurrences. Results indi-

cate that for every threshold considered, all models produce similar predictive performance, although

the gradient boosting trees slightly outperform their counterparts. A feature importance assessment

highlights the critical importance of forward-looking features such as the load forecast over transfer

capacity ratio, predicted heating degree days and predicted cooling degree days, of seasonal features

such as hourly and monthly indicators, and of the backward-looking feature counting the number of

spikes in the last 24 hours before the prediction. Conversely, the weekly cycle indicators and some

of the backward-looking features measuring near-past load or price prediction errors exhibit lesser

importance.

Finally, a backtest of two trading strategies integrating model-generated spike probabilities as a

market signal is implemented. Such strategies are shown to produce significantly higher profits, lesser

risk, and thus larger risk-adjusted performance in comparison to a base case strategy systematically

holding long DART spread positions. Therefore, results highlight the added value of the developed

signal from an economic perspective.

Future questions worth examining include: (1) applying the prediction scheme to positive DART

spikes, (2) determining if the framework developed works well in other nodes of the grid and other

power markets, and (3) designing trading strategies where trade volumes are modulated based on the

intensity of the spike probability signal to improve profitability, or where the cut-off point driving the

trade direction varies depending on the season.

A Weather forecast simulation and interpolation

A.1 Temperature forecast interpolation

The temperature forecast data consist of daily weather forecasts as of 18:00 with horizons ranging from

30 to 54 hours in three-hour increments, i.e three-hour forecast periods corresponding respectively to

00:00, 3:00, 6:00, ..., 21:00). Hourly spike forecasts performed in Section 3 require hourly temperature

forecasts as input. To handle the missing temperature forecast for hours falling between the the three-

hour increments, a simple linear interpolation scheme is implemented. More precisely, interpolated

temperature forecasts T̂F are computed as follows:

T̂F3t+i =
(3− i)TF3t + iTF3(t+1)

3
, where i = 1, 2,

where TF is the observed temperature forecast.

A.2 Synthetic temperature forecasts before October 2017

The historical temperature forecast dataset obtained is only available as of October 7, 2017. To

fill for missing observations in the dataset that starts in 2015, simulated forecasts are generated by

injecting noise in realized value. Temperature forecasts are described as a combination of the realized

temperatures and error terms:

TFt = RTt + εt,

where TF is the temperature forecast, RT is the realized temperature, and ε is the forecast error. To

simulate temperature forecasts before October 7, 2017, a noise component εt is added to the realized

temperature RTt. Because the forecast error might be influenced by a multitude of seasonal factors,

the noise component is sampled using a simple bootstrapping approach to circumventing this potential

complexity.

The first step consists in storing the available forecast errors εt from October 7, 2017, to Decem-

ber 31, 2021. The second step consists in simulating the temperature forecasts from January 1, 2015,

to October 6, 2017. For each hour of the sample, this is achieved by randomly sampling a forecast
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error among all post-October 6, 2017, observations sharing the same hour and date. For instance, to

sample an error for hour 6:00 of May 8, 2017, we would randomly pick the forecast error among these

from 6:00 on May 8 of either 2018, 2019, 2020 or 2021.

B Predictive models

B.1 Logistic regression

Due to the large number of categorical features, the dummy variables are aggregated into buckets when

applying the logistic regression. The categorical features month and hour encompass respectively 12

and 24 categories. Due to the similarity between multiple categories and to reduce the dimensionality

of the feature vector, the categories are regrouped into bins: [January, February], [March, April, May],

[June, July, August, September], [October, November, December] and [23:00 to 5:00], [6:00 to 10:00],

[11:00 to 13:00], [14:00 to 16:00], [17:00 to 19:00], [20:00 to 22:00].

Another transformation is applied to the load/grid feature. The relation between the target variable

(spikes) and the load/grid feature is non-linear. To capture the non-linearity with the logistic regression

model, a feature corresponding to the squared value of load/grid is added to the feature set.

B.2 Model estimation and hyperparameter tuning

The random forests, gradient boosting trees and DNNs all encompass a set of hyperparameters. The

choice of hyperparameters characterize the architecture of the model and are largely related to the

model’s performance. Unfortunately, hyperparameters cannot be optimized with the regular model

parameters during the training step. The user must first design the model architecture before training

the model.

Several search methods such as random search, grid search or Bayesian optimization can be used

to search over many sets of hyperparameters. Furthermore, the search process must be paired with a

performance evaluation technique to discriminate between the sets of hyperparameters tested. In the

current study, a grid search algorithm paired with a k-fold cross-validation process is implemented.

The grid search method takes as input a grid of hyperparameters. For each possible combination in the

grid, the algorithm trains the model and computes the performance. The k-fold cross-validation is a

method that makes it possible to objectively compute the performance of each set of hyperparameters.

