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1. lNTRODUCflON 

1.1. Subjective Judgement and the Law 

Our research focuses on the computerized simulation of subjective 
judgement. 

Considering the approach that sees judgement as a final result of a 
· complex mental activity, which has the perception of a stimulus1 as a starting 

point, we have tried to divide this activity into different steps, as follows: 
1. Perception 
2. Classification 
3. Qualification and Evaluation 
4. ]udgement 
Perception has been excluded from our research, as it is being studied 

by experts in pattern recognition as well as widely throughout the world. 
Subjective judgement deals with the application and interpretation of 

the law from severa! points of view. 
At the time of law-making, the target is that of outlining the application 

range of a legai provision; because of that it is necessary to give definitions 
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and classifications, which are often conventional and consequently often 
qwxotic or unfair in their outcome. We have chosen the example of minerai 
waters in trying to analyze the ability of a neural net to induce a new 
classification, according to the natural features of the waters and, at the 
same time, to give an exclusive answer according to the assessment of 
the law. · 

Subjective judgement also plays a relevant role at the time when the law 
is applied: often the law itself requests it. Our examples relate to attributing 
the quality trade mark to wines2 and the trade mark «extra virgin olive oil» 
to oils3• The goal is to verify the ability of a neural net to simulate a human 
like/dislike choice reaching a standardization of it that will ensure a more 
certain application of i:he law. 

With regard to legai interpretation, subjective judgement deals with all 
that is not definite and-explicit in the law and, nevertheless necessary for 
giving an equitable decision representing the full legai content. We have 
chosen the example of civil liability resulting from a car accident. The goal 
is to test the ability of neural nets to self organize a suitable judgement 
measure that can not only be an application of legai provisions but also a 
right or reasonable judgement..lQr all analogous cases that have not been 
programmed or could not be foreseen. 

2.1. Neural Networks 

«A neural network is a parallel distributed information processing 
structure in the form of a directed graph [ a geometrical object consisting 
of a set of points ( called nodes) along with a set of directed line segments 
(called links) between them]»4 [Fig. 1]. 

2 Tversky A., Khneman D., Extenswnal Versus Intuitive Reasoning: The Conjunction 
Fallacy in Probability Judgment, in Psychological Revrew, 1983, p. 292 ff.; Melandri E., 
L'analogia, la proporzione la simmetria, Milan 1974, p. 116 ff.; Reisinger L., Legai Reasoning 
by Analogy, A Model Applying Fuzzy Set Theory, in Artifzcial Intelligence and Legal 
Info7m4:tion Systems, Ciampi C. (ed.), Vol. I, Norr.h-Holland, Amsterdam, 1981, pp. 151-
163; Romeo F., Analogia, per un concetto relazionale dì verità nel diritto, Padua, 1990; 
Slovic P., in An invitation to Cognitive Science, (eds.) Osherson D.N. & Smitei E.E., 3, 89-
116, MIT Press, Cambridge, MA, 1990. 

3 Regulation EC 02.07.1987 n. 1915. 
4 Hecht-Nielsen R., Neurocomputing, Addison-Wesley publishing Co., 1990, p. 22; Ru

melhart D.E., McClelland J.L. (eds.), Para/lei Distributed Processing, Explorations in the 
Microstructure of Cognition, The MIT Press, Cambridge, 1986; Haken H. (ed.), Neural and 
Synergetic Computers, Springer, Berlin, 1988; Judd J.S., Neural Network Design and the 
Complexity of Leaming, The MIT Press, Cambridge, 1990; Allman W.F., Apprentices of 
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FIGURE L 
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This definition is created in such a way that it adapts itself to every 
neural network; however, it does not gather each one's characteristics. Neu
ral networks were developed on the basis of research into artificial intelli
gence, whose birth goes back to 1956 to the Dannouth Summer Research 
Project on Artificial Intelligence, following a low level approach. In the 
structural and planning stages, this approach already tends to simulate the 
human brain, in the neuron-synapsis strucrure, assuming the abilìty of the 
network to build and self-organize an intelligent vision of the world around 
it. Tlùs branch of AI research has had, up to recent years, less luck than 
the «high leve!» approach that tends to insert an already sm1ctured represen
tation of the world surrounding it in a structure, formed independentiy of 
every comparison wìth the human brain, in such a way that it simulates 
ìntelligent behaviour in the computer. It is possible to state that interest in 
neural networks, after the initial results, has developed with the understan-
ding of the limitatiqns of expert systems, the fortunate outcome of a branch 
of AL The first attempts were the Perceptron by F. Rosenblatt (1957), and 
ADALINE and MADALINt: (Multiple ADAptive LJNear Elements) by B. Widrow 
and M. Hoff (1959) models, leading up to the studies by Hopfield, Grossberg, 
Mc Clelland, Rumelhart, Sejnowski, etc. who, from 1982 up to now, have 
represented the success of these research projects. Due to the variety of 
approaches, it is not possibie to describe the various models further. As their 

Wonder fnside the Neural Network Revoù,tion, Bantam, New York, 1989; McCord M., 
Iliingworth N.-T.W., A Pracrù::al G11ide to Neur,1,l Net,, Addison-Wesìey, Rt:,1dìng Mass. 
199: R1Jmelhart D.E., Hinton G.E., Willìams R,J., Leamùig Representation by Back
propag,;;ting Errors, in Nature 1986, Vol. 323, p. 5J3-536; Cammarata S., Reti neurali im'in·
troduzione all'alt.ra intelligenza artificiale, Milan 1990; Lisberger S.G. & Sejnowski TJ, The 
Comput.atùma! Braìn (1v1IT Press, Cambridge, .MA, 1992); Churchland P.S. & Scjnowski 
TJ., Nature 360, 159-161 (1992). 
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functions and possible application domains are quite different, we will, 
therefore, limit ourselves to describing the model we have used, which is 
the back-propagation model developed by Rumelhart and McClelland3• 

The nodes are the processing elements (PE) that can be linked between 
themselves with a any number of connections in both the input and output. 
Every processing element possesses a local memory and a transfer function 
that operates on the saìd memory producing the output signal. Tue PE 
produces the output signal only if a certain threshold level of input signal 
is exceeded. The output has a value which ìs the same for every output 
connection. At every input a relative weight is assigned that is indicative to 
the importance of the connection. The output will be given by the summa
tion of the inputs multìplied by the weights. The operation performed by 
the processor is essentially: 

Y. = f (J. Wx. - T) 
1 lJ J 1 

where x. are the input values, Y; are the output values, W; are the weights 
on the iconnections Ti are the threshold values and f i~ the answering 
function that varies in a conùnuous interval (0.1). Various functions are 
related to this basic structure that allow the node to modify itself depending 
on the input signal. The most important are: 

1. The transfer function: it works and modifies the local memory and the 
input signals and produces the output of the node; as generally it is not 
linear, we have used a sigmoid function. The purpose of this function is to 
give not simply a proporcional answer to the input signal. This characteristic 
is important because it pennits the network to adapt itself to the cases where 
the separation between the data is not distinct which is tlJe majority of cases. 

L The learning function: it has the role of modifying the weights of 
every connection. By means of this functìon the connection is strengthened 
if it has supplied or operated for an exact answer, it is weakened in the 
opposite case. 

The possibility of adapting its own configuration depending on the 
exactness of the answer allows the neural network to learn. The model that 
we have used propagates the er.ror of the output backwards in respect to 
the exact data, for this reason it is called the back-propagation model, 
therefore adapcing the configuration of the weìghts in such a way that it 
inhibits those that have contributed to the en·o:r and stimulates the others. 

