
Real-time Ranking of Electrical Feeders using Expert

Advice⋆

Hila Becker1, Marta Arias2

1 Computer Science, Columbia University, New York
2 Center for Computational Learning Systems, Columbia University, New York

Abstract. We are using machine learning to construct a failure-susceptibility ranking of
feeders that supply electricity to the boroughs of New York City. The electricity system is
inherently dynamic and driven by environmental conditions and other unpredictable factors,
and thus the ability to cope with concept drift in real time is central to our solution. Our
approach builds on the ensemble-based notion of learning from expert advice as formulated
in the continuous version of the Weighted Majority algorithm [16]. Our method is able to
adapt to a changing environment by periodically building and adding new machine learning
models (or “experts”) based on the latest data, and letting the online learning framework
choose what experts to use as predictors based on recent performance. Our system is cur-
rently deployed and being tested by New York City’s electricity distribution company.
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1 Introduction

We are developing a machine learning online system that ranks feeders that supply electricity
to the boroughs of New York City according to their susceptibility to impending failure in real-
time. Primary feeders constitute a critical part of the distribution grid of New York City; feeder
failures put networks, control centers, and field crews under considerable stress, especially during
the summer, and cost millions of dollars in Operations and Maintenance expenses annually. Our
work is focused on 943 underground primary feeders, distributing electricity to the New York City
boroughs of Manhattan, Brooklyn, Queens, and the Bronx. Being able to predict incipient failures
in close to real-time could enable crews and operators to take short-term preventative actions thus
reducing the risk of failure. More details on this application and an earlier incarnation of our system
can be found in [8]. In this paper we present an online machine learning ranking system for the
feeders ranking problem that is able to cope with concept drift automatically.

Related Work. The problem of dealing with concept drift in the context of learning from data
streams is receiving much attention recently, see e.g. [10, 20, 21, 3, 11, 22, 24, 26]. Most of these
algorithms divide the input stream of data into subsets of sequential data (or “data windows”), and
repeatedly build predictive models using only one or several contiguous windows of data at a time.
These algorithms mainly differ in how a single or a combination of window-specific models are used
to make future predictions. We distinguish two broad categories: the ones that maintain a single
model and replace it with newer ones to cope with the concept drift [6, 20, 5, 7], and ensemble-based
methods that keep a set of models and use combinations of the existing models to make predictions.
Ensemble-based algorithms that use averages or weighted averages for future predictions include
[21, 22, 24, 3]. All these algorithms are similar in that they use heuristics to estimate the predictive
accuracy of the ensemble models and use these to weigh models’ predictions. Additionally, the
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works of Klinkenberg et al. [11, 12, 13, 19] describe and compare several strategies for dealing with
concept drift such as selecting base learners adaptively, selecting window size adaptively, selecting
examples adaptively, etc.

Our solution falls into the latter category of ensemble-based learners. The main difference is that
instead of using heuristics or boosting-like combinations of underlying models we follow the frame-
work of learning from expert advice. This framework has been thoroughly studied in the theory
community, and offers very strong performance guarantees [16, 2, 23, 4, 1, 15].

Our solution extends the existing algorithms in several ways: (1) it handles concept drift by contin-
ually adding new experts to the ensemble, (2) it has been adapted to the problem of ranking, and
(3) it uses several ad-hoc parameters to control various aspects of the learning and meta-learning.
The algorithm of [14] uses a similar idea of adding and dropping experts throughout the execution
of the algorithm but differs from our approach in the type of base learners they use, in the set
of tunable parameters, and in the fact that we are performing ranking instead of classification or
regression.

2 The Feeder Ranking Problem

Our machine learning ranking system is part of a large-scale research project that is underway at
Columbia University in collaboration with Consolidated Edison Company of New York [8]. Here
we describe some of the basics so that the reader can understand the context in which the machine
learning algorithm is being developed.

Data Inputs. The data available to the system is very diverse, not only in nature but also in
location, type, format, etc. A significant amount of work has been devoted to understanding,
processing and merging this data into attribute-value vector datasets that can be used by standard
machine learning algorithms. Briefly, the main input data sources are:

– Static Data: attributes comprising this category are mainly physical characteristics of the
feeders such as age and composition of each feeder section as well as attributes reflecting
connectivity and topology of the network. These values change rarely; when they do (e.g.,
some feeder section is replaced or new feeders are added) we manually change the appropriate
values.

– Dynamic Data: attributes in this category change over time. We distinguish two types based
on the nature of the data and its rate of change. Outage data: lists all the failures happened
starting in 2001 up to date. This data is updated daily and stored in a relational database.
Load-related data: our system receives measurements of the current load-related attributes of
several components of the electricity system. The data needs to be aggregated by feeders in
some cases. New data comes in intervals of roughly 20 minutes, accumulating at a rate of
several hundred megabytes per day in real-time. These are stored in a relational database.