The k-fold cross validation starts by splitting the dataset into k folds. The algorithm then lists the k

possible combinations of the k − 1 folds while keeping the remaining fold for a performance review.

The model is then trained for each of the k combinations and the performance of the model is assessed

over the remaining fold. The overall model performance is computed by aggregating the testing fold

results for all k combinations. The hyperparameter set with the greatest performance is selected. It

is important to note that the size of the grids and the number of folds impact the numerical load. In

this study, five-fold cross-validation is applied.

C Online appendix

C.1 Assessment of the CTHI feature

A predictor used by the NYISO to forecast the load is the cumulative temperature and humidity

index (CTHI). As explained in NYISO (2021), the CTHI index is a weather metric that integrates

information about temperature and humidity in the last three days and accounts for the “heat buildup

within building structures during a heatwave.” More precisely, the temperature and humidity index

(THI) is a measure of bodily discomfort experienced during warm weather. As described in NYISO
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(2021), it is constructed by combining the temperature and relative humidity:

THIt = 0.6Tt + 0.4 WBt

where Tt represents the hour-t temperature and WBt is the corresponding wet-bulb temperature.7

The THI∗d, for day d, is defined as the maximum observed hourly THI over the last 24 hours, i.e., the

24-hour period ending at the prediction time 18:00. The day-d CTHI, denoted CTHId, is a weighted

average of the THI∗d over the past three days:

CTHId = 0.7 THI∗d + 0.2 THI∗d−1 + 0.1 THI∗d−2.

Table 7 reports the performance metrics (AUC and average log-likelihood) across models and

thresholds when the CTHI feature is added to the feature set described in Section 2.

Comparing the performance metrics reported in Table 7 with those from Table 3 outlines the

general slight underperformance across models and thresholds when the CTHI feature is included in

the feature set.

C.2 Ensemble classifier

A common approach in machine learning is to consider ensemble models, which combine the predictions

of multiple models. In this study, four statistical learning algorithms are trained. As shown in Figure 6,

the predicted probabilities of each model are not perfectly interchangeable and display differences

from one another. Table 8 exhibits the performance of the combined models.8 Results show that

combining the predictions from the various models does not improve the performance of the out-of-

sample predictions.

C.3 Revised feature set based on Section 3.3 results

In Section 3.3, the feature importance assessment reveals that three features, namely weekend/holidays,

past day-ahead load forecast and past day-ahead price forecast, contribute little to the predictions, not

to mention sometimes being harmful in terms of predictive performance. To reduce overfitting issues

and improve the out-of-sample model performance, a common practice consists in removing these

features from the feature set. However, since some of the results presented in Section 3.3 are based

on the out-of-sample dataset, removing these features in Section 4 would be regarded as integrating

future information into the models and could potentially artificially improve the results. Nevertheless,

it is still interesting to test whether the revised feature set would improve the results. Thus, Table 9

reports the performance metrics over the in-sample and out-of-sample sets with the revised feature

set excluding those three features. Results indicate that with such revised feature set, the aggregated

performance is generally qualitatively similar (albeit often slightly higher) for the various models and

thresholds.

7The hour-t wet-bulb temperature WBt is defined as the temperature read from a thermometer submerged in water.
Since this information is not commonly found in historical weather datasets, an estimate of the WB temperature is
considered. As explained in Stull (2011), the wet-bulb temperature is estimated by combining the dry-bulb temperature
and the relative humidity as follows:

WBt =Tt arctan
(

0.151977
√

RHt + 8.313659
)

+ arctan(Tt + RHt)

− arctan(RHt − 1.676331) + (0.00391838 (RHt)
1.5) arctan(2.3101 RHt) − 4.686035

where RHt is the hour-t relative humidity in %. The dry-bulb temperature is the temperature directly drawn from the
dataset.

8The models are combined by considering each model’s output as the input of a logistic regression model. The logistic
regression is then trained over an in-sample set to predict spikes, and the performance is computed over the out-of-sample
set.
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Table 7: In-sample and out-of-sample performance metrics when CTHI is added to the feature set.

Logistic Random Gradient DNN
Regression Forest Boosting Trees

γ− −30 −45 −60 −30 −45 −60 −30 −45 −60 −30 −45 −60

A AUC

In
-s

a
m

p
le 2015-2017 0.720 0.737 0.747 0.760 0.784 0.809 0.778 0.805 0.815 0.733 0.753 0.766

2015-2018 0.707 0.730 0.745 0.747 0.771 0.792 0.751 0.774 0.805 0.735 0.713 0.730

2015-2019 0.715 0.743 0.758 0.754 0.777 0.799 0.756 0.788 0.807 0.700 0.728 0.746

2015-2020 0.716 0.743 0.759 0.752 0.778 0.803 0.805 0.783 0.806 0.719 0.746 0.756

