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Abstract. Although artificial neural networks (ANN) promise 
superior performance in forecasting theory, they are not yet an 
established method in business practice. The vast degrees of 
freedom to parameterize ANNs have lead to countless heuristic 
approaches to simplify modeling, training, network selection 
and evaluation implemented with varying success. 
Consequently, a systematic evaluation is required in order to 
identify successful heuristics and derive sound guidelines to 
ANN modeling from publications. As each forecasting domain 
imposes different heuristics for classification or point prediction 
on specific datasets, a literature review is conducted, identifying 
2538 publications within the domain of ANN forecasting but 
only 32 of them applicable to the domain of sales forecasting. 
The identified publications are evaluated through a framework 
regarding their validity and reliability in experiment design and 
documentation, in order to promote superior publications, 
derive recommendations for future experiments and possibly 
identify gaps in current research and practice.  

I. INTRODUCTION 

Artificial Neural networks (ANN) have achieved state-of-the-
art performance in non-linear prediction, classification and 
clustering in management science [1-3]. In forecasting, 
theoretical research on NN receives unabated interest, leading 
to successful applications of time series and explanatory 
forecasting in various problem domains including demand 
planning [4-7]. ANNs promise attractive features to business 
forecasting, being a data driven learning machine, permitting 
universal approximation [8] of arbitrary linear or nonlinear 
functions from examples without a priori assumptions on the 
model structure, often outperforming conventional statistical 
approaches of ARIMA- or exponential smoothing- methods. 
Despite their theoretical capabilities, ANN are not an 
established forecasting method in business practice. 
Scepticism on ANN persist through mathematical complexity 
and missing transparency, in addition to inconsistent research 
findings and pessimistic reports on their performance [9, 10], 
in part due to a trial-and-error modelling process [11].  

ANNs offer vast degrees of freedom in the modelling 
process, requiring a multitude of interdependent decisions on 
parameter-settings to assure valid and reliable performance. 
Since a complete enumeration of all parameter combinations 
often induces prohibitively high computation time, various 
heuristic modelling approaches, empirical guidelines, rules of 
thumb and simple tricks have been proposed, suggesting 
alternative approaches to determine the architecture, guide 
the training process and select appropriate models to  

minimize the objective function [10, 12-15], each with 
varying success. Unfortunately, no single heuristic has 
demonstrated its ability to deliver valid and reliable forecasts 
on arbitrary datasets. Consequently, the task of modelling 
ANNs for a particular prediction problem is considered as 
much an art as a science [9, 10]. In addition, each heuristic 
should be evaluated specifically within its application domain 
in order to derive robust recommendations for valid and 
reliable predictions. However, not all experiments have been 
conducted with the same scientific rigor, often questioning 
results and performance along with the heuristic proposed.  

Following, we propose an evaluation framework for 
publications on ANN in business forecasting, to allow a 
distinction between superior publications prepared with 
necessary scientific rigor in experiment design, execution and 
documentation from less objective results. The framework 
aims to evaluate the validity and reliability of a publication 
through the degree of documentation and it adherence to 
essential prerequisites to produce valid results. We focus our 
analysis on point-predictions of customer demand or sales as 
needed in all operational systems dedicated to demand 
planning, inventory management or advanced planning in 
industry, wholesale and retail. The framework is applied to 
32 publications on sales forecasting, identified from a 
systematic literature review and evaluation of 2568 papers in 
the general domain of forecasting with ANNs, in order to 
evaluate and identify publications with limited scientific rigor 
leading to suboptimal recommendations and heuristics. 

Following a description of the Literature review in section 
2, we develop our evaluation framework regarding the 
reliability and validity of each publication. Section 4 assesses 
the individual publications within the evaluation framework. 
Conclusions are given in section 5. 

