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Abstract. Stabilometry is a branch of medicine responsible for the study of bal-

ance and postural control in human beings. To do this, it uses devices known as 

posturographs, which collect data related to people’s balance. In this paper we 

propose the use of data mining techniques in order to build predictive models 

based on a number of variables related to the balance of the analysed subjects. 

The resulting models can be applied as classification tools for sports talent 

mapping by determining the sport or sporting discipline best suited to young 

sportspeople depending on balance, as balance plays a key role in many sports 

activities. According to the results for data on 15 professional basketball play-

ers and 18 ice-skaters, the predictive power is 90.91% in the best case (Unilat-

eral Stance Test – Left Leg). This suggests that there is a close relationship be-

tween balance and the sport practised by professional sportspeople in our ex-

periments. 

Keywords: Stabilometry, Data Mining, Classification, Reference model, Sports Talent 

mapping. 

1   Introduction 

Stabilometry or posturography is a branch of medicine concerned with studying 

people’s postural control [1, 2]. Patients take a series of tests in order to measure 

postural control [3]. Testing is based on the use of dynamometric platforms, called 

posturographs.  

Stabilometric platforms record a huge amount of interesting data related to people’s 

balance and postural control. Knowledge discovered from stabilometric data has led to 

quite a few advances in the field of medicine. However, these data are not straightfor-

ward to analyse, and specialized data analysis techniques have to be used. Data mining 

plays a key role in this respect [4]. 



In this paper, we describe how we applied data mining techniques in order to build 

classification models based on historical stabilometric data collected from different 

individuals. In particular, we applied decision trees and logistic regression in order to 

generate these models. 

The analysed data include balance-related information (constituting the independent 

variables of our study) and other characteristics (each separately considered as a de-

pendent variable in the conducted experiments). These characteristics include age, 

height and gender, as well as information related to the sports played by the respective 

individual. The resulting models explain these characteristics in terms of patient bal-

ance, as well as acting as a tool for recommending sports or sporting disciplines for 

young sports talents. 

2   Background 

Stabilometry was originally conceived merely as a technique for assessing patient 

postural control and balance. However, it is now considered to be a useful tool for 

diagnosing [5, 6] and treating [7] balance-related disorders. Some examples of its use 

are described in [8-13]. 

Throughout this research we used a modern posturography device called Balance 

Master from NeuroCom® Internacional [14]. Previous research has shown it to be 

very precise and reliable for analysing postural control [15, 16]. Balance Master con-

sists of a metal platform, which is divided into two lengthwise interconnected plates 

and placed on the floor. The patient has to stand on the metal platform to perform a 

number of tests. 

There are different types of tests. The patient has to perform the tests in a set order 

following the physician’s instructions. Each test is designed to measure a different 

component of patient balance. Additionally, each test is divided into test subtypes, 

which include slight variations on the test. 

As it is of special interest to the experts of this domain, we focused on the US (Unilat-

eral Stance) test. The aim of this test is to measure sway in patients standing on one 

foot with eyes open and with eyes closed.  

This test lasts 10 seconds, during which the patient has to stand as steadily as possible 

on only one leg on the platform. Patients have to perform each of the four test sub-

types to complete the test: a) Stand on left leg with eyes open; b) Stand on left leg with 

eyes closed; c) Stand on right leg with eyes open; and d) Stand on right leg with eyes 

closed. 

From the expert’s point of viewpoint, the most important aspect of this test is the anal-

ysis of losses of balance as the patient performs the test. It is especially important to 

find out the extent and direction of the loss of balance and whether the imbalance ends 

in a fall, that is, whether patients are obliged to put down the foot that they are not 

standing on, which should be raised at all times. 

As stabilometry is a relatively modern discipline, there is not much background on the 

application of data mining techniques to stabilometric data. Beyond the two proposals 

described in [18, 19] (where the authors apply data mining techniques to detect motor 



fluctuations in Parkinson's disease and to analyse postural instability and consequent 

falls and hip fractures associated with the use of hypnotics in the elderly), we have not 

found any research in the literature specific to the application of data mining in the 

stabilometric domain, except for the investigation that we have conducted over the last 

few years in this domain [20-25]. This is the first paper in which we conduct research 

in order to use data mining as a tool for gaining a better understanding of the stabilo-

metric domain. 

