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a b s t r a c t

The efficient flow of goods and services involves addressing multilevel forecast questions, and careful
consideration when aggregating or disaggregating hierarchical estimates. Assessing all possible aggre-
gation alternatives helps to determine the statistically most accurate way of consolidating multilevel
forecasts. However, doing so in a multilevel and multiproduct supply chain may prove to be a very
computationally intensive and time-consuming task. In this paper, we present a new, two-level oblique
linear discriminant tree model, which identifies the optimal hierarchical forecast technique for a given
hierarchical database in a very time-efficient manner. We induced our model from a real-world dataset,
and it separates all historical time series into the four aggregation mechanisms considered. The sepa-
ration process is a function of both the positive and negative correlation groups' variances at the lowest
level of the hierarchical datasets. Our primary contributions are: (1) establishing a clear-cut relationship
between the correlation metrics at the lowest level of the hierarchy and the optimal aggregation
mechanism for a product/service hierarchy, and (2) developing an analytical model for personalized
forecast aggregation decisions, based on characteristics of a hierarchical dataset.

© 2016 Elsevier B.V. All rights reserved.

1. Introduction

Accurate products' demand forecasts facilitate the smooth
movement of goods through a supply network (Sanders and
Manrodt, 2003). Not surprisingly, there exists a nontrivial litera-
ture on the development of guidelines to improve firms' sales
forecasting methodologies (Moon et al., 2003). Such recommen-
dations are particularly useful when creating forecasts for hierar-
chically organized data, for which models are designed to address
managerial requests associated with a single or multiple levels of
the firm's hierarchies. Providing data to support decisions involving
multiple levels of a hierarchy typically requires consolidating hi-
erarchical estimates, such as products' demand forecasts.

To ensure the reliability of their consolidated multilevel fore-
casts, statisticians assess the accuracy of various aggregation al-
ternatives, because selecting an optimal consolidation method
could significantly improve the accuracy of the overall forecast. The
concept of aggregation bias was introduced by Theil (1954). Since
then, researchers have examined the performance of various

aggregation mechanisms. No consensus appears to have been
reached as to which one is optimal. Some authors argue in favor of
the top-down method (Fogarty et al., 1990; Grunfeld and Griliches,
1960; Narasimhan et al., 1995), while others support the use of the
bottom-up approach (Dangerfield and Morris, 1992; Schwarzkopf
et al., 1988). The inconsistent findings lead to the conjecture that
there exists some population of data sets for which top-down ag-
gregation is optimal, and a second population of data sets for which
bottom-up aggregation is optimal. Ideally, we would like to find a
way to describe and separate those two populations of data sets,
and to provide a theoretical justification as to why the data in each
population is best modeled using the particular aggregation tech-
nique. Within the academic community, the search for such de-
scriptors and separators of the two populations has led to the
examination of the association between bottom-level series cor-
relations and optimal forecast aggregations.

Schwarzkopf et al. (1988), limiting their discussion to two
products, note that estimation precision is a function of product
correlation. Estimates based on aggregated data may have a smaller
variance than those based on individual forecasts when the items
are independent, but they may have greater variance when the
items have a strong positive correlation, as well as a much smaller
variance if the items have a strong negative correlation. They* Corresponding author.
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suggest that negative correlation benefits top-down approaches;
Duncan et al. (2001) claim that positive correlation benefits top-
down approaches. Chen and Boylan (2009) resolve that contra-
diction by noting that negative correlation only reduces variability
if the data series involved follow the same model.

Correlation, though, is a bivariate measure. When a group of
n � 3 products is to be forecasted, and the correlation matrix for
those products contains both positive and negative entries, it is
more challenging to quantify the impact of those correlations on
the optimal aggregation technique. When there are three or more
products, Chen and Boylan consider the positive and the negative
correlations separately, and use the ratio of the sums of the positive
and negative correlation coefficients as a predictor.

In a simulation study,Widiarta et al. (2007) show that, when the
lag-1 autocorrelation of the demand for at least one of the items in
the bottom level is greater than one third, the bottom-upmethod is
consistently better, regardless of the item's proportion in the
family, and regardless of the coefficient of correlation between the
error terms of the two item demand processes. They also state that
there is no significant difference between the aggregation strate-
gies if the lag-1 autocorrelation of the two item demands have a
coefficient of serial correlation less than or equal to one third. In a
more recent article, Widiarta and Viswanathan (2008) observe that
“regardless of the coefficient of correlation between item demands,
the items' proportion in the family and the coefficient of serial
correlation term” there is no significant difference between the
bottom-up and top-down forecast strategies when the examined
time series follow an MA(1) process.