II. LITERATURE REVIEW  

A variety of Literature reviews on business applications of 
ANNs have been published [10, 11, 16-18]. Following Adya 
and Collopy’s survey and evaluation [11] we conduct a 
citation analysis at the ISI web of science (review conducted 
04/2004)1. Our keyword search for neural networks in 
forecasting2 yielded 2568 publications, demonstrating an 
unabated interest an continuous increase of publications on 
theoretical developments and practical applications since 
1988 in a wide range of disciplines, including weather, 
biological processes, mathematical series and other non-
business applications. Fig.1 gives an overview by year. 
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Fig.1: ISI citation analysis on neural networks for forecasting by year 

However, significant differences exist in modelling 
suitable architectures for business forecasting for each 
domains, depending on the forecasting objective, application 
and dataset. Firstly, a variety of ANN publications focus on 
nominal predictions for classification tasks, which induce 
different modelling heuristics of little use to derive point 
predictions through the metric predictions necessary for sales 
forecasting. In addition, sales forecasting often implies noisy 
time series with only a few years of monthly or weekly 
observations, due to structural breaks from launches, 
relaunches, new product introductions, listing and delistings 
etc. as opposed to long time series with a high signal-to-noise 
ratio often found in engineering, physics or artificial time 
series. As specific heuristics have been developed for distinct 
applications, we limit our analysis to publications to the sub-
domain of sales forecasting, in order to derive robust 
recommendations for valid and reliable experiments. 

As a keyword search does not allow a valid separation of 
publications, we manually evaluated and eliminated all 
publications related to non-business and non-sales 
applications and nominal predictions or classifications, e.g. of 
marketing response rates, market shares, index prices, 
electrical load forecasting etc. and different application 
domains in order to derive homogeneous recommendations. 

We identified additional studies through a bottom-up 
follow up of citations and additional searches by author name  
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Fig.2: Distribution of Publications in the Business Forecasting Domain  

and research group identified in IEEE Xlpore, ScienceDirect, 
Citeseer, Proquest and ABI/Inform. Our search yielded a total 
of 171 publications on time series or causal point predictions 
in business forecasting, in the categories of general 
publications on point predictions including examples from 
business, sales, marketing, production and finance. In the 
domain of sales forecasting, only 32 publications focussed on 
sales forecasting of discrete products or services [6, 7, 19-48] 
instead of electrical load forecasting etc. This limited number 
of publications dedicated to the use of ANN in business 
forecasting for demand planning verifies previous studies 
[11] and explains the large attention the sparse publications 
in the field receive. For example, the International Journal of 
Forecasting ranked publications on NN as the second and 
fourth most requested papers in 2001 and 2002 [49]. 

III. EVALUATION FRAMEWORK 

Following, we propose an evaluation framework for the 
application of ANN in business forecasting based upon 
theoretical findings and empirical knowledge to allow a 
distinction between superior publications prepared with 
necessary scientific rigor in experiment design, execution and 
documentation from less objective results. In addition, we 
aim to integrate principles from the extensive experiences 
and publications on forecasting competitions in the business 
forecasting domain [50-52]  

The derived framework may serve a variety of purposes. 
Firstly, the systematic evaluation of previous publications on 
NN for sales forecasting identifies those publications with 
superior quality in order to enhance progress in ANN 
applications on their findings and to extract mutual best 
practice from the group of leading modelling approaches. 
Also, it may direct further research into the systematic re-
evaluation, confirmation and refinement of superior 
heuristics and the re-publication of prominent but biased 
studies, to prevent further reuse of suboptimal designs, e.g. 
[53-55]. In addition, it may help to identify gaps in current 
research and practice through dedicated research on common 
or neglected problems. Moreover, users of ANNs with 
limited experience could use the experiment design of those 
studies identified superior as a guideline for their individual 
modeling process, avoiding common mistakes based upon 
suboptimal and misleading publications. Finally, the 
framework may serve as a guideline for robust experimental 
designs based on “forecasting principles” for data pre-
processing, architecture selection, training and 
documentation of ANN experiments [50]. 

The framework aims to evaluate the validity and reliability 
of a publication in two dimensions: an objective degree of 
reliability through documentation and a subjective degree of 
validity based upon the application of verified empirical 
knowledge. We follow a simple, unweighted scoring model, 
giving points for reliable documentation and application of 
rules to ensure validity, to derive a classification matrix of 



reliable versus unreliable and valid versus invalid 
publications. The dimensions are described below in detail. 

A. Degree of reliability through documentation 

In order to disseminate experiences and knowledge on 
modeling ANNs for business forecasting the experiments 
must be reliable. To assure reliability, published experiments 
should allow their unbiased interpretation, reevaluation, 
reconstruction and consequently consistent results in re-
simulation through sufficient documentation. Following, we 
consider reliability to be the degree, to which independent 
experiments using the same network, datasets, parameters 
and modeling heuristics lead to consistent results limiting 
measurement or documentation errors. This necessitates a 
sufficient documentation of all free parameters and heuristics 
applied in model building, training and application.  