O
u

t-
o
f-

sa
m

p
le 2018 0.661 0.700 0.724 0.675 0.707 0.728 0.684 0.709 0.735 0.647 0.688 0.710

2019 0.717 0.773 0.794 0.750 0.784 0.816 0.734 0.780 0.798 0.707 0.773 0.800

2020 0.733 0.756 0.780 0.735 0.748 0.760 0.734 0.753 0.771 0.710 0.728 0.753

2021 0.700 0.730 0.751 0.706 0.735 0.734 0.703 0.736 0.749 0.678 0.705 0.719

Aggregated 0.707 0.743 0.763 0.719 0.749 0.763 0.717 0.749 0.767 0.691 0.727 0.744

B Average log-likelihood

In
-s

a
m

p
le 2015-2017 -0.209 -0.154 -0.121 -0.201 -0.146 -0.113 -0.197 -0.143 -0.113 -0.207 -0.152 -0.119

2015-2018 -0.213 -0.154 -0.120 -0.205 -0.148 -0.114 -0.205 -0.148 -0.113 -0.207 -0.156 -0.122

2015-2019 -0.202 -0.145 -0.112 -0.196 -0.139 -0.106 -0.195 -0.138 -0.106 -0.204 -0.146 -0.113

2015-2020 -0.196 -0.140 -0.107 -0.191 -0.136 -0.102 -0.180 -0.135 -0.102 -0.196 -0.141 -0.108

O
u

t-
o
f-

sa
m

p
le 2018 -0.225 -0.157 -0.120 -0.223 -0.157 -0.121 -0.222 -0.156 -0.120 -0.229 -0.158 -0.122

2019 -0.162 -0.109 -0.078 -0.164 -0.112 -0.080 -0.161 -0.109 -0.079 -0.164 -0.109 -0.078

2020 -0.171 -0.122 -0.086 -0.169 -0.122 -0.086 -0.169 -0.121 -0.084 -0.174 -0.124 -0.088

2021 -0.281 -0.197 -0.141 -0.279 -0.196 -0.144 -0.279 -0.195 -0.141 -0.286 -0.203 -0.146

Aggregated -0.207 -0.144 -0.105 -0.205 -0.144 -0.106 -0.204 -0.143 -0.104 -0.210 -0.146 -0.107

Aggregated -0.206 -0.143 -0.105 -0.205 -0.143 -0.105 -0.203 -0.142 -0.104 -0.208 -0.146 -0.106

The four models are the logistic regression, the random forest, gradient boosting trees, and the deep neural network (DNN).
Panel A’s performance metric is the area under the curve (AUC), while Panel B is the average log-likelihood. The models
generate out-of-sample predictions for 2018 to 2021. The models are trained on the previous years’ observations for each
out-of-sample forecast. For example, to generate out-of-sample forecasts for 2019, the models are trained on the observations
from 2015 to 2018.

C.4 Binomial tests for buckets of Figure 7

Figure 7 illustrates the proportion of observed spikes in each bucket of spike probabilities generated by

each model over the out-of-sample period (2018 to 2021). To test if the spike probabilities generated by

each model differ statistically from the proportion of observed spikes, a binomial test is implemented.

The binomial test assumes that spike occurrences follow a binomial distribution X ∼ B(p,N),

where p and N are, respectively, the average predicted probability within the bucket and the number

of observations inside that bucket. The Z score of the binomial test measures the model accuracy by

comparing the proportion of observed spikes to the model-generated spike probabilities. It is calculated

as follows:

Z =
(x−Np)√
Np(1− p)

where x is the number of observed spikes associated with the bucket. The Z score approximately

follows a Gaussian distribution when N is large. The P-value is thus calculated as

P = 2(1− Φ(|Z|))

where Φ is the cumulative distribution function of a standard Gaussian distribution.
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Table 8: Ensemble model predictions.

AUC Average log-likelihood

γ− −30 −45 −60 −30 −45 −60

In
-s

a
m

p
le 2015-2017 0.760 0.771 0.796 -0.198 -0.144 -0.110

2015-2018 0.756 0.768 0.791 -0.202 -0.147 -0.115

2015-2019 0.751 0.782 0.801 -0.194 -0.137 -0.106

2015-2020 0.752 0.793 0.798 -0.189 -0.133 -0.102
O

u
t-

o
f-

sa
m

p
le 2018 0.659 0.673 0.650 -0.231 -0.166 -0.133

2019 0.751 0.776 0.811 -0.160 -0.111 -0.081

2020 0.727 0.692 0.688 -0.182 -0.135 -0.111

2021 0.705 0.740 0.727 -0.292 -0.210 -0.181

Aggregated 0.715 0.726 0.718 -0.213 -0.153 -0.124

The four models embedded in the ensemble model are: logistic regression,
random forest, gradient boosting trees, and a deep neural network (DNN).
The models are combined by considering each model’s output as the input
of a logistic regression. The logistic regression is then trained over an in-
sample set to predict spikes, and the performance is computed over the out-
of-sample set. Panel A’s performance metric is the area under the curve
(AUC), while Panel B is the average log-likelihood. The logistic regression
generates out-of-sample predictions from 2018 to 2021. The models are
trained on the previous years’ observations for each out-of-sample forecast.
For example, to generate out-of-sample forecasts for 2019, the models are
trained on the observations from 2015 to 2018.

