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Decision Analytics with Heatmap Visualization
for Multi-step Ensemble Data

An Application of Uncertainty Modeling to Historical Consistent
Neural Network and Other Forecasts

With today’s computing power, it is easy to generate huge amounts of data. The real
challenge lies in adequately condensing the data in decision making processes. Here,

the focus is on ensemble data that typically arises when distributions of forecasts are
generated for several time steps in the future. Often a distribution is aggregated by taking
an ensemble’s mean or median. This results in a single line that is easy to interpret. However,
this single line may be seriously misleading when the ensemble splits into two or more
different bundles. The mean or median may also lie in a region where there are only very
few ensemble members. To remedy this, a heatmap visualization to better represent
ensemble data for decision analytics is proposed. Heatmap visualization provides an
intuitive way to identify regions of high and low activity. The regions are color-coded
according to the (weighted) number of ensemble members in a specific region.
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1 Introduction and Motivation

One of the typical tasks of a decision sup-
port system is to produce forecasts and —
more importantly — to help people in-
terpret those forecasts. However, single
value forecasts may be misleading. For
this reason ensemble forecasts — based
on a collection of several individual fore-
casts — can be used to largely improve
the forecasting accuracy; see for exam-
ple (Zhang and Berardi 2001). With en-
semble forecasts, quite often only a sin-
gle value is (or a few points of the distri-
bution are) used. This is useful for auto-
matic usage in information systems but
the real shape of the other features of
the distribution remains unclear; see for
example (Welch 2001; Hansen 2008). It

is not necessarily the case that the fore-
cast distribution is unimodal. Generally it
could be multimodal. That means that we
cannot characterize the forecast by a sin-
gle number (for example the mean). Sev-
eral different models make up the fore-
cast and we cannot expect our forecast to
have a single peak. In this case the mean
or median can be misleading, as we will
show. Multi-step means that our forecast
does not just forecast, for example, to-
morrow’s value. Rather, the forecasts we
are looking at will stretch over several
time-steps. In essence, common data ag-
gregation techniques either lose informa-
tion or do not scale well. In both cases
this greatly reduces the usefulness of the
forecast.

We present first steps towards answer-
ing the research question: “How can an
adequate visualization enable decision an-
alytics for today’s ensemble forecast meth-
ods?”

Ensembles of artificial neural network
(ANN) models are a typical case where
we obtain forecasts that consist of several
hundred individual paths. In the present
paper we look at a 20-day forecast for
the price of natural gas in US dollars.
The figures are computed from an en-
semble of 200 networks. We are using a
new class of ANN, the Historical Con-
sistent Neural Network (HCNN) intro-
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duced by Zimmermann et al. (2010). See
also von Mettenheim and Breitner (2010)
for a detailed presentation and perfor-
mance evaluation. For the goals of the
present paper it is sufficient to be aware
of the fact that HCNNSs use a simple state
equation to compute the following state
from the immediately preceding state.
Multi-step forecasts are therefore easy to
generate. We generally use HCNNs when
we have to model several time-series and
their distribution simultaneously. When
we train different HCNNs with randomly
initialized weights, we obtain a diverse
ensemble of forecasts.

The exact forecast asset is not central
to the following discussion and it is not
our goal to evaluate the forecast perfor-
mance of the ANN. Rather, our focus is
on making the forecast output easier to
interpret for the human decision maker.
Our approach is therefore not limited
to ANNs. Other model types that might
produce an unlimited number of fore-
cast paths based on good historical per-
formance could also be used in this con-
text. These include, for example, Support
Vector Machines, Evolutionary Program-
ming, and Monte Carlo Simulations. For
this reason we outline the ANN model
only briefly. In our paper we present a
heatmap visualization of the resulting en-
semble forecasts. This is a step towards
visually supporting the human decision
maker, because heatmaps aggregate in-
formation but conserve the essence of
the forecast, even if the distribution is
multimodal.

We can now make our research ques-
tion more concrete: “How can we intu-
itively present the complete forecast infor-
mation to a decision maker, but also exploit
all distribution information?”

We propose heatmap visualization.
A heatmap allows us to differentiate be-
tween more active and less active regions
of the forecast space by color coding (see
Figs. 1(d)-1(f) and examples in Figs. 3,
4, and 5). A detailed discussion of Fig. 1
will follow below, especially in Sect. 6.