We developed 5 categories with 30 criteria to sufficiently 
characterize an ANN forecasting experiment  

1) Data Selection and Preprocessing  
a) Data type & origin documented 
b) Uni- (time series) or multivariate data (causal) 
c) Removal of trend and/or seasonality from data*  
d) Scaling of Data* 
e) Amount of observations used for training  
f) Amount of observations used for validation 
g) Amount of observations used for testing 

2) Network Architecture  
a) Number of input units used for all architectures 
b) Number of hidden units used for all architectures 
c) Number of output units used for all architectures 
d) Number of layers of nodes used from in- to output 
e) Transfer function used in hidden layers  
f) Output function used in output layer  
g) Shortcut connections (input  output layer) used* 
h) Iterative t+1 or multiple-step-ahead forecasts  
i) Architecture (in-hidden-out) of best network  

3) Network Training  
a) number of lagged & explanatory variables 
b) Number of iterations / epochs of data presentation  
c) Training method used for parameterization  
d) Objective / error function used for minimization  
e) (Early) stopping criteria used in training * 
f) Number of re-initializations for successive training  
g) Size of learning rate 
h) Size of momentum term  

4) Network Architecture Selection  
a) Method used to find optimal network *  
b) Method to find the “optimum” number of input units 
c) Heuristic to determine ratio input to hidden units* 

5) Network Evaluation  
a) Training Error and/or Validation error  
b) Test error for generalization  
c) Robustness of errors through initializations 

Each criterion is attributed one point if reported and 
documented. For attributes allowing alternatives or choices, 
e.g. in preprocessing data through optional scaling or trend-
removal, criterion is marked with * and a point is accredited 
if a method was used and the name or description of the 
method used was given as well as stating that no scaling had 
taken place, with no point given if scaling was not mentioned 
at all. During evaluation, no assumptions are made; e.g., if an 
author reports using the backpropagation learning algorithm, 
we do not presume use of a logistic transfer function as 
originally proposed by [56]. In order to gain all points, the 
learning rule used and the transfer function must be reported 
separately. The maximum score achievable is 30 points for 
complete documentation of the experiments. 

B. Degree of validity through experiment design 

As a second criterion, we attempted to determine the degree 
of validity of the experimental setup and results for the field 
of business forecasting in sales or demand planning. We 
consider a publication as valid based upon its adherence to 
empirical rules firmly established in ANN modeling and 
business forecasting, such as comparison to alternative 
forecasting methods, use of hold-out data for the final 
evaluation etc. We derive 2 categories of 14 criteria, allowing 
a maximum of 14 points. 

1) Validity of Forecasting Experiment Setup 
a) Comparison of ANNs with established methods 

Relative performance between competing ANN models 
must be evaluated against standard statistical methods 
predominant in the empirical domain, such as naïve, 
exponential smoothing  or ARIMA methods [11]. 

b) Use of real time series data 
In order to evaluate the performance of heuristics in 
real world problems we need to evaluate representative 
time series. Synthetic data does not ensure equivalent 
complexities or properties as generated by real markets.  

c) Public availability of data material  
If the data is not publicly available, even if rescaled to 
adhere to privacy regulations, a verification of the 
results is impossible. Therefore, an evaluation of 
heuristics on public data may further it’s validity. 

d) Use of alternative non-quadratic error measures 
Different error measures induce different biases in 
evaluation forecasting performance. Consequently, 
various error measures should be used for evaluation, 
while quadratic error measures should be avoided.  

e) Out-of-sample evaluation of ANN performance 
Data must be split up in distinct sets for parameter-
ization and ex ante testing, requiring three datasets of 
training, validation and test data for early stopping [11]. 
Despite lack of empirical rules the training set should 
consist no less than 50% of the data [23, 57] 

f) Evaluation of multiple time origins 
Due to the variance in data, different models may be 
selected depending on the chosen time origin to split 



training, validation and test dataset. Consequently, 
performance at different time origins must be averaged. 

g) Evaluation of various forecasting horizons 
In case of a forecasting horizon requiring more than a 
t+1 forecast, the forecasting performance should be 
evaluated by an iterative t+1 forecast based upon 
previous predictions or a simultaneous multiple step 
ahead forecast t+1, t+2,…, t+n. 