Machine Learning datasets. Using the available input data, we assemble training and test sets
in the following manner:

– Training datasets: given a start and end date, we assemble training datasets by using all
failures that have occurred between the start and end date as positive examples, and we sample
non-failures in the same period of time that serve as negative examples. The attributes that
are added for each feeder included in a training set (be it by failure or by sampling) are the
static attributes and the most recent dynamic values by the time of failure. These datasets are
meant for building ranking models, that is, for building the “experts”. 3

3 To be precise, we have experimented with alternative ways of assembling datasets but for brevity we
will omit an explanation of these in this paper.
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– Test datasets: test datasets are assembled with respect to a given date and time by obtaining
the most recent readings of all dynamic attributes and generating a table that lists for each
feeder these values together with the static values.

Ranking, Learning and Evaluating Performance. Whenever new readings of the dynamic
attributes are received (in intervals of about 20 minutes), a new test dataset is assembled and all
experts’ models are applied to this new test dataset. When a ranking model is applied to a test
dataset, the result is a ranking of the feeders, that is, a list of all the feeders in the electricity system
that are sorted to what the model believes is more likely to fail down to less likely to fail. Hence, we
construct one feeder ranking per expert approximately every 20 minutes. The final ranking output
by our system is a weighted average of (some of the) experts’ rankings (see Section 3 below).

Learning occurs at night: all the failures of the previous day are inspected and the performance of
each expert is evaluated based on the rank of the feeder that failed just before each failure. The
weights of each expert are updated following the online learning scheme. Additionally, we build
new experts periodically and add them to the current ensemble. Poor-scoring experts need to be
dropped so that the number of experts does not grow indefinitely. To build new experts, we are
using SVMs and MartiRank4 on the training datasets as described above.

Let F = {f1, . . . , fk} be a set of feeders that failed on a given date. To evaluate the performance of
each expert ej , we use the normalized average rank of the failed feeders, according to the formula

performance(ej ,F) = 1 −
1

k

k
∑

i=1

rankj(fi)

943

where rankj(f) represents the rank of the failed feeder f according to feeder ranking by expert
ej just before the time f failed and 943 is the total number of feeders in our rankings. For ex-
ample, if there are 3 failures ranked 100, 231, and 51, then the corresponding performance is
1− 1

3

(

100+231+51

943

)

≈ 0.865. Notice that the higher up in the feeder ranking a failure is, the better
(higher) the performance is; 0.5 is the expected value if rankings are random. We use the same
formula to evaluate the overall system’s performance as reported in Section 4.

3 Description of the Algorithm

Our online ranking algorithm is based on the principle of learning from expert advice, and draws
on ideas from the Continuous Weighted Majority algorithm [16]. It is in essence a meta-learning
approach that predicts by combining the rankings of a set of individual algorithms or “experts”.
The meta-learning algorithm keeps track of each expert’s performance and uses it in determining
its contribution to the final prediction. Our set of experts consists of machine learning models that
are trained using different data windows from different points in time. Given a list of items, each
model predicts a ranking that intends to maximize the area under the ROC curve (AUC) [9]. In
the binary case, the items are ranked according to the algorithm’s confidence that their label is
‘1’. To cope with concept drift, new models, trained with the most recent data, are periodically
added to the existing ensemble. In order to avoid growing an infinitely large ensemble, models are
removed according to a function of their age and performance; the age of a model is the number
of days since its creation.

Periodically, we train and add new models to the current ensemble. A parameter f determines how
often this happens, i.e., new models will be added every f iterations. When new models are created,
we assign each of them a weight to be used as an individual performance measure. We add these
models to the ensemble of experts used by the algorithm in making its predictions. The expert
ensemble is then presented with a set of items to rank and each expert makes a separate prediction.

4
MartiRank [8] is a ranking algorithm based on the boosting framework in [17].
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OnlineRank(M, N, β, a, p, n, f)
1 θ ← 0
2 while (true)
3 do receive example set x

4 for i← 1 to θ

5 do ri ← Rank(mi, x)
6 E ← M top-scoring models according to wi

7 predict according to weighted average of wi × ri for models in E

8 receive actual ranking y

9 for i← 1 to θ

10 do si = performance(mi, y)
11 sbest, sworst ← min(s1, . . . , sθ), max(s1, . . . , sθ)
12 for i← 1 to θ

13 do li = sbest−si

sbest−sworst

14 wi = wi ∗ βli

15 if no new models generated in the last f iterations
16 then train n new models mθ+1, . . . , mθ+n

17 wnew ← percentile(p, {w1, . . . , wθ})
18 wθ+1, . . . , wθ+n ← wnew

19 θ ← θ + n

20 if θ > N

21 then remove the θ −N worst-scoring models according to qi = wi ∗ aagei

22 θ ← N

Fig. 1. Pseudocode for our online ranking algorithm.

The algorithm combines these predictions by ranking the items according to their weighted average
rank. It then receives the true ranking of the items and updates the weights of the experts in the
ensemble. The weight update function is similar to the one discussed in [16], where the weight is
multiplied by a function of the loss. The loss of each expert in the ensemble is a measure of its
performance, relative to the other experts.

