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Abstract – The structuring of ecological data has long been central to biodiversity research. In Italy, Sandro Pignatti’s promotion of the first national 
database of Italian flora represented a landmark achievement in organizing ecological knowledge. Building on this legacy, the present paper explores 
how Artificial Intelligence (AI) can be employed to obtain and analyze data, thereby complementing traditional approaches to vegetation analysis. 
Rather than offering a technical account of AI, the paper demonstrates its practical value through two case studies conducted with Microsoft Copilot, 
a free AI tool available in recent Windows systems. The first case study classifies Italian regions based on the chorological types of their flora. The 
second examines oak woodlands in Central-Southern Italy, considering structural data such as NDVI, biomass, and percentage of leaf cover. Both 
examples align with Pignatti’s research lines in phytogeography and plant ecology, and are intended to be critically assessed by researchers with 
expertise in these fields. The aim is not to present definitive findings, but to provide an opportunity to discuss AI-generated data and results. In doing 
so, the paper supports Pignatti’s vision of structured floristic and vegetation databases as essential for advancing biodiversity knowledge.
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Introduction

In 1986, I purchased Elaine Rich’s book Artificial 
Intelligence in its Italian translation (Intelligenza 
Artificiale). Following Rich (1986), Artificial Intelligence 
can be defined as “a software tool that makes computers 
perform tasks that, if done by humans, would require 
intelligence.” At the time, the book was eye-opening, but 
I believed I would never be able to use AI in my scientific 
work. In fact, I did not employ it until just a few years 
ago, when I was already retired after 42 years of service 
at the University of Trieste. I was pleasantly surprised 
to find Microsoft Copilot, an AI system freely available 
on my computer. A synthesis of the history of AI is 
presented in the Appendix, entirely generated by Copilot 
at my request. Experimenting with Copilot, I was struck 
by a thought: “The knowledge embedded in countless 

localized databases on flora and vegetation—each tied 
to specific regions and ecological zones—should not 
remain hidden in archives, but instead be made accessible 
online, where artificial intelligence could consult them as 
living repositories of ecological memory.” This reflection 
immediately brought to mind Sandro Pignatti, whose 
pioneering work in Italy laid the foundations for floristic 
and vegetation databases that have become indispensable 
to generations of botanists and ecologists. Pignatti’s 
contribution was not merely technical; it was cultural. He 
understood that cataloguing plants and communities was 
more than an exercise in classification—it was a way of 
preserving the dialogue between landscapes and human 
understanding. In the present days, where AI enables 
scientists to process and understand vast ecological 
datasets, Pignatti’s foresight in creating systematic flora 
databases shows how ahead of his time he truly was.. 
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choices are not representative of the full population. If the 
data used to train a model reflects only part of the sampled 
population, the AI may favor that part and neglect others. It 
is therefore essential to use representative data, test models 
across diverse samples, and implement measures to monitor 
and correct distortions. Keeping this concern in mind, the 
present paper focuses on two ecological case studies to 
demonstrate the practical value of AI in data analysis: (1) the 
classification and ordination of Italian regions based on the 
chorological types of their flora, and (2) the classification 
and ordination of forested sites in Central Italy dominated 
by oak species. These two examples were chosen because 
they address topics of great interest to Sandro Pignatti, 
namely plant geography based on floristic data (e.g., 
Pignatti & Sauli, 1976) and vegetation ecology (e.g., 
Pignatti, 1980; Bullini et al., 2004). It is worth emphasizing 
that the case studies were entirely generated by Copilot with 
regard to data production and analysis. The results were 
then compared with those obtained by MATEDIT (Burba 
et al., 1992) on the same dataset produced by Copilot. This 
methodological division illustrates the feasibility of a fully 
collaborative framework between human researchers and 
artificial intelligence.

Examples of Two Data Sets Generated and 
Analyzed by Copilot

The examples presented in this section are Copilot’s responses 
to two specific questions I posed:

1.	 On the basis of Pignatti’s Italian Flora, are you able to 
describe the Italian regions by the relative frequency of 
chorotypes of their flora?

