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Abstract. This paper presents the work of age prediction of human beings from their skeletal indi-
cators using computational intelligence methods, such as feedforward neural networks, learning vector
quantization (LVQ) and group of adaptive models evolution (GAME). The anthropological data set we
have performed our experiments on, contains a lot of noise, which is characteristic feature of almost all
data collected by observations. Goal of this work is to get the best possible results of the age prediction
on such noisy data and to compare the results of particular methods.
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1 Introduction

The goal of our work is to model the age of human beings (in timeof death) from their skeletal indi-
cators. Each vector of input data contains description of one individual. Values of numerical attributes
were collected by observation and are dependent on observerand thus whole data set contains relatively
a lot of noise, which make the modelling and age prediction difficult. Except the numerical attributes,
describing properties of skeletal remains, there are also text attributes determining the origin of individ-
ual (continent, race).

We have performed many experiments on this data using different computational intelligence meth-
ods – feedforward neural networks, learning vector quantization (LVQ) and group of adaptive models
evolution (GAME). Next sessions contain very brief description of data and results of experiments done
with the aim of comparing individual methods’ capability tohandle such noisy data.

2 Data description

Data1 represent a set of observations the skeletal indicators studied for the proposal of the methods of age
at death assessment from the human skeleton. It is a results of the visual scoring of the morphological
changes of the features in two pelvic joint surfaces defined and described by a text accompanied with
photos. The material consists of 955 subjects from the 9 human skeletal series of subjects known age and
gender. This collections (populations) are dispersed on 4 continents (Europe, North America, Africa,
Asia). The age in the death of the individuals varies between19 and 100 years.

1Thanks to Dr. Jaroslav Bruzek from University of Bordeaux who provided us with this data set and with many valuable
comments of our results.
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Three features are scored on the pubic symphysis in the pelvis:
(A) Posterior plate (PUSA) scored in three phases (1-2-3);
(B) Anterior plate (PUSB) observed in three phases (1-2-3);
(C) Posterior lip (PUSC) scored in two phases (1-2).

Four features on the sacro-pelvic surface of the ilium ware observed:
(A) Transverse organisation (SSPIA) evaluated in two phases (1-2);
(B) Modification of the articular surface (SSPIB) scored in four phases (1-2-3-4);
(C) Modification of the apex (SSPIC) observed in two phases (1-2);
(D) Modification of the iliac tuberosity (SSPID) estimated in two phases (1-2).

Table 1 shows names and values of text attributes and table 2 names and values of numerical at-
tributes.

Tab. 1.Text attributes used for skeletal remains description.

Attribute Values
Continent Europe, Asia, Africa, North America
Population Africaner, Portugal, SOTO, Spain, Suisse, Thailand, USAB, USAW, ZULU
Sex Male, Female

Tab. 2.Numerical attributes used for skeletal remains description.

Attribute PUSA PUSB PUSC SSPIA SSPIB SSPIC SSPID Age
Values 1, 2, 3, 4 1, 2, 3 1, 2, 3 1, 2 1, 2, 3, 4 1, 2, 3, 4 1, 2, 3 1. . .100

3 Data ecoding

For processing the text attributes it was necessary to encode them into numerical form. Because of the
character of such attributes (continent and population classification, and gender) we used the 1 fromn

code, see example in table 3. After recoding the text attributes we have 22-dimensional vectors describ-
ing the individuals and their skeletal remains.

Tab. 3.Example of text attributecontinent1 fromn encoding.

Value Europe Asia Africa North America
Encoded (1, 0, 0, 0) (0, 1, 0, 0) (0, 0, 1, 0) (0, 0, 0, 1)

For age classification we split the interval1 . . . 100 (see tab. 2) to six classes: 0. . .29, 30. . .39,
40. . .49, 50. . .59, 60. . .69, and 70+. Some experiments were performed on subset of data defined by
races, we split the data set to following two groups:

• group 1 –Portugal, Spain, Suisse, USAW,

• group 2 –SOTO, USAB, ZULU.

4 Methods and Results

We have tried several methods of data processing – Feedforward neural networks, LVQ, GAME, deci-
sion trees (J48/C4.5, ID3), Naive bayes classifier. Selected methods and their results in age prediction
experiments will be deescribed in following sections.
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4.1 Feedforward neural network

The feedforward neural network is the well known kind of artificial neural networks with forward signal
propagation. Figure 1 shows the schematic diagram of data processing using feedforward neural net-
work. The base of this architecture is the forward signal propagation among the layers of neurons from
the input layer through the hidden layer(s) to the output layer. In this network no recurrent connections,
or connection among the neurons in the same layer are used.