5 Rumelhart D.E., McCìelland J.L., Parallel Distributed Processing, Explorations in the 
Microstrncture of Cognìtion, The MIT Press, Cambridge, 1986. 



Mario Giacei.o, Francesco Romeo I Simulatwn of Human Subjective Judgement 89 

This function, called the delta rule, operates by reducing the difference 
between the desired value of the output and the value obtained by every 
node in a continuous way. 

The neural networks are attributed the capacity of adapting, of learning 
and reacting to stimulus, of self organizing, of inducing, generalizing and 
extrapolating on the basis of several examples, more than of deducing or 
operating in a logically determined way on the basis of a program. For 
these properties, the most diffuse field of research and application is where 
the input data is presented in a non logically defined or definable way, or 
also where the data to be processed are shown as fuzzy or not perf ectly 
defined. It happens with pattern recognition or recognition of complex or 
disorganized structures. It also happens in the understanding of spoken 
language and, in generai, in all that concerns the simulation of human 
senses. A great success was achieved with networks for military use based 
on the recognition of military targets by missiles, projectiles etc., on the 
analysis of images received by satellites and, similarly, on the analysis and 
classification of radar signals. Some research projects still in course are 
verifying the use of networks in the meteorological sector, in the location 
of mines and deposits - in particular, in the oil sector - in the quality 
control of goods, and in all sectors regarding robotics, etc. 

1.3. The Procedttre Used 

Tue work can be carried out with a hardware or a software sìmulation. 
We have used the software Neuralworks Explorer II in the back
propagation mode and a personal computer with an Intel 486 processor. 
As a transfer function, we have used the same sigmoid for every network. 
TI1e networks were, therefore, trained for 10,000, 100,000, 500,000, 1,000,000 
and 2,000,000 cydes depending on the repiy to each of these. 

2. CLASSIFICATION 

2.1. Foreword6 

'The most com.rnon procedures we use for reaching an acceptable de
scription of natural phenomena normally indude the following: the mor-

6 Giaccio M., Romeo F., Neusal Nets and Classifìcation of Goods, 8' IGWf-Symposium, 
Bad Hersfeld-Lubeck, 1991, Forum Ware 1991, 19 (1-4), 84-85; Romeo F., Simulazione di 
Giudizi soggettivi mediante reti neuronali, Rivista di Merceologia, 1992, 31 (I), p. 1 f{ 
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phological method, the classifying method, measuring, and statistical me
thods. Such descriptive methods, together with the experimental method 
and the construction of models, are included in the modem subdivision of 
scientific methods in general7• 

The interpretati.on of the reality that surrounds us, in both natural and 
social sciences, is often based on the classificati.on of available empirical 
informati.on. The formulati.on of many research hypotheses, in order to 
study various phenomena, can often be changed according to how infor
mation is classified. In some cases, the choice of a classification model plays 
a centrai role, enabling the interpretation of phenomena. Therefore, 
classification can be considered, in the field of descriptive methods, the first 
stage of developing judgements and measures. Furthermore, the new 
mathematical and statistical procedures used in classifying have allowed 
this branch of scientific methodology to evolve towards a modem syste
matics. Classification problems appeared together with the growth of 
knowledge arising out of the observation of nature and together with the 
arrivai of those problems linked to the «industria!» activity of man: 
manufactured products, traded goods, etc., showing this double relation to 
both scientific research ( systematic of living beings, of the minerai world, 
etc.) and practical or economical needs ( concerning industries, trade, raw 
materials, finished products etc.). 

Classification has, for a long time, been the exclusive concept of measure
ment traditionally used in natural sciences. At the same time, classifications 
linked to the actual scientific genus-species distinction have often been 
considered «natural», and «artificial» all those carried out for practical 
purposes, unlike the «nature» of classified individuals. 

The simplest example of this last procedure is given by the alternative 
classification obtained by the gathering of objects containing or not con
taining a certain property: the distinction between organic and inorganic 
goods, between animai and vegetable proteins etc. Likewise, all those 
classifications with more than two choices, gathering the objects in 3 or 
more classes, are formed. 

These kinds of classificati.on are carried out, and vary, according to the 
time, place and purpose that the operator arranges in advance. They are 
continuously modified in order to satisfy an ever increasing number of 
conditions due to the advancement of knowledge, the evolution of legisla-

7 Giaccio M., Sciocco T., Visini G., La classificazione delle mera e le categorie qualitative 
e quantitative della scienza, in Atti del X Congresso Nazionale di Merceologia, R. Aprile, 
Turin, 1968, Vol. 1, p. 99-126. 
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tive regulations, etc. Often these classifications have a very low systematic 
value in spite of theìr practical or operative importance - having necessarily 
a fairly high arbitrary level. 

2.2. A New Classific.,-1-tion Method: Pattern-Cl.assification 

The grouping of objects in the same class cm risk having a not truly 
objective basis. Furthermore, a dassification model can assume scientific 
value if it is able to indicate a determined procedure of rules for controlling 
the regularity of ioserting any object in the class and, at a more advanced 
stage, if it is possibìe to show in which level of the classification the object 
should be inserted by giving the measure of this insertion. Ili the 
dassification process, the group of objects must be subdivided into two or 
more classes that are clearly distinguished between them. The essential 
characteristics of a dassification are exdusiveness and completeness: the 
classes that are created exclude each other; put together they must include 
all the objects (they complete the field, they are, therefore, exhaustive). 

However, it was interesting to investigate the dassification capacity of 
a neural network of a back-propagation kind, trying to determine the 
possibility of creating a new classification model. This model, that we have 
called pattern-classifìcation, is based on the followìng postulates: 

1. The defining characters do not beiong to a type ( class) and do not 
define the type in its totai ìntention. 

2. The extension of each type is equal to the number of existing objects 
dìvided by the degree of memberslùp of each object to the type. 

3. Each type has an intention which tends towards an endless limit. 
4. Every type is defined by one of its own objects which is considered 

as a prototype. 
5. Every defÌi'ling character belongs to every object not in a logical way 

(yes-no ), but far quantity varìable in a conttnuous imervaì. 
6. The defined objects are distinguished from each other by the degree 

of membership to the various types, not by the quantity of membershìp of 
the defining characters. 

7. The prototype object is defined as the average representarive of a 
similarity group. 

8. The similarìty group is defined as thc portion of space having as 
m.any dimensions as the number of the defining characters in which the 
number of objects present exceeds the threshold number determined to 
please. 

In practice, the number n of the chosen defining characters defines a 
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space to n dimensions; the quantity of membership of every defining cha
racter with one object will outline a portion of space in which the object 
defined will insert itself. The operation repeated for the number of objects 
to be classified will determine portions of space in which the density, 
which is given by the quantity of a determined portion of space occupied 
by the defined objects, will be particularly high. These portions of space · 
are determined as similarity groups whose average representative ( the average 
operation to be used should be chosen depending on the particular needs 
shown by the objects to classify) constitutes the defining prototype of the 
type. 