Kremer et al. (2015) argue that, from a judgmental forecasting
perspective, the correlation structure of the lower hierarchical level
determines, to a great extent, the forecast aggregation mechanism
for a hierarchically organized time series. The authors conclude that
bottom-up forecasting performs better for hierarchical datasets
with lower level items with similar responses to long- and short-
term shocks. They also state that top-down forecasting is prefer-
able when a data set's lower level products are substitutes for each
other either in the long or in the short run.

Our contention is that correlations can be used to create a rule-
based model to select the most appropriate aggregation approach.
Using correlations for such a model is attractive, because they do
not make any assumptions about the structure of the data, and
determine a recommendation based only on the characteristics of
the data themselves. To the best of our knowledge, nomodel of that
type has appeared in the literature to date.

We propose a time-efficient alternative to the exhaustive ag-
gregation selection mechanism. Our objective is to develop a reli-
able and easy-to-implement prediction model, which provides
quick and accurate results when consolidating multilevel forecasts.

Similar to Loh and Vanichsetakul (1988) and Lopez-Chau et al.
(2013), our prediction model has an oblique decision tree struc-
ture (Murthy et al., 1994), and uses Fisher's linear discriminant to
find optimal splits at each node of the tree. We consider, in our
model, four forecast aggregation methods, one bottom-up and
three that are variations on top-down. Because of that, our model
has two levels. At the first level, we use a discriminant function to
classify a dataset as bottom-up or top-down. At the second level, a
different discriminant function separates data sets that are pre-
dicted to be top-down into the three top-down aggregation groups
considered.

We contribute to the forecasting literature in the following
ways. First, we establish a direct relationship between the optimal
aggregation mechanism and the correlation metrics at the lowest
hierarchical level, based on the analysis of a large, real-world
database. Second, using those correlation metrics, we develop an
analytical model to choose an expected optimal forecast

consolidation strategy for each dataset. We show, empirically, the
gain from using our adaptive procedure, as opposed to using the
same strategy for all datasets.

The remainder of the paper is organized as follows. We discuss
the procedure and data used to obtain the model building dataset
in x2.We describe the optimal aggregation predictionmodel and its
performance in x3 and 4. Concluding remarks and future research
are addressed in x5.

2. Modeling methodology

In an effort to avoid restrictive assumptions, which may hinder
our model's generalizability, we use an empirical, rather than a
theoretical approach (Schwarzkopf et al., 1988; Widiarta et al.,
2007; Widiarta and Viswanathan, 2008). Our model is induced
from a real-world data, rather than from a simulated database
(Chen and Boylan, 2009), because we believe that a sufficiently
complex real dataset is more appropriate than would be randomly
generated samples from a population that may not closely
resemble real-life data. Our training and test data sets consist of a
range of different products from two item groups. They were pro-
vided by a major U.S.-based food production and distribution
corporation.

Our first steps were to (1) select the candidate aggregation
techniques, (2) select the forecasting methods to be used with
those aggregation techniques, (3) define the forecast horizon to be
used, (4) decide how to measure forecast accuracy, and (5) propose
a way to determine the better approach for each of the datasets
available. We then (6) examine the results of our choices on the
number of datasets used for modeling.

2.1. Selecting the candidate aggregation techniques

We considered four aggregation approaches: bottom-up (bu),
picked due to its ability to capture time series dynamics at the
lowest database level, and three top-down methods, which do not
face the bu challenge of modeling noisy bottom level data
(Grunfeld and Griliches, 1960). Two of the top-down approaches,
top-down using average historical proportions (tdgsa) and top-
down using the proportions of historical averages (tdgsf), are
among the most common top-down methods, which allocate
forecasts based on the historical proportions of the model building
data. We chose them because they are among the most promising
disaggregation approaches out of the twenty-one schemas in Gross
and Sohl (1990). The third approach, top-down using forecasted
proportions (tdfp), was chosen because of its noteworthy perfor-
mance in Athanasopoulos et al. (2009).

A different top-down approach, which we do not include in our
empirical analysis, is the optimal reconciliation method of Hyndman
et al. (2011). The authors first generate independent forecasts for all
nodes. Those forecasts may not sum to the desired quantity. A
reconciliation step is used to adjust the independent forecasts, in
order to produce values that are consistent with the hierarchical
structure. The revised forecast at each node is aweighted average of
the forecasts from all nodes. They obtain the weights for reconcil-
iation from a linear regression of the independent forecasts from all
nodes against a set of indicator variables that identify which of the
bottom-level series contribute to each node. The weights are
“optimal” in the sense that the mean squared reconciliation error,
computed using the differences between the reconciled and inde-
pendent forecasts, is as small as possible. Theweights in the optimal
reconciliation method depend only on the hierarchical structure and
not on the values of the observed data. Thus, the reconciliation
weights only need to be calculated once for each hierarchy
(Hyndman and Athanasopoulos, 2014).
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