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Abstract. Mathematical models obtained using the Group Method of Data Handling (GMDH) are supposed to 
provide a reasonable trade-off between model simplicity and accuracy.  In terms of GMDH approach such a model is 
called the optimally-complex. One of key factors that influence optimal complexity detection is selection of appropriate 
model validation technique. In our experiments we applied different validation strategies such as data split into training 
and testing, whole data testing, k-fold cross-validation and leave-one-out cross-validation for a number of example 
datasets. In our experiments we observed that for different modeling problems the best holdout accuracy is achieved by 
different validation strategies. This result argues about necessity to consider all validation strategies while solving any 
particular modeling problem but also allows us to give some recommendations about the validation strategy selection 
after taking into account the modeling problem type. 
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1 Introduction 
 
In the modern theory of predictive modeling it is well known that the optimal model should provide a trade-off between 
simplicity and accuracy.  In terms of GMDH approach [1] such a model is called the optimally-complex. It is supposed 
that the optimally-complex model can be obtained in a result of generation of candidate models and their validation 
using the testing data subset.  

Since the validation stage is so important we tried to investigate application of different validation strategies such as 
data split into training and testing, whole data testing, k-fold cross-validation and leave-one-out cross-validation. In our 
experiments we observed that for different modeling problems the best holdout accuracy is achieved by different 
validation strategies. This result argues about necessity to consider all validation strategies while solving any particular 
modeling problem but also allows us to give some recommendations about the validation strategy selection after taking 
into account the modeling problem type. 

Experiments were performed for Combinatorial (COMBI) [2] and Multilayered Iterative (MIA) GMDH algorithms 
[1], implemented in the software called GMDH Shell [3]. Example data-sets used for the experimentation belong to the 
classification, regression and time series forecasting problems and are publicly available around the Internet [3]. 

 
2 Combinatorial GMDH models 

 

Combinatorial GMDH model is a polynomial function that is linear in the parameters. Combinatorial model is a subset 
of terms of a polynomial function generated from a given set of variables. For example, if we model a data-set of two 
input variables x1 and x2 and an output (target) variable y , then quadratic polynomial function will be  

y= a0�a1 x1�a2 x2�a3 x1 x2�a4 x1
2�a5 x2
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 The power of polynomial function is defined by user and also can be a linear combination, i.e. power equals to one. 
Combinatorial GMDH selects an optimally-complex model, for example, y= a0�a3 x1 x2 as a subset of terms of 
complete polynomial with smallest model error at testing data.  

 Data pre-processing stage allows us to embed different operators to variables x1 and x2 , for example, exponent, 
sigmoid function, time series lags, and so on. But, the final model will be still linear in the parameters.  

 Full combinatorial search of model components frequently takes too much time, so we can limit it to a search of 
models with not more than n terms. Models with only 2 terms, for example, allow search among 100'000 variables and  
larger sets. In the same time the full search complexity is practically reasonable for model spaces with not more than 30 
polynomial or linear terms.  

 Combinatorial GMDH in general is a time consuming algorithm. Its application practically is most powerful with 
linear models. We usually apply Combinatorial GMDH for time series forecasting of multivariate or uni-variate series 
transformed into sets of lags.  

 

3 Multilayered Iterative GMDH models 
 

Multilayred Iterative algorithm places Combinatorial GMDH into multilayer environment. The algorithm iteratively 
creates layers of neurons with two or more inputs. Every new layer is created from two or more neurons taken from 
previous layers. Every neuron in the network has a transfer function of polynomial type that is optimized by 
Combinatorial GMDH for prediction of target variable. Most common settings for GMDH-type neural network is two-
input neurons and quadratic transfer function.  

 From every layer the algorithm returns only a limited number of neurons defined by user, in terms of genetic 
algorithms it is a population. But in contrast to genetic algorithms every new layer can connect to previous layers. In 
order to prevent combinatorial explosion at every new layer we generate only half of the neurons generated at previous 
layer, i.e. the number of neurons N at layer k is N k= 0.5 N k−1 . 

 Generation of new layers is usually stopped when a new layer can't show better testing prediction than previous 
layer. However, we also stop generation of new layers if testing error was reduced by less than 1% or if the number of 
layers has reached certain limit that a user can set manually.  

 The number of unique weights of the network (or model complexity) can be quite large. If for any reason it is 
comparable with the number of data rows it can be reasonable to manually limit the number of network layers. 

 

4 Validation strategies 
 
Sorting out of models performed in GMDH algorithm requires us to define some validation approach (or validation 
strategy). Proper selection of validation approach is highly important for optimal complexity detection and different 
approaches result in different forecasting accuracy. 

We applied  the following well known validation strategies: 

1. Training/testing. Splits dataset into two parts, uses training part to find model coefficients and uses testing part 
to compare all generated models. 

2. Whole data testing. Splits dataset, trains model using the training part, but uses both parts for testing. 

3. k-fold cross-validation. Splits dataset onto k parts, trains a model k times using k-1 parts, each time measuring 
model performance using the remaining part. Finally residuals obtained from all testing parts are summarized 
in order to compare the model to other competing models. 

4. Leave-one-out cross-validation. It is a k-fold cross-validation with the number of folds equal to the number of 
instances in the dataset. 

Splitting proportion in the first two strategies or the number of cross-validation folds as well as validation criterion itself 
are parameters of the simulation and should be selected by researcher empirically. Uncertainty of this process motivates 
us to test validation strategies using well known example datasets that represent classification, regression and time 
series forecasting problems.      
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5 Considered datasets 
 

5.1 Airline passengers (Time series) 
 

Airline passengers is an example of time series forecasting problem. Original source of the data is a book by Box and 
Jenkins (1976): Times Series Analysis: Forecasting and Control, p. 531. The dataset consists of 144 monthly totals of 
airline passengers from January 1949 to December 1960.  