Therefore, the type is not to be confused with the similarity group nor 
with the prototype. It is an ideai grouping with potentially endless intention 
that is capable of accepting an even high number of defining characters. 
The type is, therefore, not defined by the intention but by · the extension 
which, instead, does not have to be of an endless norm. Therefore, the 
existence of a potentially endless extension could, even if not necessarily, 
mean a bad typification ( classification). The pattem-classification postulates 
its own character, namely, a continuous and endless universe. For this 
reason, it can be considered an analogica! classification model. U nlike the 
classical methods, it does not clearly distinguish between the objects which 
are members of different types, nor consider, as equal, the objects that are 
members of the same type with the same membership grade. These objects 
classified in a pattern- way do not possess the transitive property. For 
classification of the Aristotelian kind, all objects belonging to a certain class 
possess qualities and properties characteristic of that class. In pattem
classification, the degree of membership to the type represents a probability 
index that certain prototype properties and qualities also belong to the 
object under examination. Therefore, the same object can have properties 
and qualities belonging to various prototypes. 

Further important characteristics of the pattern classification are a greater 
adherence to reality or, to express it in other terms, greater approximation 
to the truth. Such classification does not extract the object from its par
ticularity in order to insert it in a class giving it the attributes of. that class 
and deleting all the rest. Actually, for pattem-classification, every object is 
a different class, the type being only a formai reference unit. The characte
ristics of exclusiveness is not, therefore, satisfied «a priori», but it is the 
result of the procedure that quantifies on a ratio the membership degree of 
every single object to the types. The classification carried out on the basis 
of a percentage attribution of the membership degree to different types, 
results in being closer to reality, because it allows an adequate (and quan-
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tified) representation of all the characteristics that are otherwise excluded 
from class or cluster models even though they are present in the object. 
Furthermore, the types are built out on the basis of similarity groups, 
which should guarantee a greater respect for the natural distribution of the 
data. 

2.3. Example of Application: Minerai Water 

Tue procedure has been applied to mineral waters, which were previously 
classified under conventional criteria. This example is interesting, both for 
considerations of a systematic kind that can be made on the nature of the 
object (evidence of a possible empirical law) and for the criticai implications 
of the legislation in force. The classifications p:roposed up to now refer to 
chemical, physiological, therapeutical, geological and physical criteria. U ntìl 
a few years ago, Marotta and Sica' s8 dassification was the most frequently 
used. This strictly chemìcal classification was based on the total contents of 
dissolved salts (residuai minerals at 180°C) and on their nature. Therefore, 
minerai waters were divided in three classes: low minerai content ( up to 
200 mg/L of residuai minerals), medium minerai content (from 201 to 1000 
mg/L) and minerai (above 1000 mg/L); in addition, accordìng to the nature 
of salts content, in: saltiness, sulphurous, arsenical, ferruginous, bicarbonate 
and sulphate. Other classifications are based on physiological criteria: water 
ipo-, iso- or hypertonic, according to the osmotic pressure of the water at 
the source in comparison to the pressure of human blood serum. Other 
physiological classifications are based on the temperature at the source 
(ipo-, omeo- or hyperthermal); on the level of radioactivity; and, finally, on 
the presence of minor ions (iron, arsenical, iodine, sulphur, etc.). 

The present Italian legislation on minerai waters picks up the concepts 
that were the basis of Marotta and Sica's classification. In particular, it 
establishes three classes on the basìs of the total salts dissolved 9: 

1) Up to 50 mg/L = water barely mineralized 
2) From 51 to 500 mg/L = water low in minerai salts 
3) Above 1500 mg/L = water high in minerai salts 
Water having a residue between 501 and 1500 mg/L, which are the 

rnost numerous, are not narned or taken imo consideration. In the ruling, 

3 Marotta, Sica, Le acque minerali d'Italia, Quaderno n. 1 C.N.R. e Direzwne Generale 
della Sanità Pubblica, Rome, 1933. 

'D.M. 1-2-1983, «Nuove nome per le etichette delle acque minerali•, G.U 10-2-1983. 
n. 40. 



94 Informatica e diritto I Seminar proceedìngs 

possible attributes are established - quantitatively - concerning specific 
ions present in the water: bicarbonate, sulphate, chloride, fluoride, calcium, 
magnesium, iron, sodium and so forth. As in all the conventional classi
fications, it does not seem as if an objective method was used to define the 
intervals and the number of classes, and the criteria on the basis of which 
the quantities are settled are not expiained. Tue classifying model assumes 
a purely ordinai function, the requisites of exclusiveness are satisfied just as 
a logical consequence of the basic definition criteria normally established 
by the law. The residuai minerals at 180°C of any water is per definition 

FIGURE 2. 
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a positive number, and every positive number is included precisely in only 
one of the four intervals determined by conventional character. It is 
necessary that at least one of the conditions - the exclusiveness or 
completìons of the classes - is satisfied for empirica! reasons and not just 
as a logica! consequence of the criteri.a, m order to ìnfer an empirica! rule 
assuring a systematic outcome for concepts used in the classification. 

2.4. The Experimental P art 

Six networks were planned. Thc first one for the analysis of standard 
data, the second for the analysis of non-standard data [Fig. 2], the third 
and the fourth for compari.son with a classification achieved with the 
statistical method [Fig. 3], one relevant to standard data and thc other to 
non standard data. 

Tue fifth [Fig. 4] and the sixth [Fig. 5] for compari.son with the classi
fication resulting from the legal data. 

As data for configuring the first two, seven elements were used that are 
common to the 74 waters in the information shown in the label, that is, the 

FIGURE 3. 
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FIGURE 4. 

FIGURE 5. 

lflx. Res 

ions: Sodium, Potassìum, Magnesium, Calcium, Hydrocarbon, Chlorine, 
Sulphur, creating the similarity groups. Those waters with the highest 
content in each ion have been chosen as prototypes. Only five types have 
been settled on since two waters were prototype for two similarity groups 
at the same t1me. An input node has been configureà for every similarity 
group, for a total of seven nodes. Another seven nodes have been used as 
centrai nodes (named hidden units) and five nodes have been configured in 
output, corresponding to the five types. Each input node has been connected 



Mario Giaa:io, Francesco Romeo I Sìmulatìon of Human Subjective Judgement 97 

to each hidden unit and each hidden unit to each output node. In the 
training file, we have inserted, as input, data the standard data regarding 
the composition of the five prototype waters and, as output, the relative 
membership class. Similarly, we have settled the training files for non 
standard data. 

As data for the comparative classification with the statistical dassification, 
we have used the seven elements previously listed plus silica as dioxide, the 
residuai minerals at 180°C and the pH. An input node has been configured 
for each one of thei:n, for a total of ten nodes. An equal amount was used 
as centra! nodes and six nodes were placed in output, corresponding to the 
si.x statistica! classifìcation clusters. Each input node was connected to each 
hidden unit and each hidden unit to each output node. The relative data 
regarding the composition of six mineral waters, chosen as prototypes, a 
prototype for every similarity group, were inserted in input, as training 
files. As output data, the similarity group of every prototype described wa:s 
proposed. The training files for the non standard data were createci in a 
similar way. 

As. a comparison, we have used a clusterization developed with the 
Ward method, classifying in six different clusters a sample of 74 mineral 
waters 10• 

The fifth network was composed of an input node, representing the 
legislative classifying data, that is the residua! minerals at 180°C, connected 
to the three centrai nodes and these connected to the four output nodes 
corresponding to the four legai classes. The training pattern supplied the 
medium value of the fixed residue for every input class and, in output, the 
relative legal class of membership. The sixth network was similar to the 
fifth but with six hidden units and the training pattern supplied the extreme 
values for every class, instead of the medium of the fixed residue. 