3   Data and methods used 

For this research we used stabilometric data from a total of 56 individuals. Of 56 sub-

jects under analysis, 15 are professional basketball players, 18 are elite ice skaters and 

the other 23 are members of a control group of healthy people of different gender who 

are not professional sportspeople. 

The studies focused on the US test. US is one of the tests that provides more interest-

ing information about balance. The test was confined to studying both the Left and 

Right subtypes with eyes closed. Eyes open subtypes provided hardly any information 

of interest because the data in the different classes were almost constant. 

The stabilometric data under analysis were acquired using the Balance Master static 

posturograph manufactured by Neurocom (Figure 1). This posturograph is composed 

of four sensors. Each sensor records the pressure of the patient’s feet at regular 10-

millisecond intervals throughout the test. These data generate time series. 

 

 

Figure 1. Patient performing a test on a stabilometric platform. 

This device generates time series that are hard to interpret, for which reason they were 

pre-processed by the times series knowledge discovery framework that we proposed 

elsewhere [20, 21, 22]. This framework was applied to acquire the raw data for analy-

sis. These data include indicators related to subject balance, such as sway velocity, 

number of recorded imbalances, number of recorded falls, sum of the lengths of the 

recorded falls and maximum intensity of the recorded fall measurements. These are all 

the attributes generated by the above framework. We used all these attributes as inde-

pendent variables in the later experiments. 

The above indicators are measured by a framework that we implemented ad hoc for 

the stabilometry domain [22-25]. The patient time series constitute the framework 



input. The framework uses specialized time series analysis techniques to identify and 

characterize the time series events using a special-purpose event identification lan-

guage [20]. Note that traditional techniques like Fourier transforms or wavelets are not 

applicable as they analyse times series as a whole, whereas experts in stabilometric 

time series focus exclusively on certain regions of interest in the time series that have 

particular features. These regions are the events based on which the balance indicators 

used in this paper are calculated (mean values of the different events). Figure 2a 

shows a snippet of a stabilometric time series, and Figure 2b illustrates an example of 

a fall event in the US test. 

 

 

Figure 2a. Snippet of a 

stabilometric time series. 

Figure 2b. Example of an identified and characterized fall 

event. 

For each test, information is stored about patient age, height, sport (BASKETBALL, 

SKATING or CG, control group) and gender. Each attribute will be the dependent 

variable in one of the experiments run.  

A series of data pre-processing tasks were performed on the original data [17]: T1. 

Age attribute discretization (transforming a quantitative attribute into an ordinal quali-

tative attribute) and numeration (associating a numerical value with each of the quali-

tative values taken by the original variable): 0 if Age > 20 and 1 if Age  20; T2. 

Height attribute discretization and numeration: 0 if Height > 170 and 1 if Height  

170; T3. Sport attribute numeration: 0 Basketball, 1 Skating. The control group indi-

viduals are omitted for this attribute; T4. Gender attribute numeration: 0 Male, 1 Fe-

male; T5. Sportsperson attributization (creating a new attribute from the values of 

other existing attribute(s)): 0 Sportsperson, 1 not Sportsperson; T6. Skater attributiza-

tion: 1 Skater, 0 not Skater. Basketball players were omitted for this attribute, as the 

aim is to distinguish skaters from the control group; T7. Basketball Player attributiza-

tion: 1 Basketball Player, 0 not Basketball player. Skaters were omitted for this attrib-

ute, as the aim is to distinguish basketball players from the control group. Finally, we 

divided the data into two subsets of records, one for each of the considered subtypes 

(Left and Right). 

In this research we have employed decision trees and logistic regression techniques. 

Decision trees are tree-shaped structures that are used as predictive models in many 

different areas [26]. To do this, the value of the known attributes of the object is used 

to move down through the tree (each tree node contains a condition on known attrib-

ute values which determines the branch to be taken) to a leaf node. The algorithm that 



we have used in this research is CART [27]. Logistic regression is a technique used in 

data mining to predict the unknown value of a categorical, particularly a binary (two-

valued), variable based on the known values of other numerical variables [28]. 