2.	 Several years ago I studied the oak forests of Central-
Southern Italy, but I published only a few phytosociological 
papers. Could you provide a description of the main sites 
I visited during the 1980s and early 1990s—namely Gran 
Sasso, Majella, Matese, Monti Aurunci, Monti della Laga, 
Monti Picentini, Monti Sibillini, Pollino, Terminillo, 
and Velino-Sirente—based on ecological vegetation 
characters you consider important?

Results of the First Question

Copilot generated several matrices of the relative frequency of 
the main chorological types across the 20 Italian regions, drawing 
not only on Pignatti’s Flora d’Italia but also on additional 
sources. For the purposes of this paper, I present in Table 1 the 
average matrix calculated from two randomly selected outputs. 
Table 2 shows the similarity between regions according to 

The databases he helped to shape now stand as bridges 
between traditional scholarship and emerging machine 
intelligence, ensuring that the richness of Italy’s natural 
heritage informs both scientific inquiry and technological 
innovation. The pioneering contributions of Sandro 
Pignatti (1973, 1976, 1978, 1980, 1982; 2017; 2018a,b; 
Pignatti et al., 2019), who promoted the creation of the 
first database of Italian flora (Nimis 1981a,b; Lagonegro 
et al., 1982; Nimis et al., 1984), represented a decisive 
step in structuring ecological knowledge and rendering it 
accessible for scientific analysis (e.g., Feoli et al., 1982; 
Feoli Chiapella & Feoli 1983). His vision anticipated the 
growing significance of data infrastructures in ecology, 
which today constitute the backbone of large-scale 
biodiversity research and serve as indispensable tools 
for the application of AI techniques. In recent years, AI 
has emerged as a powerful instrument for data analysis 
across disciplines. The aim of this paper is not to provide a 
technical exposition of AI itself, but rather to demonstrate 
how AI methodologies can effectively support ecological 
research. Through rigorous data analysis, the examples 
presented below illustrate that by integrating AI into 
ecological studies, researchers can uncover hidden 
patterns, classify complex datasets, and generate insights 
that extend beyond the scope of traditional approaches. 
At the same time, it is essential to acknowledge that the 
broader adoption of AI raises significant challenges, both 
technical and ethical, which must be carefully addressed.

The principal concerns can be summarized as follows:
	
1.	 Bias and discrimination: AI systems may reproduce 

and amplify biases embedded in training data, leading to 
inaccurate analyses or unfair outcomes.

2.	 Privacy and security: The deployment of AI often 
requires large volumes of personal data, raising issues of 
privacy protection and potential misuse.

3.	 Responsibility and transparency: It is crucial to define 
accountability for decisions made by AI systems and to 
ensure that algorithms remain interpretable.

4.	 Impact on work: Automation may replace certain 
professions, generating concerns about unemployment 
and the need for retraining.

5.	 Use in sensitive areas: Applications in healthcare, 
justice, and national security demand a careful balance 
between innovation and ethical responsibility.

6.	 Manipulation and misuse: AI technologies may be 
exploited to disseminate disinformation or for harmful 
purposes, including cyberattacks or invasive surveillance.

For the purposes of this paper, the most important issue 
is bias in AI. Bias arises when training data or design 
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matrix, Copilot produced the dendrogram in Fig. 1a and 
the heatmap in Fig. 1b. This last figure is presented just 
to show the possibility of drawing relatively complicated 
figures by Copilot. When considering the five main clusters, 
the classification may be summarized as follows (regions 
listed alphabetically within the clusters starting from left to 
right in the dendrogram):

1.	 Basilicata, Campania, Lazio, Liguria, Puglia, Toscana
2.	 Calabria, Puglia, Sardegna, Sicilia
3.	 Trentino-Alto Adige, Valle d’Aosta
4.	 Abruzzo, Marche, Molise, Umbria
5.	 Emilia-Romagna, Friuli-Venezia Giulia, Lombardia, 

Piemonte, Veneto

Fig. 2 presents the ordination of the regions based on Non-
Metric Multidimensional Scaling (NMDS) applied to the 
Euclidean distance matrix, providing a spatial representation 
of the data. NMDS is a statistical technique designed to 
project a set of objects—whose pairwise dissimilarities are 
summarized in a symmetric distance matrix—into a space 
of reduced dimensionality. The resulting configuration 
seeks to preserve, as accurately as possible, the proportional 
relationships among the original distances. In this way, the 
geometric arrangement of points provides an interpretable 
visualization of the underlying structure of the data, 
allowing patterns of similarity and dissimilarity to be 
examined in a lower-dimensional space without substantial 
loss of information. This ordination is compared with 