2.5. Experimentai Results 

First network, standard data 
The network has already supplicd, at 10,000 trammg cycles, a good 

classificatìon of the 74 waters considered. At 500,000 cycles, ìt supplied a 
classification in which the membership percentage to the type is very high. 
In some cases, rhe percentage of membershìp was superior to 0.10 for even 
one or more types that are different to that in which the subject water was 

10 De Antoni F., Romeo F., Le acque minerali italiane: una strategia statistica per L,; loro 
classificazione, Rfr.,ista di Merceologia, 1992, 31 (III), p. 225-259. 
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classified. This means that, in the presence of elevateci quantities of certain 
components defining other similarity groups, the network comes to the 
cònclusion of partial membership of water to more types, quantifying this 
membership. It is interesting to note that this classification which, according 
to the method of choice of types, is hypothetically the nearest to «reality» 
or rather, the nature of the classified universe moves away from both this 
one, which is usually found in legislative reguìations, and the other which 
is obtained by classica! statistica! methods. It rhay, however, be possible to 
infer a natural law of systematic significance. 

Second network, non standard data 
Tue network gave similar answers to the first in 38 out of 74 cases. It 

did not, howevcr, seem as if it were able to create a particularly adequate 
representation for the less numerous classes, even with a high nu1)1ber of 
training cycles. This behaviour is probably due to the cìassifying criteria 
elaborated by the network, in which the elevated presence of a membership 
index to a class frequently leads to the simultaneous presence of a 
mcmbership ìndex to other classes. 

Third network, standard d,ua 
The network trained for 10,000 cycles suppli ed, based on the 6 training 

examples, a pattern-classification of 74 minerai waters. For 69 waters, the 
network fixed on a membership sìmilar to the cluster elaborated with the 
statistical method, giving the major percentage of membership for the type 
correspondìng to the statistical cluster. In 53 cases, the network arranged 
the percentage of membership to further types in an analogous way to the 
results of a statistica.I clusterization with a lower number of clusters (5, 4 
& 3 clusters). 

Fourth net1.vork, non standard data 
The network was able to reconstruct a description sìmilar to the statiscical 

one for 43 waters; the description was good aiso in the case of an inferior 
number of clusters for 40 waters. 

In contrast, a different pattern- classificati.on was created, for 31 waters. 
Therefore, a new training file was created containing, beside the data 
concerning the 6 waters previousl y used as prototypes, the data regasding 
another 6 waters. chosen from arnong those where the network's answer 
was insufficient. 'I11e network has, therefore, classificd 61 out of 7 4 waters 
in an analogous way to the statistica!. clusterìzation. It is important to note 
that in tlùs dassification, as in the previous classification based on non-
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standard data, the network showed di:fficulty in classifying the less numerous 
groups of waters. In particular, cluster no. 6, in which only one water is 
present, was deleted from the network. Nevertheless the training file 
contained the data regarding the water belonging to this group. 

Fifth and sixth network, legislation 
The results showed an interesting behaviour of the networks: although 

the two training files were based on different criteria, the networks have 
classified a1l 74 waters in the same way, supplying substantially similar 
percentages of membership to the classes. This could be explained as 
depending on the simplicity of the classifying criteria, namely, just the 
value of the dry residuai. This implies an appraisal based on a judgement 
of a logical kind (bimodal, in that the independent variable is only one). 

2.6. Conclusion 

The results reached show that networks have the capacity to create or 
induce a classification on the basis of a few examples and, therefore, to 
generalize with an inductive method. These classifications seem to suggest 
empirical laws at the base. The networks give classes in which the mem
bership to a type varies in a continuous interval according to the higher or 
lower correspondence of the input data with the internal structure of the 
network. Furthermore, they can also supply adequate classifications in those 
cases that are hard to analyze with statistical methods, that is, when the 
variables are more than two. However, the pattern-classification defined in 
this work - difficult to carry out even using the most complex mathematical 
methods - is possible by means of the utilization of neural networks. 

It has not been possible to explain some of the networks' behaviour: the 
third and fourth networks have shown def ects in supplying adequate 
classifications for some waters. For example, «Sacra» water, perhaps due to 
the particular relationship of the potassium with the other ions present in 
it, is classified in a diff erent way in comparison to the statistical clusterization 
(in the third class instead of the first). In order to obtain an adequate reply, 
the «Sacra» water was inserted in the training file of the fourth network. 
However, the network has shown the tendency to move away from the 
answer given in training, diminishing the percentage of mernbership (0.95 
instead of O. 99). This behaviour, together with that dèscribed for networks 
5 and 6, have underlined the problems regarding the correct definition of 
the training file. Another problem highlighted is that relative to the optimum 
number of training cycles. Indeed the network' s answer varies in accordance 
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to it, showing a tendency to generalize and - for a fairly high number of 
cycles - to annui ali the classes having a very low number of objects. 
However, pattern-classification seems to be useful when a classification is 
needed according to a small number of known classifying objects, or when 
the user wishes to search for a classification which, with a low arbitrary 
level, shows an empirica! law that guarantees a certain systematic outcome 
for the description. 

3. QUALIFICATION AND EVALUATION 

3.1. Foreword 

The subjective e:xamination of the organoleptic characteristics of goods, 
especially for the evaluation of the quality of food, has always been impor
tant in both production and consumption. 

With the development of knowledge in physiology and the psychology 
of sensations, such tests have been improved. This has been accomplished 
by standardizing the step of sensory appreciation, in order to make it as 
capable of reproduction as possible and by applying modem statistica! 
techniques (regression, correlation, discriminate analysis) to measure errors 
and to discard those sensory analyses that, for any reason, would surpass 
certain limits of variability11• 

Such subjective samples are used to indicate the global quality of the 
food ( or drink) through particular characteristics such as colour, aroma, 
taste, etc., where difficulty is often found on the basis of chemical analysis 
alone, even though they may be very detailed. Many organoleptic charac
teristics have been quantified with the most modem instrumental analysis 
(i.e., colour with C.I.E. method, the agents responsible for aroma with 
mass gaschromatography, its consistence with appropriate physical machi
nery, etc.). Nevertheless each of these measures obviously refers only to 
one sensory parameter (although complex) and not to ali of them12• 

Por the partial elimination of the degree of subjectiyity of the sample, 
we must consider that the answer (R) to a stimulus is a direct function 

11 Wold S., et al., in Food Researcb and Data Analysis. Proc. of tbe IUFoST Symp., 
Applied Science Publishers, 1983, p. 147-188. 

12 Fristers J.E., in Food Acceptability, Thomson D.M.H. (ed.), p. 11 ff., Elsevier Applied 
Science, London and New York, 1988); Morgante A., Cichelli A., Caratteristiche degli oli 
di oliva classificati dagli assaggiatori come 'grassi' e 'magri', Rivista di Merceologia 1990, 29 
(III), p. 189-222. 
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with the intensity of the stimulus (S), of the physical environmental factors 
(F) and of the psychophysical characteristics (Ps) of the subject: R = 
f(S,F,Ps). 

Tue environmental conditions can be standardized by making the follo
wing items constant: the temperature of the environment and of the sample 
to be tested; light (intensity and colour ); hours of tasting; the conditions of 
the place in which the tasting takes place (position, degree of isolation, 
etc.); the presentation of the sample. 

The psychophysiological characters can be standardized in the sense of 
balancing the subjects, who can be different for their sensibility, character, 
education, prejudices etc.)13• Therefore, there should be a tendency to have 
R = f((S) + e (e being a constant value), thus creating the conditions for an 
univoca! correlation between the intensity of the stimulus and the sensory 
answer. 