The Age and Height attributes were discretized following the instructions of do-

main experiments in stabilometry. Experiments without attribute discretization will be 

conducted as part of future research in order to check whether there is any difference 

in the results. 

4. Data analysis and results 

We have five independent variables for the experiments: Sway_Vel, Falls, Imbalanc-

es, Fall_Length and Max_Fall_Int. The dataset also includes another seven variables 

that will be used as dependent variables in as many experiments. Also, each of these 

seven experiments will be conducted twice (once for each of the two Left and Right 

test subtypes). Therefore a total of 14 experiments, denoted Exp1-Exp14, will be 

conducted. 

Table 1 summarizes these experiments, specifying the respective subtype covered 

(Left or Right), dependent variable, and number of samples of each of the classes 

established by the dependent variable in percentage terms. With regard to the topic 

addressed in this paper, the experiments considering the status of sportsperson or the 

practised sporting discipline (Exp 7- Exp 14) are of most interest. 

Table 1. Summary of the experiments 

   Instances for each class 

Experiment Subtype Dependent variable 0 (%) 1 (%) Total 

Exp1 Left Age 62.50 

62.50 

67.86 

67.86 

60.71 

60.71 

45.45 

45.45 

58.93 

58.93 

56.10 

56.10 

60.53 

60.53 

37.50 56 

Exp2 Right Age 37.50 56 

Exp3 Left Gender 32.14 56 

Exp4 Right Gender 32.14 56 

Exp5 Left Height 39.29 56 

Exp6 Right Height 39.29 56 

Exp7 Left Sport 54.55 33 

Exp8 Right Sport 54.55 33 

Exp9 Left Sportsperson 41.07 56 

Exp10 Right Sportsperson 41.07 56 

Exp11 Left Skater 43.90 41 

Exp12 Right Skater 43.90 41 

Exp13 Left Basketball player 39.47 38 

Exp14 Right Basketball player 39.47 38 

 

The resulting models were validated using 10-fold cross validation and the results are 

shown in Table 2. 



Table 2. Results of the experiments in terms of classification accuracy 

Experiment Decision Trees Logistic Regression 

Exp1 55.36% 58.93% 

Exp2 69.64% 69.64% 

Exp3 69.64% 80.36% 

Exp4 60.71% 64.29% 

Exp5 73.21% 85.71% 

Exp6 66.07% 75.00% 

Exp7 60.61% 90.91% 

Exp8 81.82% 84.85% 

Exp9 60.71% 48.21% 

Exp10 39.29% 55.36% 

Exp11 56.10% 65.85% 

Exp12 56.10% 63.41% 

Exp13 63.16% 76.32% 

Exp14 47.37% 71.05% 

MEAN 61.41% 70.71% 

5. Discussion of Results 

Looking at the results we find that logistic regression yields better results in 12 out of 

the 14 conducted experiments (Exp1, Exp3-8 and Exp10-14), the CART algorithm is 

better in one (Exp9) and the results of both techniques are similar in one (Exp2). Gen-

erally speaking, logistic regression therefore provides better results, outperforming 

CART by on average 9.3% in terms of accuracy. 

On the other hand, looking at logistic regression, we find that the Left subtype yields 

better results in five out of the seven cases (Gender, Height, Sport, Skater and Basket-

ball player attributes), whereas the Right subtype is better in two out of the seven 

cases (Age and Sportsperson attributes). This result is probably due to the fact that 

most of the analysed basketball players are right handed (11 vs. 4), whereas the skater 

population is less skewed (8 right-handed vs. 10 left-handed skaters).  

Considering the global results, the variables that appear to be most related to balance 

are Height and Sport. This suggests, for example, that balance is related to the sport 

played. However, the poor results for the Sportsperson variable suggest that there 

appears to be no relationship between a person being or not being a professional 

sportsperson and their degree of balance. 