Fig. 1.Processing data using feedforward neural network.

We used the feedforward neural network to direct age value prediction – not classification into
predefined age classes (as used in other methods, see below).We tried a lot of different configurations
of the network (number of layers and hidden neurons), figure 2shows an example of neural network
22-10-12 response on testing data set and histogram of error values onthis data.
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Fig. 2.Feedforward neural network 22-10-1 – Response on testing data.

Table 4 shows results of selected experiments with different configurations of the network. In all
experiments the backpropagation training algorithm, sigmoid activation function in hidden and input
layer, and linear output neuron were used. From the result itcan be seen that there are no big differences
among the configurations – it seems that we have reached the limit of given method (feedforward neural
network) on this data set.

Tab. 4.Error in age prediction using feedforward network.

Network configuration RMSE on RMSE on
training data testing data

22-5-1 10,65 12,63
22-10-1 10,66 12,57
22-10-5-1 10,50 12,22

2Network with 22 neurons in input layer, 10 neurons in one hidden layer and one output neuron
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4.2 Learning Vector Quantization

The Learning Vector Quantization (LVQ) [1] is the version ofthe self-organizing network with the
supervised training algorithm. The basic principles is thesame as in SOM. The training set contains the
data vectors also with their classifications (this information isn’t available in the basic SOM method). In
first step of training the data are given to the SOM without theinformations about the classes. Then the
whole data with the correct classification information is given to the network prepared in the previous
step. Then the frequency of the membership of each neuron in network to the classes of all training
vectors is calculated. The class with highest frequency is then associated with the corresponding neuron.

In next step the modification of weights is needed to train theneurons with correct classification and
to “untrain” the neurons with incorrect classification:

wij(t + 1) = wij(t) + η(t)[xi(t) − wij(t)], (1)

when the patter was correctly classified,

wij(t + 1) = wij(t) − η(t)[xi(t) − wij(t)], (2)

when the patter was incorrectly classified, and

wij(t + 1) = wij(t), (3)

in other cases.j goes through all the neurons in the network,xi is thei-th element of input vector and
wij represents weight values of the neurons.

In these experiments we used the set of age classes as defined in chapter 3. Table 5 shows the results
of experiments with LVQ 6/6003. In table 6 results for different configurations and selected groups of
data (see chapter 3).

1
2

3
4

5
6Data

1

2
3

4
5

6

Model

0
20

40
60

80

Samples
1

2
3

4
5

6

Model

0
20

40
60

80

(a) on training data

1
2

3
4

5
6Data

1

2

3
4

5
6

Model

0
10

20

30

Samples
1

2

3
4

5
6

Model

0
10

20

30

(b) on testing data

Fig. 3. Example of response LVQ 6/600 network (6 classes, 600 neurons)
model on training and testing data.

Tab. 5.Correctly assigned patterns using LVQ.

Configuration Correctly assigned on Correctly assigned on
(classes/no. of neurons) training data testing data
LVQ 10/500 64% 23%
LVQ 6/300 59% 38%
LVQ 6/600 70% 37%

3Classification into 6 age classes with 600 neurons.
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Tab. 6.Correctly assigned patterns using LVQ, for different races.

Group 1 Group 2
Configuration Training Testing Training Testing
(classes/no. of neurons) data data data data
LVQ 6/60 62% 38% 63% 34%
LVQ 6/120 70% 46% 68% 26%
LVQ 6/300 72% 40% 72% 32%
LVQ 6/600 70% 41% 70% 24%

4.3 GAME

The GAME method uses niching genetic algorithm to evolve units in layers instead of brute force search
utilized in the MIA. Improved algorithm allows us to extend the space of possible model topologies.
GAME models can incorporate interlayer connections, unitscan have several inputs, different transfer
functions, training algorithm, etc. Evolutionary search selects just units of ”proper” type. Proper means
that units have transfer function and training algorithm that is best performing on actual data set - giving
the unit higher fitness.
The inductive model (feed–forward hybrid network) in the Figure 4 is generated by the Group of Adap-
tive Models Evolution (GAME) method [2]. From total 12 inputfeatures just last six are displayed.