The organoleptic characteristics of many products have also been laid 
down in legal regulations ( or by sector organisations) using detailed tasting 
cards. The tasters, separately and autonomously, examine the basic sensations 
by following the steps mentioned on the guide-cards and, with these, they 
express a numerica! evaluation on a chart. The scores obtained by the 
group of tasters are then reviewed and should the error referred to the 
average permit reliability, this average value becornes the numerica! evalua
tion of the organoleptìc characteristics. 

Regarding statistical techniques, one way of studying the problem is 
that of the analysis of the principal components. These are independently 
gathered from the set of sensory data and from the set of analytical data 
and eventually it has to be verified whether there is a quantitative relation
ship between them14• Another technique used to point out the relationships 
existing between composition and sensory data is that of latent variables 
analysis. This technique uses an algorithm, iterative in each dimension, 
which allows two passages to operate at the same time. This consìsts in 

13 Because of this diversity, the organolectic characteristics of food cannot be measured 
by one individua! alone. In order to obtain a quite reprod.uceable average response it has 
been observed that 10-12 persons are enough. They must ali be selected and trained to the 
appreciation of the taste characteristics of the food or drink to qualify. Such a group is 
called Panel (that is, a group of individuals worlcing together to express judgement), the 
corresponding sensoria! analysis is caHcd Pane! Test. New metheods of sensorial analysis 
have been testeti using a Panei test, for the evaluation of the organolectic characteristics of 
a large number of foods and drinks: oil, cheese, cocoa, coffee, tea, wine, beer, etc. 

14 De Antoni F., Romeo F., Le acqi.e mine1·ali italiane, cit., Rivista di Merceologia, 1992, 
31 (III), p. 225-259. 
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finding the major components (latent variables) of the two matrixes with 
the bond of optimizing the relationship between them. 

Such analysis is founded upon the concept of the «model recogoition;.. 
( or of example or pattern recognition) and allows us to: 

state the chemical-physical variables that are significant for quality; 
foresee the quality on the basis of anaiytical data; 
classify the samples in the same way as the analysis of the principal 
components are classified. 

The most interesting aspect of these sensory evaluations, when correctly 
perf ormed, is that it is possible to appreciate qualities that do not seem to 
be appreciated with chemical analysis (even the most modem analyses), 
probably because the synthesis our nervous system carries out makes one 
feel aspects that are not meanìngful when singularly evaluated. 

TI1is is the reason why a large pan of research on sensory analysis is 
aimed at finding the (qualitative) relationships existing betwecn sensory 
data (organoleptic characters: subjective) and chemical composition 
(instrumental data: objective). The question is whether it is possible to 
describe the qualitative characteristics of the samples (sensory data: coìour, 
smell, taste, etc.), as a simplc function of the (chemical and physical) analytic 
data obtained on the same samples. 

Most research in this field has been clone by Hatper who, in nearly 
forty years, has published a long series of works on the relationship between 
sensory appreciation and quality of food, applying, for the first time, the 
theoretical concepts that were the outcome of research on sensory 
perception to problems of the quantitative evaluation of food, and pointing 
out the functionai relationships between: instrumental data ( chemical
physical variables), sensory data (or variables) and the brain's neural coor
dination of these15• 

In spite of the progress made in the standardizatìon of choices, both 
from the point of view of environmental and physical conditions and of 
the most advanced statistica! calmlations, the hedonic choices expressed by 
the tasters are conditioned by: 

1 - the fact that the sensory response to a precise stimulus is proponional 
to the natural logarithm of the intensity of the stimulus itself; 

2 - the fact that not all individuals have the same perceptìon of the same 
sensati.on; 

15 Harper R., The Natwre and Import.ance of Individua[ Difference, in Criteria of Food 
Acceptance: Ho-w Man Chooses What He Eats, Sohns and Hall (eds.), Forster Publ., Ziirich, 
p. 220-237. 
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3 - the problem that the perception threshold can be very differeot 
from substance to substance. 

W e must also consider: 
the effect of particuiar knowledge or expenences that has already 
been acquired; 
periodica! influences; 
casual in±1uences, due to contingent factors; 
prejudice (predisposition, inclinati on, diff erent influences ); 
the diff erent intetpretation of the interactions between various percep
tions; 
the fact that the taster gets tired; 
diff erences between the groups; 
social influences. 

The analysis of the sensations that let us make an hedonic choice, as 
worked out with statistica! techniques and explained by pattern recognition, 
are very much like the work clone by a neural net. The analogy is also clear 
for the known interrelations existing between Ìnstrumental data, sensory 
perception and the brain' s processing. In order to show these analogies in 
synthesìs, the taster's work is indicated in Fig. 6a, and compared with that 
of the net set out in Fig. 66. 

Since many are the factors that influence the sensations and, therefore, 
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the response, the subjective tests and, therefore, the hedonic choice may 
tum out to be non repetitive for changìng one of the factors, while when 
the net has optimized its learning cycle, it cannot accept other influences. 

For this reason, it was interesting to apply the technique based on 
neural nets - already employed in the classification of mineral waters - to 
hedonic choices, with the aim of obtaining a pattern recognition that is not 
based on a settìed schedule but, as is appropriate to the concept of pattern 
recognition itself, resulting from the learning of models (or examples). 

3 .2. The Experimental P art 

One hundred and fifty samples of wine have been examined using officiai 
analysis methods, determining the following analytical parameters: density, 
akoholic degree, total alcoholic degree, total reducing sugar, dry extract, 
total acidity, volatile acidity, pH, ash, total sulphuric anhydride, free sulphu
ric anhydride, methyl alcohol. 

The apparently small number of chosen analytical parameters 
( considering the hundreds that identify a kind òf wine) is due to both the 
consideration that the quantity of the components that are present are 
interconnected one with the other, and to the fact that the net is able to 
functionally e:,rtract the principal components on the basis of knowledge of 
only scarce analytical data and, therefore, to rebuild a certain .:shape», 
analogically with cerebral processing, which identifies the final «shape» 
even without having ali the elements available. 

The same samples, using taste cards issued by ONAV, bave been judged 
by 1 O professional tasters. The score obtained was used to indicate to the 
net which wine samples were considered of higher quality. 

Seven nets have been built: each net is made up of 12 neurons in input, 
12 hidden neurons and 2 neurons in output. The data in input are given 
by the analytical values that have previously been indicated. The data in 
output indicate whether that wine is suitable for a quality trademark, thus 
establishing a comparison with the choices of the panel of tasters [Fig. 7]. 

Among the seven above mentioned nets, the first five were used to select 
the more suitable transfer function, the sixth, to chose the training pattern. 

The transfer functions of the first five nets are, respectively, the iinear, the 
sinusoidal, the sigmoidal, the hyperbolic tangent and the perceptron. A net 
with ali of the 67 sample wines has been trained to chose the pattems to use, 
aiming at finding those for which the program would present some learning 
difficulties, using the sigmoid transfer function. On the basis of the results 
of the previous nets, a seventh net has been built with a training pattern 
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FIGURE 7. 
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made up by the analytical values of 1 O wines and the choice of the panel in 
output. The ten wines have been chosen among those where the sixth net 
presented some leaming difficulties, together with those that were shown as 
a prototype. The net is made up of twenty-six neurons, twelve of which in 
input, with a sigmoid rransfer function and delta rule learning function. 

The results obtaìned have been compared with the statistical data of the 
pane! in relation to the first sixty-seven samples of judged wines. 

3.3. Experimental Results 

After one million trainings, the net was able to give a response to the 
quality or non quality of a wine with a 20% error compared with the 
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average choices of the panel, but with a percentage error slightly over that 
of each taster on the panel. 