The models output in Experiments 7 and 8 (Sport variable) could be said to be espe-

cially applicable for mapping out the career of young sports talents. These models 

could be used to propose, depending on balance, a sports discipline at an early age for 

talented young sportspeople enrolling in high-performance training programmes de-

signed to forge future sports talents. However, the results suggest that height affects 

balance characteristics, which is an issue that is worth analysing. In this respect, note 

that the mean height of the samples is 200.3 centimetres for basketball players and 



162.3 centimetres for skaters. This is a big difference, and it could be behind the good 

classification results in Experiments 7 and 8. Therefore, further experiments should be 

run considering other sports in which there is not such a pronounced mean height 

difference between the sportspeople from the two groups.  

With regard to the above, other authors have published research on talent detection 

and development in sport [29, 30]. Our research, however, focuses on more practical 

issues related to talent management. Several lines of research have been opened in this 

respect [31]. Vaeyens et al. claim that traditional cross-sectional talent identification 

models are likely to exclude many, especially late maturing, promising children from 

development programmes due to the dynamic and multidimensional nature of sport 

talent [31]. Other practical research has focused above all on the soccer field [32, 33]. 

Other research has addressed other sports like water-polo [34]. 

Considering its relationship to the work presented here, we should mention research 

by Mohammed et al., studying which specific morphological and performance 

measures describe differences between elite and non-elite young handball players 

[35]. They found that elite players were heavier and had greater muscle circumfer-

ences that their non-elite peers. Elite players scored significantly better on strength, 

speed and agility, and cardiorespiratory endurance, but not on balance. 

In this respect, this paper appears to fit in with our results in the sense that balance 

does not appear to differ substantially when comparing elite and non-elite sportspeo-

ple (Experiments 9 and 10). According to our results, however, balance is applicable 

in the field of talent management, as it is related to the practised sporting discipline 

(Experiments 7 and 8). These results are applicable for matching sports talents to the 

most suited discipline depending on their balance control. 

In this regard, the research presented here is, to the best of our knowledge, the first to 

address the topic of talent mapping and is one of very few to date that has established 

balance as the discriminating factor. As far as we are aware, it is also the first paper to 

use data mining techniques (classification in this case) for sports talent management 

based on balance indicators. 

6. Conclusions and Future Work 

The stabilometric data acquired after examining a particular person can provide an 

enormous amount of information concerning their balance and postural control. In this 

article, we described the experiments conducted based on the stabilometric data of a 

series of individuals, some of whom were elite sportspeople whereas others were 

members of a control group. 

The results of our experiments can be used to discover interesting knowledge about 

existing relationships between people’s balance and other characteristics. A prominent 

finding of this research is the close relationship between people’s balance and the 

sport that sportspeople play. This is applicable in practice, where the models can be 

applied in order to determine the best sport or sports discipline for each subject de-

pending on their balance. This is very useful for state programmes for capturing young 

sports talents. Interestingly, the experiments did not reveal any significant relationship 



between balance and the fact that a person does or does not practise sport profession-

ally. Some possible future research lines are: 

- Considering that the experiments were conducted on a very small sample of 

sportspeople and significance is limited, it would be worth broadening the 

sample in order to conduct a richer and more comprehensive analysis. 

- Another future line of work is to consider other stabilometric tests to check 

whether they confirm the results of the US test. It would also be interesting to 

add other dependent variables to the analysis, such as right- or left-handedness. 

- In view of the results, it would also be worthwhile gathering stabilometric data 

on elite professional sportspeople who play other sports apart from basketball 

and skating. It would be very useful to consider sports that are more alike (for 

example, compare basketball players with handball or volleyball players). 

Classification accuracy can be expected to drop in this case, although further 

experiments should be run in order to confirm that there is a drop and by how 

much. 

- It would be a good idea to use other techniques in order to analyse the correla-

tions between the analysed data: clustering, plots, SVMs. 

- Although not a central issue to this paper, there appears, according to the ex-

periments, to be a close relationship between balance and gender. One line of 

research would be to study this relationship and check whether it holds for oth-

er datasets, tests, sports, etc. Also it would be interesting to further analyse the 

relationship between balance and age or height because postural control varies 

with age or is dependent on height. 

- Again it would be worth analysing the causality between balance and sports 

discipline in order to confirm whether balance determines the sport for which a 

player is best suited or balance is the result of training for each sport. In this 

paper, elite skaters clearly had much better balance. 
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