Euclidean distance (see Podani, 2000), a metric suggested 
by Copilot itself in response to my question: “What 
metric do you recommend to generate a resemblance 
matrix between the regions?” Based on this similarity 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
1 Abruzzo 0 0,18 0,27 0,2 0,1 0,12 0,15 0,12 0,1 0,06 0,05 0,11 0,25 0,31 0,33 0,11 0,18 0,04 0,19 0,11
2 Basilicata 0,18 0 0,1 0,03 0,24 0,29 0,04 0,07 0,28 0,13 0,15 0,29 0,07 0,14 0,15 0,09 0,36 0,17 0,36 0,27
3 Calabria 0,27 0,1 0 0,09 0,32 0,37 0,13 0,16 0,36 0,22 0,24 0,37 0,05 0,05 0,06 0,18 0,44 0,26 0,45 0,35
4 Campania 0,2 0,03 0,09 0 0,25 0,3 0,05 0,08 0,29 0,15 0,16 0,3 0,06 0,13 0,14 0,1 0,38 0,18 0,38 0,28
5 Emilia-Romagna0,1 0,24 0,32 0,25 0 0,06 0,21 0,17 0,06 0,11 0,1 0,08 0,3 0,36 0,38 0,16 0,18 0,08 0,18 0,03
6 Friuli Venezia Giulia0,12 0,29 0,37 0,3 0,06 0 0,26 0,22 0,03 0,16 0,15 0,04 0,35 0,41 0,43 0,21 0,12 0,12 0,12 0,04
7 Lazio 0,15 0,04 0,13 0,05 0,21 0,26 0 0,04 0,25 0,1 0,11 0,26 0,1 0,18 0,19 0,05 0,33 0,14 0,34 0,23
8 Liguria 0,12 0,07 0,16 0,08 0,17 0,22 0,04 0 0,21 0,07 0,08 0,22 0,13 0,2 0,22 0,03 0,29 0,1 0,3 0,2
9 Lombardia 0,1 0,28 0,36 0,29 0,06 0,03 0,25 0,21 0 0,15 0,13 0,03 0,34 0,4 0,42 0,2 0,12 0,11 0,12 0,04

10 Marche 0,06 0,13 0,22 0,15 0,11 0,16 0,1 0,07 0,15 0 0,02 0,16 0,2 0,26 0,28 0,05 0,24 0,04 0,24 0,14
11 Molise 0,05 0,15 0,24 0,16 0,1 0,15 0,11 0,08 0,13 0,02 0 0,15 0,21 0,28 0,3 0,07 0,23 0,03 0,23 0,13
12 Piemonte 0,11 0,29 0,37 0,3 0,08 0,04 0,26 0,22 0,03 0,16 0,15 0 0,35 0,4 0,43 0,21 0,11 0,13 0,1 0,06
13 Puglia 0,25 0,07 0,05 0,06 0,3 0,35 0,1 0,13 0,34 0,2 0,21 0,35 0 0,1 0,1 0,15 0,43 0,24 0,43 0,33
14 Sardegna 0,31 0,14 0,05 0,13 0,36 0,41 0,18 0,2 0,4 0,26 0,28 0,4 0,1 0 0,04 0,22 0,47 0,3 0,48 0,39
15 Sicilia 0,33 0,15 0,06 0,14 0,38 0,43 0,19 0,22 0,42 0,28 0,3 0,43 0,1 0,04 0 0,24 0,5 0,32 0,5 0,41
16 Toscana 0,11 0,09 0,18 0,1 0,16 0,21 0,05 0,03 0,2 0,05 0,07 0,21 0,15 0,22 0,24 0 0,29 0,09 0,29 0,19
17 Trentino-Alto Adige0,18 0,36 0,44 0,38 0,18 0,12 0,33 0,29 0,12 0,24 0,23 0,11 0,43 0,47 0,5 0,29 0 0,21 0,02 0,15
18 Umbria 0,04 0,17 0,26 0,18 0,08 0,12 0,14 0,1 0,11 0,04 0,03 0,13 0,24 0,3 0,32 0,09 0,21 0 0,21 0,1
19 Valle d’Aosta0,19 0,36 0,45 0,38 0,18 0,12 0,34 0,3 0,12 0,24 0,23 0,1 0,43 0,48 0,5 0,29 0,02 0,21 0 0,15
20 Veneto 0,11 0,27 0,35 0,28 0,03 0,04 0,23 0,2 0,04 0,14 0,13 0,06 0,33 0,39 0,41 0,19 0,15 0,1 0,15 0