2) Validity of Neural Network Experiment Setup 
a) Systematic evaluation of different ANN topologies  

Different ANN topologies instead of a single, 
arbitrarily chosen architecture should be evaluated, as 
the ANN design significantly impacts its performance. 
Evaluating and selecting the best ANN represents the 
dominant problem in ANN modeling. 

b) Scaling of data prior to ANN training 
Scaling input data towards the upper and lower bound 
of the transfer function is recommended to facilitate 
convergence in training [7, 58, 59]. 

c) Use of more than 50 observations in testing  
Even for stationary time series training and evaluation 
of the ex-post performance on less than 50 observations 
questions the statistical validity and reliability due to 
the high sampling variability from noise in real data 
series[11]. Also, the issue of overparameterization must 
be considered [23, 60] 

d) Use of multiple initializations for each ANN model 
In order to account for randomized starting weights and 
local search methods for training each ANN model 
must be initialized, trained and evaluated a couple of 
times to allow robust network selection. 

e) Convergence of ANN model 
The ANN needs to demonstrate robust minimization of 
the objective function over the training set and the 
validation set to show that it has continuously learned 
to underlying generator in the data. [11]  

f) Generalization of ANN model 
The ANN needs to demonstrate robust minimization on 
the hold-out test data in addition to convergence, to 
demonstrate lack of overfitting and its ability to 
extrapolate values outside the learned datasets [11]. 

g) Stability of ANN results  
The criterion of stability evaluates the robustness of the 
trained model through evaluation on different test 
datasets from re- or multiple sampling [11]. 

The criteria selected for the degree of validity impose certain 
subjectivity to our scoring model. However, most criteria 
represent proven or established recommendations. 

IV. APPLICATION OF THE EVALUATION 
FRAMEWORK  

We applied the evaluation framework developed above to the 
32 publications on sales forecasting using ANNs. The results 
proved disappointing. Only 6 publications (19%) achieved 

the highest score of 61-70% reliability, with half the 
publications achieving less than or exactly 50% reliability. 
On the other hand, only 1 publication (3%) achieved less than 
30% reliability, showing a large number of partially 
documented experiments. This confirms a common criticism 
in ANN modeling that most authors do not document their 
studies well enough, prohibiting a remodeling of experiments 
or successful ANN architectures in similar problems. Table 1 
gives an overview of the frequencies encountered. 

Tab. 1: Degree of reliability by class and frequency. 
Summery - Degree of documentation

Class Frequency Cumulative % Class Frequency Cumulative %
0% 0 0,00% 60% 8 25,00%

10% 0 0,00% 50% 7 46,88%
20% 1 3,13% 30% 6 65,63%
30% 6 21,88% 70% 6 84,38%
40% 4 34,38% 40% 4 96,88%
50% 7 56,25% 20% 1 100,00%
60% 8 81,25% 0% 0 100,00%
70% 6 100,00% 10% 0 100,00%
80% 0 100,00% 80% 0 100,00%
90% 0 100,00% 90% 0 100,00%

100% 0 100,00% 100% 0 100,00%
 

Analyzing the degree of validity we find similar results. 
Over 80% of all publications (84%) did not reach half of the 
potential score. Even worse, no publication achieved more 
than 60% of all points, questioning the scientific rigor applied 
in modeling ANN for sales forecasting. The results are 
displayed in Table 2. 

Tab 2: Degree of validity by class and frequency 
Summery - Degree of validity 

Class Frequency Cumulative % Class Frequency Cumulative %
0% 0 0,00% 30% 9 28,13%

10% 0 0,00% 40% 8 53,13%
20% 2 6,25% 50% 8 78,13%
30% 9 34,38% 60% 5 93,75%
40% 8 59,38% 20% 2 100,00%
50% 8 84,38% 0% 0 100,00%
60% 5 100,00% 10% 0 100,00%
70% 0 100,00% 70% 0 100,00%
80% 0 100,00% 80% 0 100,00%
90% 0 100,00% 90% 0 100,00%

100% 0 100,00% 100% 0 100,00%
 

In combining both evaluations, we derive a portfolio 
matrix to determine the overall quality of publications in 
ANN for sales forecasting, as displayed in fig. 3.   

In addition to the findings above, a correlation between 
reliable and valid publications becomes evident, identifying 
that those publications with a high degree of documentation 
also took common recommendations and best practices in 
modeling into account. Consequently, the best publications 
[19, 61, 62] may be preferred as an introduction for sales 
forecasting problems and to derive modeling 
recommendations. 