P2 P3P1

PUSA PUSB PUSC SSPIA SSPIB SSPIC SSPID

P5 P6

P4

P7
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Fig. 4. An example of the GAME model applied to selected features from
Antro data set. The models consists of polynomial units. Thetransfer function
of units gets increasingly complicated. The penalization for complexity can
be applied resulting to models represented by relatively simple polynomial
equation.

Variables SSPIB, PUSC, etc. were selected as the most important ones for the Age variable modeling.
Other input features are ignored by the GAME model. In the table 7 the RMS errors of GAME models

Tab. 7.RMS error in age prediction using GAME.

Configuration Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Average
Linear units only 11.95 11.66 12.04 12.06 12.30 12.00
Polynomial units only 12.79 12.10 12.83 13.78 13.42 12.98

are compared using the 5 fold crossvalidation. Lower error was achieved by models built from linear
units only (all other types of units were disabled). Even models with regularized polynomial units were
less accurate. This fact indicates that the validation of model on external data set is not enough to prevent
the overtraining.
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The similar experiment was performed for the age classification into intervals. We build several
GAME models, each model aimed to separate individuals belonging to one particular interval from
other individuals. For each individual from the testing set, all models responded and the highest value
of output determined the winning model - winning age interval.

The classification accuracy was computed as the proportional quantity of individuals classified to the
right age interval. The Table 8 shows result of 9 fold crossvalidation for linear and polynomial GAME

Tab. 8.Correctly assigned patterns using GAME (in [%]).

Conf. Fold1 Fold2 Fold3 Fold4 Fold5 Fold6 Fold7 Fold8 Fold9 Avg
Reg. poly. 33.01 34.90 42.45 36.79 37.73 40.56 41.50 28.30 47.16 38.05
Linear only 32.07 35.84 35.84 31.13 39.62 37.73 34.90 33.01 29.24 34.38

models with penalized complexity. This time, polynomial models were more successful than the linear
ones. However the dispersion of classification accuracy on individual folds was very high (note the
accuracy 28.30% versus 47.16% in the first row of the Table 8).

Tab. 9.Correctly assigned patterns using GAME - several runs (in [%]).

Ac[%] Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Fold 6 Fold 7 Fold 8 Fold 9 Avg
Linear 40.56 40.56 33.96 39.62 30.18 29.24 33.96 39.62 39.6236.37
Linear 33.96 35.84 40.56 38.67 41.50 34.90 37.73 37.73 33.9637.21
Linear 33.96 43.39 31.13 41.50 41.50 33.96 42.45 25.47 38.6736.89
Linear 29.24 38.67 34.90 35.84 33.01 32.07 41.50 29.24 27.3533.54
Linear 38.67 40.56 35.84 35.84 38.67 37.73 33.01 26.41 27.3534.90

We decided to run the GAME method in the same configuration (just linear units enabled) several
times, each time for different set of folds. The results (Table 9) signify, that the crossvalidation evalu-
ation is not effective for this data set. The result is very sensitive to the partitioning of individuals into
folds.

4.4 Other methods

There are a lot of data mining methods implemented in the Wekasoftware [3]. We experimented with
decision trees (J48, ID3), Naive Bayes classifiers and Radial Basis Function neural networks. The

Tab. 10.Classification results using other methods.

Selected attributes Full data set
Correctly Misclassified Correctly Misclassified
classified classified

J48 37,1% 62,9% 39,6% 60,4%
ID3 37,5% 62,5% 34,3% 65,7%
Naive Bayes 40,3% 59,6% 39,2% 60,8%
RBF 38,6% 61,4% 37,4% 62,6%

results are summarized in the Table 10. For all methods we used 10 fold crossvalidation. The best
results achieved Naive Bayes classifier. This classifier is extremely simple and again there are signs that
more sophisticated classifiers overfit training data slightly.
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5 Conclusion

In this paper we were experimenting with several computational intelligence methods to achieve the
best performance on the age prediction and classification using human skeletal indicators. The data
set is considerably noisy and it was extremely difficult to adjust methods for the best performance.
There was a problem specially with more sophisticated classifiers allowing to express complex decision
boundaries. These classifiers were slightly overfitting thetraining data in spite of validation on external
data set. The most effective methods were the simplest ones -Naive Bayes classifier and linear GAME
models.

The experiments performed in this paper showed, that the crossvalidation principle that is widely
used in computational intelligence is not robust enough to handle such noisy data set. For different
partitioning of folds the classification accuracy varied significantly.
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