Whereas simply plotting aggregate val-
ues in Figs. 1(a) and 1(b) loses informa-
tion, it is also not possible to only plot
each forecast individually as is done in
Fig. 1(c). We cannot distinguish individ-
ual forecasts anymore and the output is
useless. Figures 1(d) and 1(e) show our
heatmap approach and Fig. 1(f) is an
even more useful presentation. We can
clearly see splitting paths in Figs. 1(d)—
1(f). This is a warning signal from the
model: the forecast is dubious.
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Heatmaps also help us gauge the qual-
ity of the forecast. Depending on the
width of the forecast and the number
of peaks we see in the heatmap, we can
qualify the forecast as more or less re-
liable This offers an alternative to the
usual binary output of most of today’s
forecasting methods. It is quite common
that a forecast model either outputs “up”
or “down” This is not entirely honest.
There should be a third output possi-
bility: “don’t know”. Heatmaps offer just
that: rather than hiding information be-
hind a single number (which will in-
variably be wrong) they present the en-
tire forecast spectrum to the decision
maker. Problematic areas are then easy to
identify.

2 Research Design

To answer the research question, we were
inspired by the Design Science Research
approach from Hevner et al. (2004,
p. 83). Figure 2 shows the implementa-
tion of our research design. In the fol-
lowing we place our contribution in the
context of selected research guidelines:

The presented research is relevant
(Problem Relevance), as our visualiza-
tion approach tackles distributional fore-
casts that for example arise in the con-
text of ANN ensembles. The same visu-
alization could be useful for any other
forecast models that generate ensembles,
or time-series. We review existing con-
cepts in the area of ensemble and time-
series visual representation and show the
limitations of commonly used visualiza-
tion techniques in Sect. 3. In Sect. 4 we
present the formal model of our method
for heatmap generation. We argue that
this approach is an artifact that “ex-
tends the boundaries of human problem
solving” (Hevner et al. 2004) because it
can help decision makers arrive at bet-
ter decisions by providing additional in-
formation, which is invisible when us-
ing statistic aggregations (Design as an
Artifact).

The first step of our evaluation is to
build a prototype implementation. The
prototype is described in Sect. 5. We use
the prototype to demonstrate the utility
of our approach, in the form of qualita-
tive information gain. One example sce-
nario is given by the above-mentioned
gas-price forecast scenario; another is ar-
tificially created for clearer description

of the information gained by interpo-
lation,following the concept of Descrip-
tive Design Evaluation with Scenarios
(Hevner et al. 2004, p. 86).

An earlier stage of this work was pre-
sented to the scientific and practice au-
dience at a conference (von Mettenheim
et al. 2012) and a workshop (Commu-
nication of Research). We discussed the
results with ANN experts and incorpo-
rated their feedback. From this discussion
an independent implementation of our
approach emerged, conducted by expert
users in a large international company.
Hevner et al. (2004) states that “the ob-
jective of design-science research is to de-
velop technology-based solutions to im-
portant and relevant business problems”.
We consider the existence of an indepen-
dent implementation to be a strong in-
dicator for the importance and business
relevance of the problem we address with
our approach.

3 Related Work

Potter et al. (2009b) underline the “enor-
mous power” of ensemble data sets, but
also the “formidable challenge” of en-
semble visualization due to their com-
plexity. Andrienko and Andrienko (2005)
focus on spatially distributed time-series
data as used in cartographic and geo-
visualization applications. They criticize
the combined plotting of many localized
time-series, as cluttering and overlapping
lines result in a hardly legible display, and
the concept becomes “completely unus-
able” for a large number of hundreds
and more time-series. As an alterna-
tive they propose map- and aggregation-
based visualization. Aggregation is real-
ized by plotting the minimum, maxi-
mum, median and quartiles. Andrienko
etal. (2010) focus on event detection sup-
port in multiple time-series. They present
a toolkit with interactive user-controlled
data visualization, using mean or me-
dian for statistical summary of multi-
ple time-series. Bade et al. (2004) use
minima, maxima, median and the 25 %
and 75 % percentile for the presenta-
tion of aggregated high-frequency data
streams. Hao et al. (2009) describe a vi-
sual support framework for time-series
prediction. Their tool uses a one dimen-
sional heatmap style “visual accuracy in-
dicator” to show over, under, and close
predictions.

Aigner et al. (2007) present a “concep-
tual visual analytics framework for time-
oriented data” They describe aspects
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