Some of our findings seem particularly worth mentioning. 
The percentages given refer only to the number of 
publications who did report the criteria in question. Most 
publications focus on standard network architectures: 28  
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Fig.3: Portfolio Analysis of the evaluation framework 

authors (100%) used at least one three-layered multilayer 
perceptron in one of their experiments, with 21 publications 
(84%) applying the standard backpropagation learning rule 
and 29 authors (94%) using only 1 output unit and one-step-
ahead forecasts. In internal processing, 14 authors (93%) 
preferred the sigmoid transfer function in hidden nodes with 
50% of the authors using the sigmoid function as an output 
function, 42% using the linear function and 8% applying the 
hyperbolic tangent. Interestingly, although 24 authors (96%) 
constructed and compared more than one ANN topology, 
only 13 (41%) reported their best network topology, 
questioning the relevance of the published results for others. 

In 26 publications (81%) the ANN results were compared 
to other forecasting methods, such as ARIMA and regression 
models, as a benchmark, with ANNs outperforming the other 
methods in 24 publications (92%). However, dominance of 
ANNs over conventional methods may not be derived from 
this, especially as two of the three best studies in reliability 
and validity show only mixed results.  

Considering preprocessing of data, only 15 (47%) of the 
publications reported scaled data, with only 3 publications 
(30%) removing trend and seasonality, 6 (60%) removing 
trend and/or seasonality for some experiments and 1 (10%) 
stating that trend and seasonality were not removed on 
purpose. 13 authors (40%) reported that the data used is 
publicly available. Most surprisingly, only 4 publications 
(13%) reported the essential splitting of data into training, 
validation and test set for their experiments, significantly 
questioning their validity. 

Most authors evaluated their predictions by only one error 
measure, with no error measure dominating for the ex-post 
evaluation. The mean-squared error, mean square percentage 
error, rooted mean square error, mean absolute error, mean 
absolute percentage error and other error measures were 
used, despite obvious shortcomings of using only one error 
measure, and especially squared error measures, despite a 
substantial discussion in the business forecasting domain. 

Most disappointingly, no publication reported the ANNs 
ability to generalize and only 2 (6%) reported that their 
results were stable without documenting to what extent. 

While it is not surprising, that most ANN research 
originating in the disciplines of Physics, Engineering and 
biological Neuroscience are unaware of basic principles in 
Business Forecasting [50], leading to invalid publications, 
most publications in the domain of sales forecasting itself 
seem to omit research findings from the application domain. 

V. CONCLUSION 

We developed an evaluation framework to judge the 
overall quality of publications in the field of business 
forecasting with an evaluation in the domain of sales 
forecasting for demand planning. Our analysis demonstrates 
that most publications lack the necessary degree of 
documentation as well as scientific rigor to allow valid and 
reliable analysis of competing ANN architectures, learning 
schemes and heuristics. The majority of the relevant 
publications do not allow a re-simulation from the published 
experiment design, questioning their findings. In addition, 
most publications show a lack of validity, not following 
necessary policies when modeling and implementing ANNs. 

Combining the findings of reliability and validity, a 
correlation of the degree of rigor used in documentation with 
the degree of validity becomes evident, hinting that some 
authors follow scientific approach to publishing ANN 
experiments while others endanger the progress in research 
and application of ANNs for forecasting through suboptimal 
experiments. 

For future publications, we recommend an increased 
emphasis on documenting models, modeling process, 
experiment design and results as well as taking common 
knowledge from the domain of ANN modeling and business 
forecasting into consideration. We hope that our framework 
may contribute as a guide to future experiment designs, 
disseminate knowledge between the domains and to pinpoint 
publications with high validity and reliability for future 
applications and research.  
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1  The ISI web of science includes 25 million citations from the Science 
Citation Index Expanded, Social Sciences Citation Index and Arts & 
Humanities Citation Index from 1980-2003, excluding limited 
publications from 2004. As no relevant publications are expected prior 
to the 1986 development of the MLP  and the following surge in 
research interest the ISI-WoS coverage seems representative. 

2  The search term was [title=(neural AND net* AND (forecast* OR 
predict*  OR time-ser* OR time w/2 ser* OR timeser*))] The relevant 
wildcard were considered.  