There are several input parameters that can be used to tune the performance of the algorithm.
The learning rate β ∈ [0, 1) is used in the weight update function to adjust the fraction by which
the weights are reduced. A larger value of β corresponds to a slower learning rate, making the
algorithm more forgiving to experts that make a mistake by reducing their influence by a smaller
fraction. The budget N determines the number of models that the algorithm can keep track of at
each iteration. Since we do not use a static set of experts as in the traditional weighted majority
approach, we have to make sure that our ensemble does not grow infinitely when we add new
models. We can also adjust the number of models that the algorithm uses for prediction. In the
traditional approach, the advice of all experts in the ensemble is combined to make the final
prediction. By using a parameter M for the number of predictors, we can try to further enhance
the performance, combining only the advice of top performing experts.

Since we add and remove models from our expert ensemble throughout the algorithm, additional
parameters are introduced. Let n be the number of new models added to the ensemble. This
parameter n depends on how many machine learning algorithms we use (currently two) and on
how many training sets we assemble (we vary the training data windows, currently set to 7 and 14
days). When these new models are added, they are assigned an initial weight wnew. This weight can
be also adjusted to reflect our trust in these new models, and should be relative to the weights of
the existing models in the ensemble. We use a parameter p that determines what weight to assign
new models as a percentile in the range [wmin, wmax] for the minimum and maximum weights of the
existing models. We also need to decide what models to drop when the ensemble size grows larger
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Fig. 2. OnlineRank performance over baseline methods for Summer 2006 (left) and Winter 2006 (right).

than N . We order the experts according to a function of their performance and age, where a is a
parameter used to set the exponential decay by age. Pseudocode of our online ranking algorithm
can be found in Figure 1.

4 Experimental Results

In this section, we present various experiments with the goal of studying and evaluating the online
ranking system. The data used for these experiments was collected between June 2005 and Decem-
ber 2006. The default parameters we use are learning rate β = 0.9, budget N = 50, ensemble size
M = 10, new model frequency f = 7, age decay a = 0.99, and new weight percentile p = 0.7. For
convenience, some of the results use slightly different parameters, we state this where it applies.

We look at the performance of the system over time by plotting the normalized average rank of
failures per day on a continuous timeline as explained in Section 2.

We compare our results to those of two separate baseline experiments. The first one uses a ranking
version of the Perceptron algorithm [18]. Since we are interested in generating a ranking, we must
test the Perceptron model on each one of our feeders and sort them according to their distance from
the boundary in descending order. The second baseline comparison involves using a single model
throughout the whole run. This model has been hand-tuned by experts who have an insight into
the behavior of the system and can estimate which attributes carry more weight toward the final
outcome. The performance of these baseline approaches can be seen alongside our online ranking
method in Figure 2 for the summer of 2005 and for the winter of 2006. We can see that for both
the summer and the winter months our online ranking approach outperforms both the Perceptron
and the fixed model. In this experiment we used ensemble size M = 50.

We examine the effects of varying the value of a single parameter while keeping the rest constant.
Figure 3 shows the performance of the system during the summer of 2006 for different values of
experts N , which corresponds to the maximum number of experts that the algorithm can select from
to make its prediction. We can observe that the performance of the system is directly correlated
with the number of existing experts. Intuitively, when there is a larger pool of models to select
from, we have a higher chance of selecting the top performing models amongst them, especially if
the predicting ensemble size M is small.

Another parameter that we are interested in observing is the new models’ weight percentile p,
which determines our degree of belief in the incoming models. The performance of the online
ranking system with varying weight percentile during the summer of 2006 can be seen in Figure 3.
Assigning new models the lowest weight in the range is understandably a poor choice since new
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Fig. 3. Online system performance with varying budget N during Summer 2006, here M = 1 (left) and
varying new weight percentile p during Summer 2005 (right).

models are trained with the most recent data, thus carrying an up to date information about the
system. On the other hand, assigning too high a weight may force the system to use the newest
models always, which may not be a good choice if an older model has been found to work well.
We find counterintuitive that the variation in performance in this experiment is so small; we are
in the process of trying to figure out why this is so through more experimentation.

5 Conclusions and Future Work

In this paper we have presented an online machine learning system being developed for the prob-
lem of ranking feeders that provide electricity to New York City according to their likelihood to
impending failure. Our inital results are encouraging and we are in the process of further devel-
oping and evaluating our system in terms of optimal parameter tuning, both for this particular
application as well as under different types of concept drift. We are planning to include an engine
for the detection of concept drift, so that instead of periodically adding new experts we will only
add them when a change is detected [6]. We also want to control the diversity of the ensemble,
which has been found to improve predictive performance [22]. Finally, we are investigating includ-
ing a meta-learning layer that would exploit results seen in previous years, e.g. if a model was
successful in the previous summer but was retired during the winter, it should be rescued back
in the upcoming summer if similar environmental conditions reappear. Examples of other systems
that exploit re-occurring contexts are [25, 26].
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