The net has shown, with the only exception represented by that trained 
with the !inear function, that it is able to buiid up an inte!ligent vision on 
the basis of the input. The high grade of correspondence with the choices 
of the tasters shows a non-casualty of the net' s responses. It is certainly 
possible to improve the result by working on a more representative sample 
and, most of ali, by trying to obtain in response a choice that will describe 
the organoleptic characters of the wine, which is what a taster would do. 

Anyhow these initial results have indicated that: 1) the neural nets can 
simulate the qualitative hedonic choice of an individuai beginning with a 
quantitative analysis, sirrùlar to the human cerebraì process; 2) it is not 
necessary to have a large amount of data to acquire an acceptable hedonic 
choice, since the neural nets process the data analogically rebuilding a 
structure that is applicable to all similar information; 3) as a rcsult of point 
1 ), a neural net creates information because the structure that shapes up 
inside the net with a leaming procedure represents the still unknown part 
of the human mental structure that brings about choice, which is commonly 
expressed qualitatively and is, therefore, hard to process by a normal com
puter. Therefore, in the model used here the data in input, each datum 
singularly, do not let us induce anything about thc quality of the wine. Tue 
nets' choìce, like the human one, seems to be based on the relationshìps of 
the anaiytical data of the wine, drawing out those relatìonships that allow 
man to define a w-ine as a good or bad one. This explains why a small 
number of analytical data is sufficient for structuring the net. The data that 
the net considers Ìmportant are the following: free sulphur dioxide, total 
sulphur dioxide ash, pH. It is interesting to note that, in commodity science, 
a number of studies have attempted to show the existence of these 
correlatìons without, however, reaching an acceptable conclusion. 

This induction in the net of the prìncipal components of the hedonic 
choice of a wìne is interesting and we have, therefore, trìed to reproduce 
it in a similar field in which such correlati.ons were already partially known. 
We have chosen the field of extra virgin olive oils. We have then built a 
net [Fig. 8] using the same method used for the wines and the following 
input data: acidity, polyphenols, peroxides, UV = K270 and 

f (k262 + k21J j 
h.K = 1----

L 2 

Tue net behaved sirrùlarly to the way it had for the wines with a judge-



Mario Giaccio, Francesco Romeo I Simulation of Human Subjective Judgement 107 

ment difference of 6% compared to the average judgement of the panel, but 
with a lower percentage compared to the one given by each panel member. 

FIGURE 8. 
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As stated in the literature, po1yphenols are natural anti-oxidants with 
the function of protecting oil and, therefore, of maintaining the aroma; 
peroxides are an index of oxidation that has already occurred in the oil16• 

It is interesting to note that this relationship is strengthened so much in the 
net that the cases in which the net was farther from the taster' s choices are 
cases of oils in which the polyphenols and peroxides were determining a 
choice opposite to that of the panel. 

3.4. Conclusion 

It is therefore possible to rebuild a qualitative choice on the basis of 
quantitative data by using neural nets. 

16 Maga J.A. in Crit. Rev. Food Sci. Nutr. 10, 4, 332 (1978); Solinas M., Qualità merceo
logica degli olii vergini di oliva, Rivista di Merceologia, 1990, 29 (III), 189-222. 
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The advantages of such applications are represented by an improvement 
in the evaluation criteria of the goods, being based on an increased objecti
vity in choices. The computer is not sensitive to those influences (i.e., 
tiredness, prejudice, etc.) that can determine errors in evaluation. 

Another advantage is the one that comes from the possibility of the 
standardization of the choice because the computer allows for better control 
of the conditions of the experiment and, therefore, hlgher repeatability. 
This even more so, if we consider that, at least in the EEC, the panel test 
is now a fundamental criteria for granting a trademark for certain goods, 
like granting the «extra virgin olive oil» trade mark for oil. In future research 
on a larger number of samples of wines and oils, we will try to build a net 
that wiU be able to rebuild the basic organoleptic data of a wine beginning 
with the quantitative data of the chemical analysis, thus combining the 
three diff erent degrees of the subjective judgement that we have up until 
now studied separately. 

4. JUDGEMENT 

4.1. Foreword17 

In recent years, attempts have been made in the field of computerized 
simulation of legal interpretation and the judicial application of law, by 
essentiall y using those techniques created by artificial intelligence, with 
particular attention paid to the expert systems. In this case the basis of 
knowledge has been given by the laws (understood, in generai, as legal 
rules) and the inferential engine by the logical operations drawn from the 
rules 18• 

The experiment has been successful. Tue legal rules have been represented 
correctly, but the case law ones were not. In other words, there is no case 
in which ìt is possible to replace the judge with a computer in the choice 
of a norm that is pertinent to the specific case and in quantifying the 
liability of the guilty party. The information that a computer-judge is not 

17 Romeo F., Barbarossa F., Ein neuronales Netz zurBeurtetlung der Verkehrshaftpfli.chts
faelle, referee to GWAI, Bonn, 4 September 1992. 

16 Rich, Intelligenza Artificiale, Milan, 1986; Lolli, Logica e intelligenza amfùiale, in 
Sistemi intelligenti, Bologna, 1991, p. 7 ff.; Martino and Socci Natali (eds.), Analisi automa
tica dei testi giuridici, Contributi al II Convegno internazionale di Logica, Informatica, 
Diritto (Firenze, 3-6 September 1985), Milan, 1988; Krutch, Esperimenti di intelligenza 
artificiale, Padua, 1984; Somalvico, Intelligenza artificiale, Milan, 1987. 
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able to analyze or that cannot be gained from laws or court decisions for 
programming can be divided as follows: 

1. the judge' s reasoning does not necessarily follow forma! logica! 
schemes and, therefore, the logical operations are not able to represent all 
the possible cases in which the judge's reasoning is valid (i.e., the choice 
among diff erent conflicting norms regulating the same case or arguing by 
analogy (reasoning by comparison), or so-called subsumption19; 

2. the same importance is not given to all norms, even if belonging to 
the same hierarchic level, but such importance cannot be quantified, only 
argued case by case; 

3. in applying the law, the judge uses not only the law, but wi11 also 
include the rules of common sense, language, experience, and juridical 
knowledge as well as equitable rules; 

4. except in a few cases, the judge's answer is not qualitative and logical 
in ascribing or not ascribing blame and, consequently, liability. This answer 
will be quantitative, as he has, necessarily, to quantify damages or punish
ment. 

Our studies on the applicati on of neural nets in the simulati on of man' s 
subjective judgement have demonstrated the nets' partìcular ability in 
abstracting a classification beginning with few typical examples or even in 
inducing a subjective qualitative judgement on the basis of scarce chemical 
analytìcal data. Therefore, it was interesting to create a net that could 
surpass the criticai position set by the above mentioned expert systems, 
choosing the same application used by such systems, namely Civil Liability 
Relating to Motor Vehicles. The purpose of the present research ìs to 
verify the possibility of reaching a judicial decision beginnìng from the 
simple description of the facts. 

4.2. The Experimental Part 

A. Dat.a gathering and dassification 
We have gathered 200 judicial precedents regarding judgements for 

accidents between two vehicles A and B that have occurred at intersections. 