Figure 12 reports these P-values. Most of such P-values are larger than 5%, indicating that the null

hypothesis asserting that the proportion of observed spikes is identical to the spike probabilities cannot

be rejected. Results highlight the precision of the models when estimating the spike probabilities.

Figure 12: P-values of the binomial test across the buckets displayed in Figure 7. Each panel’s x-axis reports spike probability,
while the y-axis indicates the P-value of the binomial test based on the proportion of expected spikes and the proportion of
observed spikes for each probability bucket reported in Figure 7.
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Table 9: Performance with the revised feature set.

Logistic Random Gradient DNN
Regression Forest Boosting Trees

γ− −30 −45 −60 −30 −45 −60 −30 −45 −60 −30 −45 −60

A AUC

In
-s

a
m

p
le 2015-2017 0.711 0.729 0.741 0.747 0.776 0.799 0.754 0.771 0.780 0.720 0.738 0.749

2015-2018 0.702 0.726 0.741 0.736 0.764 0.784 0.775 0.808 0.826 0.713 0.729 0.755

2015-2019 0.709 0.737 0.753 0.741 0.772 0.793 0.773 0.773 0.790 0.716 0.745 0.764

2015-2020 0.712 0.739 0.755 0.742 0.773 0.796 0.772 0.805 0.826 0.730 0.746 0.759

O
u

t-
o
f-

sa
m

p
le 2018 0.669 0.709 0.729 0.682 0.719 0.734 0.688 0.712 0.725 0.666 0.707 0.732

2019 0.714 0.768 0.791 0.751 0.784 0.822 0.744 0.786 0.821 0.746 0.772 0.793

2020 0.743 0.764 0.789 0.744 0.755 0.765 0.742 0.767 0.774 0.723 0.733 0.741

2021 0.705 0.734 0.756 0.706 0.732 0.745 0.699 0.734 0.761 0.668 0.719 0.741

Aggregated 0.711 0.747 0.766 0.724 0.752 0.769 0.691 0.752 0.771 0.697 0.736 0.757

B Log-likelihood

In
-s

a
m

p
le 2015-2017 -0.210 -0.154 -0.121 -0.204 -0.148 -0.115 -0.203 -0.149 -0.117 -0.209 -0.154 -0.121

2015-2018 -0.213 -0.154 -0.121 -0.208 -0.149 -0.116 -0.200 -0.143 -0.111 -0.212 -0.154 -0.119

2015-2019 -0.203 -0.145 -0.112 -0.198 -0.141 -0.108 -0.207 -0.140 -0.108 -0.202 -0.144 -0.111

2015-2020 -0.197 -0.141 -0.107 -0.193 -0.137 -0.103 -0.186 -0.132 -0.100 -0.194 -0.140 -0.107

O
u

t-
o
f-

sa
m

p
le 2018 -0.224 -0.155 -0.120 -0.222 -0.155 -0.121 -0.221 -0.155 -0.120 -0.226 -0.156 -0.120

2019 -0.163 -0.109 -0.079 -0.162 -0.111 -0.079 -0.162 -0.110 -0.079 -0.160 -0.110 -0.079

2020 -0.170 -0.121 -0.085 -0.168 -0.121 -0.086 -0.188 -0.118 -0.084 -0.172 -0.123 -0.087

2021 -0.278 -0.195 -0.140 -0.278 -0.196 -0.142 -0.279 -0.195 -0.140 -0.290 -0.199 -0.143

Aggregated -0.206 -0.143 -0.104 -0.204 -0.143 -0.105 -0.209 -0.142 -0.104 -0.208 -0.145 -0.105

The four models–logistic regression, random forest, gradient boosting trees, and deep neural network (DNN)–are trained over
a revised feature set. The revised feature set is composed of the heating degree days (HDD), cooling degree days CDD,
hour indicators, month indicators and past spikes. Conversely, weekend/holidays, past day-ahead load forecast and past
day-ahead price forecast features are excluded from the feature set. Panel A’s performance metric is the area under the
curve (AUC), while Panel B is the log-likelihood divided by the number of observations. The models generate out-of-sample
predictions for 2018 to 2021. The models are trained on the previous years’ observations for each out-of-sample forecast. For
example, to generate out-of-sample forecasts for 2019, the models are trained on the observations from 2015 to 2018.
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