Our task is to generate one-year-ahead forecast for 12 latest observations as if we don't know them. So, we hold-out 
12 latest values of output variable and create a model using the rest of data. 

 

5.2 TOP500 supercomputers (Time series 2) 
 

TOP500 supercomputers is an example of time series forecasting problem. Data source is The Top500 List of 
Supercomputer Sites released semiannually by www.top500.org. Every list contains information about different 
parameters of modern supercomputers including rank of a computer system, theoretical and measured computational 
power, the number of processing cores, manufacturer information, component types and models, operating system, etc. 
Example data is a historical list of entry level supercomputers from Jun 1993 to Nov 2008.  

Our task is to predict the entry-level supercomputer performance for the next Top500 release (Jun 2009). Since the 
Jun 2009 is in the past, we know that the entry-level performance was 17088 Gflop/s. 

 

5.3 Iris flower (Classification) 
 

Iris flower is an example of multi-class classification problem. Data source is a classical dataset introduced by Ronald 
Fisher (1936) as an example of discriminant analysis.  

The dataset consists of 150 instances and 5 variables. It was modified so that the last 30 instances are equally 
represented by 3 Iris flower species.  

Our task is to predict species of last 30 observations as if we don't know them. So, we hold-out the last 30 instances: 
Virginica #121-130, Setosa #131-140 and Versicolor #141-150. 

 

5.4 Synthetic dataset (Regression) 
 

This is an example of regression problem. Three variables were randomly generated in a spreadsheet and coupled with 
output of polynomial function y= 100 x1� x1 x2− x2

2
that uses only two variables. All columns of the obtained 

dataset were noised by up to 10% (uniformly distributed random error between -10 and 10%).  

The task is to predict the last ten values of y as if we don't know them. In our example, the actual values of y  
change dynamically since the example is based on RAND() function of the spreadsheet (MS Excel, OpenOffice Calc). 

 

6 Experimentation 
 

The datasets considered in subsections 5.1 – 5.4 are available as built-in examples in the GMDH Shell package. We 
repeated the built-in example simulations with four different validation strategies and two GMDH algorithms. We also 
tried thee different data splitting parameters for all validation strategies except the leave-one-out cross-validation. This 
resulted in 80 simulations for which we measured Mean Absolute Error (MAE) calculated using only the hold-out part 
of data. We normalized MAE by the range of values in corresponding dataset and multiplied by 100 so, we obtained 
normalized percentage MAE as the accuracy measure: 

   NMAE= MAE�100 /�ymax− ymin� 
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Results of our simulations are given in the Tab.1. Since the datasets belong to different problem classes 
(classification, regression and time series) and modeling experiments use different algorithm settings and pre-
processing we can only judge about the best validation strategy for every particular column in Tab.1.  In each column 
we marked the best accuracy using bold font. 

Tab.1. Mean absolute error normalized by data range calculated for the hold-out 
part of several datasets. Various training strategies and two learning algorithms 

are represented. Other simulation parameters may differ between  columns.  

Time series Classification Regression Time series 2
COMBI MIA COMBI MIA COMBI MIA COMBI MIA

 Training 50 / Testing 50 7.02 10.46 7.76 6.56 1.98 4.47 4.59 130.3
 Training 60 / Testing 40 4.51 6.97 7.17 7.06 1.97 1.76 12.41 76.72
 Training 70 / Testing 30 7.1 5.98 6.37 6.75 2.05 3.53 11.38 16.09
Whole data testing 50/50 2.97 30.6 7.75 6.74 1.98 4.47 4.59 706.7
Whole data testing 60/40 2.65 12.53 7.65 7.07 1.97 1.76 11.77 317
Whole data testing 70/30 3.07 12.53 6.37 6.41 2.05 2.05 3.46 6203
2‐fold validation 3.05 19.36 6.49 6.06 2.52 2.52 2.58 90.13
3‐fold validation 4.13 35.35 8.37 6.3 2.52 2.52 3.64 4568
10‐fold validation 4.47 451 5.47 4.37 2.52 1.94 5.4 105.5
Leave‐one‐out CV 9.33 5.76 6.6 9.48 2.52 1.94 5.4 343.8

 

It appeared that all four validation strategies achieved the best forecasting accuracy results in at least one problem 
type or algorithm type.  This proves usefulness of diversity of modern validation theory and requires us to select the 
validation strategy carefully in every particular case.     

It is notable that leave-one-out cross-validation set only one accuracy record out of 10 that is quite low performance 
while data splitting proved its effectiveness with 6 records against 4 records of the lossless (in sense of training) cross-
validation approach. In our experiments classification accuracy appeared higher with 10-fold cross-validation and two 
other problem types showed better results with training/testing split.   

 

1 Conclusion 
 
We measured forecasting accuracy of COMBI and MIA algorithms achieved with different validation strategies using 
four different datasets that belong to classification, regression and time series forecasting problems. We were focused at 
validation strategy testing, therefor we tried 10 different parameter setups of 4 validation strategy classes. All four 
validation strategies achieved highest accuracy results in at least one problem type or algorithm type. This result argues 
about necessity to consider different strategies while solving any particular modeling problem. Results of our 
experiments lead us to conclusion that there is higher probability to achieve better classification results with k-fold 
cross-validation while regression and time series problems still can achieve better accuracy with much quicker strategy 
of a single data split.     
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