19 Romeo F., Analogia, per un concetto rela:ziorude di verità nel diritto, Padua, 1990; 
Reisinger L., Legal Reasoning by Analogy, A Model App(vùig Fuzzy Set Theory, in Artifuial 
lntelligence and Lega! Information Sysìems, Cìampi C. (ed.), Vol. I, North-Holland, Am
sterdam, 1981, p. 151 163; Philipps L., Analogie und computer, Archèu jur Rechts- und 
Sozialphilosophìe, Vol 44, Stoccarda 1991, p. 275 ff.; Philipps L., Distribution of Damages 
in Car Accidents through the U,e of Neural Newo1h Cardozo Law Re·view, Voi. 13, 
1991, p. 987 ff. 
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They make up 70% of the survey on Civil Liability Relating to Motor 
Vehicles. Such judicial decisions have been codified through a large number 
of logical variabies, representing the description of the accident and the 
following liability ascribed by the judge. The accident has been described 
using indexes regarding the place the accident occurs (intersection, stop 
signal, etc.) and the behaviour of the drivers involved (speed, overtaking, 
carelessness, etc.). Afterwards we selected a small number of variables that 
could indicate all the accidems with a certain approximation. 

Since one of the drivers at an intersection has to give right of way, 
coming from the right side, or from a minor priority road, in our 
symbolic representation, Driver A always has right of way and Driver 
B is always obliged to give right of way to vehicle A. Furthermore, 
another vanable has been used (stop B) to indicate whether Driver B 
had to stop in addition to giving right of way to vehicle A, according 
to the stop sign. 

Tue behaviour of each driver (A and B) involved has been represented 
by three variables. The first one (speeding) indicates whether the driver 
under consideration was speeding dose to the intersection, infrìnging art. 
102 of the Highway Code. Tue second variable represents other breaches 
of the highway code (such as overtakìng, driving off the carriageway) and 
elements of more genera! blame such as recklessness and negligence of the 
driver ( carelessness, dangerous driving, etc.). Tue . thìrd variable ìndicates 
the lack of skill of the driver, meaning bis or her technical incapacicy-to 
prevent the accident from occurring using fitting emergency manoeuvres 
which a good driver would have becn able to execute. 

In the description of the accident, seven variables bave, therefore, been 
sufficient, one indicating the presence or absence of the stop signal, rwo 
groups of three variables respectively representing A's and B's offences. 

Two numerica! variables have been used to represent the judgement in 
terms of the quantitative attribution of the • blame and, therefore, of 
liability. Such variables indicate the percentage of liabilicy-of each driver 
involved. 

B. Architeaure of the net 
Tue neural net has been divided into seven inputs, seven hidden cells 

and rwo output cells [Fig. 9]. The input values represent the description of 
the accident and the output values the evaluatio1~ of the liabi!iry given in 
percentage to Driver A and B. The number of necessary hi.dden cells has 
been selected empirically. Each celi has been connected with a!l the cells of 
the line above with a sigmoid transfer funcrion. 
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C. Training the net 
The net has been trained through a set of eighty typical judgements, in 

which, that is, we supposed that the judges applied specifically to the field 
of C.L.M.V. not only the information contained in the legal provisions, 
but also of ali knowledge that is not included in them and mentioned in 
the foreword. The net has been trained with the back propagation procedure 
using the «delta rule» function for 8000 cycles with a learning rate of 0,2. 

4.3. Experimental Results 

After training, the net has learned ali the sample decisions with minimum 
error. This means that the °'et has calculated a set of weights between the 
connections able to represent ali the given judgements. 

The judgement meter calculated by the net allows us to judge all the 
possible accidents, that can be represented through the provisions with 
repetition of seven variables of class two (true-false). 

The judgments given for the cases that have been foreseen in training 
appeared to be similar to case precedents and, anyway, were always reaso
nably acceptable. 
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Two phenomena can be underlined from the analysis of the judgements 
of the net: 

1. the net judges a case having one or more similar precedents, not by 
repeating or making an average of the judgements gathered (in training), 
but considers as more biased those precedents ( even if a little diff erent) in 
which the judge's evaluations appeared to be more suitable to the generai 
evaluation principles of court precedents. 

2. The net also draws out judgements in cases diff ering from the ones 
that have been gathered. 

T able 1 shows the set of interrogation data and the answers given by 
the net. The shaded data are examples of judgements in which the net has 
been trained; the remaining values represent the actual data drawn out of 
the net. 

Several judgements are codified in lines 9 to 16: these are issued by the 
net regarding an accident that did not have an identical or similar precedent. 
This group of data represents an accident in which the driver of the vehicle 
with right of way is responsible only for lack of skill in his or her behaviour, 
basically meaning that he or she cl.id not make the proper emergency ma
noeuvres an «average driver» would have perf ormed. In this case whatever 
the offence Driver B committed (he or she had to give right of way), the 
neural net decides that Driver A has no liabilìty whatsoever. Tue lack of 
skill alone of the driver is of no influence in determining liability, the same 
as court precedents unknown to the net20• This outcome shows that the net 
has learned ..:legal knowledge» that is unwritten and unforeseen in 
programming, and the actual relationships of importance that connect the 
rules one to the other depending on the described facts which are also 
unknown. 

The model confirms it is able to attribute blame in the field of C.L.M.V. 
similarly to ordinary judgements in 90% of the cases and «ratìonally» in 
the remaining 10% of the cases, thus covering about 70 % of all C.L.M.V. 
cases in the specific field of attributing blame, in spite of the small amount 
of information uscd. 

4.4. Analysis of the Results 

The results can be analyzed from the point of view of two essential 
considerations. 

20 App. Torino, 5.11.83, in Arch. giur. circoL e sin., 1984, 35; Cass. pen. 6.3.1981, in 
Giust. pen., 1982, II, 52. 
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TABLE 1 
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80 l o o 1 1 1 1 i ' o C.99 
! ', ·~·,·.,·~ .... 

' :: ' 

•,' ' ç: •, ' '' -· .. ·e ... ---~---
I ~, ' 

0.lS 0.81 .. 
' 

1 o i o o o 1 0.16 0.81 
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(et seq.) TABLE 1 

I 
Lfribilit3 · ,\ B 

STO!' 
vd. i,:(". ixnrr, lffit"-, .. t' ~. vel i;C, i1np. ffi!fK". A B 
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86 1 o l e l o 1 0.l 0.89 
I g, ,. 1 o 1 o I 1 o 0.11 0.8/ 

88 I 
1 o 1 e ì 1 1 0.11 0.88 I 

89 1 o i 1 () o o 0.15 ì 0.84 
I 

90 l o I 1 1 o o 1 0.14 ! o.ss i 

91 • 

ì o i l i o 1 o 0.16 ! 0.83 !. 

I 

f 
91 i o 1 1 o l 1 0.15 0.84 

93 ·I o 1 I i 1 o o 0.07 0.91 l. I 

94 1 o 1 ' 1 i ! o 1 0.07 0.92 > j ! j 

95 1 o 1 
l 

1 ì • o 0.08 0.91 J 

-·· 
% 1 o .! 1 1 l 0.03 

: 0.91 1 I 
' •· ... 

97 
: 
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98 l 1 o o o o 1 0.23 i 0.75 
·--·----· 
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100 ' ! 1 o o e 1 1 0.24 0.74 I 
101 1 1 e o 1 o o 0.H, 0.83 

102 1 1 o e I o 1 o!" 0.84 , _,., 
103 1 1 o o j 1 o 0.1:7 i 0.82 ,. 

104 t l o o i 1 j I OJ.(~ C.83 

105 1 1 o 1 o o o 0.2 0.78 

106 1 1 o 1 o o 1 02 0.79 
I 

107 1 ' 1 o I o l o C.11 o··- j : .// 

! 
108 i 1 e i o i 1 OH ........ t 0.7S 

~·-•··~ , .. 
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---··· .. 
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112 r i 1 o I i 1 l 1 l 0,12 0.87 



Mario Giaccio, Francesco Romeo I Simrtlation of Human Subjective Judgernent 117 

(et seq.) TABLE 1 

,4, i 
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i 
B Li;bilitl 

v.:L e,·. 1mpr. m1p.:. veL .:c. imp. irnp-.: .. A B 

113 ' ,i' I 1 ' :; ' ' ' o '· O·· 0.38 0.6 

114 1 1 1 o o o 1 0.38 0.61 
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' 116 1 1 1 o o 1 1 0.39 0.6 
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·•·• t .· .. 
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118 1 1 1 o 1 1 0.36 0.63 
' ' 
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' 1 ! '' ' o ' ' 0.36 O.hl 

120 1 1 1 o 1 1 l 0.36 0.63 

' 111 
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' 1 1 l 1 o o Q 0.37 0.62 

' 1-,,, ....... 1 1 1 1 o o 1 0.37 0.62 

I ·• I··.· . ' ' j '',, :,·•>t:.'' ,: e : '. 1 , . i o ' 0.61 123 . 0.37 

1 1 ' l o ! ·j 1 0.37 0.61 
I PJ. 1 ; , I 

i 

i25 1 1 1 ! l 1 o o 0.34 0.66 

126 1 1 1 
: 
r· J 1 o 1 0.33 0.66 

-----
i 1r ; 

' I 1 1 1 1 o 0.35 0.64 k' 
, ! 

i i 
i I 128 i 1 1 I l l I 1 :! 0.34 0.64 ! 

A. Tue first is certainly linked with the computer's above mentioned 
answer. The fact that the net's judgement and that of the judge are not 
always the same is not considered negatively. The judge's decision, being 
a subjective decision, is dependent upon variables that are often difficult to 
predict. Frequently even two judicial decisions on the same case are not 
similar (i.e., in the decisions overturned on appeal). 

Rather, it is important that the net's soluti.on does not seem to be 
unreasonable, incornpatible with legislation and equity, which is the case of 
the model presented in our work. Anyhow, the result is an answer to the 
problems that have arisen with the application of the expert systems and 
listed in points 1, 3 and 4 of the foreword. Therefore, as far as point one 
is concemed, the net has been able to «subsume», meani11g that it found 
the rule to be applied to the description of a fact without this being expressly 
said. The net has directly connected the description of the fact to the 
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decision regarding blame. Furtherrnore, there are no such problerns as 
conflict between norms etc. for the net: it always decides, even if with . . 
maJOr or nunor error. 

Regarding point three, it has not been necessary to know all the rules 
of common sense, .clegal knowledge» and other innumerable rules in case 
law and often unknown rules, that the judge will use in applying the law. 
In programming the net, the rnles are already included, although not 
explicitly, in the way tbe judges have solved the cases that have been used 
to train the net. It is important to adequately select these cases. Point 
four was solved as well. The net has settled a function able to quantify 
the blame [f ab. 2] depending upon the description of the fact. This 
function would otherwise have been impossible to calculate. Actually, in 
the legal domain no expert system, even one more elaborateci than the 
net presented here, has ever been able to quantify blame with such 
precision. This function has turned out to be useful in solving al! the 
similar cases that were not present in the training, thus solving the central 
knot of legai reasoning, that is, legal analogy, which requires sirnilar 
treatment for similar cases. 

TAJ3LE 2 

from/to 9 iO 11 12 13 !4 15 16 

1 0.3992 0.4496 0.3934 0.2798 0.4838 0.4494 -02087 0.1791 Bias 

2 -2.0152 -0.8163 -2.5301 -1.35ot -2.0944 -3.1777 B. Stop 

3 -1.6824 -0.2076 -2.1921 -0.9421 -1.7212 2.922 A. Speed 

4 0..325 0.2697 0.0294 0.1318 0.181. 0.3415 A. Carelessnes~ 
' 

5 0.6353 0.252 0.5268 0.2495 0.5074 OJ,82 A. Lack of slri!l 

6 -0.058 -0.1332 -0.1284 -0.1864 -0.1677 0.0629 B. Speed 

7 0.1921 -0.0069 -0.116 0.0358 0.0181 0.0872 B. Careìessnes~ 

8 -0.4336 -0.5368 -0.1762 -0.6339 -0.404 0.3157 B. Lack of skill 

9 -1.3867 1.361 Hìdden celi 
-

10 --0.4579 0.5129 Hìdden celi 
. ----· ··----~·-• 

·11 
Li I -1.78·+6 1.7645 Hiddcn cell 

---·-~ ... ·- -~~-----· 
12 -0.756 0.&646 Hiddcn celi 

13 I i l -1.3211 1.4557 Hiddcn cell 
I I I ' 

14 I l ·---1 I -2.5202 2.4668 Hidden ccll 
' 
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B. The translation in quantitative terms of the qualitative description of 
the fact carried out by the net is particularly important for the second 
aspect. The quantitative answer in the net is obviously a function of the 
configuration of the weights on the connections, following the training 
cycles. This configuration represents new information which we previously 
did not have. Actually the weights represent the quantity of the influence 
of the different norms on the decision in a specific case. This allows us to 
solve the problem focused on in point two of the foreword by means of 
a better interpretation, because it is quantified. Until now the possible 
interpretation was based exclusively on argumentation, for which, therefore, 
the quantified scheme of the net would be the substitute. The program's 
answer is justified, since we have the number of the infrìnged sections that 
lead the computer to decide, but it is not discussed and the computer 
replaces the argumentation with the quantity of the importance of the 
diHerent norms. 

This data is particularly significant for the lawyer because it allows a 
quantitative and not merely a qualìtative approach to the legai interpretation, 
something umil now considered impossible. 

45. Conclusion 

The model shows the possibiiity of automating a judgemenr, at least in 
the first degree, in wide legai areas. In order to build neural nets it ìs 
necessary to quantify the data. In any case, an exclusive use of the nets is 
unthinkable; a connected use with expert systems using data previously 
processed by neural nets seems more suitable. 

In the specific field of C.L.M.V. further progress may easily be made 
with techniques that have already been tested in other fields. This progress 
is represented by the introduction of the «Judge Witness». Actually, readers 
or codifiers of street signs and of the behaviour of the vehicle in which 
they are installed (imagining obligatory use) would be sufficìent to get all 
the data necessary for the judgement of the «Computer Judge:&, which 
could also be installed in the vehicle, thus reaching a _judicial decision in 
real time given by a judge witness. This would gìve certainty · of a judgement 
that has ncver been possible before. The same could happen in other fields, 
like taxation law. 

The computerization of the judgement proposed herein does not totally 
replace the judge's work, some poìnts being difficult to compute1ize and 
representing the lìmìt of this research. These are: 

1. cases that have particular and complex aspects, ìnvolvìng several 
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branches of law, the automation of which can be programmed only after 
the automation of all the fields that are involved with the specific case. 

2. Sometimes a judicial decision creates a precedent. This innovation is 
very important for legai regulations as ìt represents the alignment of already 
existing laws to socia! reality (using the ambiguous word used by the 
lawyer) performed at the time of inteipretation. The neural net proposed 
herein is «conservative»: it brings every new case back to the logie of its 
precedents. 

Therefore, the use of the autoniation scheme, propos.ed in the present 
model, involves only routine cases, which are the majority. The second and 
third degree of judgement does not seem to be able to be automated at the 
present stage of research. In any case, even in the first case only, there 
would be an enormous relief of the burden on the judicial system with 
consequent savings in economie terms. 