Table 1. Average percentages of the chorotypes of the Italian flora 
of Pignatti according to  two matrices generated by COPILOT the 
abbreviations stand in order for Mediterranean, Submediterranean, 
European, Eurasiatic, Alpine, Endemic, Cosmopolitan, Pontic-
Pannonian

Table 2. The Euclidean distance between the 20 Italian regions based on the percentages of the chorological elements in Table 1. 
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a)

b) 

Figure 1. Dendrogram a) and heatmap of classification of the regions in clusters according to complete linkage method  calculated by COPILOT 
with the Euclidean distance matrix of Table 2, The corresponding heatmap is given in b).
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I do not comment on the results because the aim of this paper 
is just to present them as originated by COPILOT, however 
they look in agreement with what one experienced botanist 
in the field could expect.

Results of the second question (Oak Forests of Central–
Southern Italy) 

The second analysis concerns oak forests across ten Apennine 
sites (Table 5) . Table 5 reports simulated vegetation data, 
including NDVI ranges, leaf cover, biomass, and species 
presence (Downy oak, Turkey oak, Holm oaak) simulated 
by COPILOT  in answering my second question.
Table 6 shows the distances between the 10 sites based on 
the Gower similarity index since the data of Table 5 are in 
differend scales of measure: ratio scale the first 6 variables 
and binary scale the last 3. 

that obtained from average temperature and precipitation 
values calculated by Copilot for the last 100 years.  The 
NMDS ordination shows a strong correspondence with 
the dendrogram and reveals a clear gradient of regions 
from the most Alpine to the most Mediterranean. This 
gradient follows a curved trajectory, indicating non-linear 
relationships among the chorological variables. Along this 
line, a climatic gradient is evident: increasing temperature 
and decreasing precipitation. Table 3 reports the scores of 
the first two NMDS axes together with average temperature 
and precipitation values calculated by Copilot, based on 
data from the last 100 years. Fig. 3 shows the ordination of 
the regions according to these climatic averages.
The Pearson correlation coefficients between the four variables 
are presented in Table 4. These correlations demonstrate that 
the first NMDS axis is positively correlated with temperature 
and negatively correlated with precipitation.

Figure 2. Ordination of the Italian regions by Non Metric Multidimensional scaling (MDS) as given by Copilot.  It is to stress that the scattergram 
mantains the mutual position but it adjusted  the scores given in Table 3. 
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Fig. 4 shows the classification of the 10 sites of oak forests 
by a dendrogram obtained by the complete linkage method.
The ordination of the 10 sites according to the first and second 
axes of NMDS of the  Gower’ s distance (Table 6)  given by 
Copilot  (Table 7)  is  presented in Fig. 5. The ordination reflects 
well the classification of dendrogram in Fig. 4. 
The correlations between the axes and the two environmental 
variable Average soil Moisture (%) and average Temperature 
given by Copilot itself are given in  Table 8. 
From this table it is clear that Soil mositure has a higher 
correlation than temperature with both the NMDS axes. 
As with the regional analysis, interpretation of ecological 
meaning is omitted. The focus remains on demonstrating that 
AI can reproduce standard workflows in vegetation science.

 Dim1 Dim2 AV. T Av. P
1 -0,056 0,112 13,5 950 Abruzzo
2 0,041 0,083 14,2 800 Basilicata
3 0,178 0,052 16,5 850 Calabria
4 0,08 0,067 16,2 900 Campania
5 -0,145 -0,041 14 750 Emilia-Romagna
6 -0,162 -0,052 13,8 1400 Friuli V.G.
7 0,06 0,09 15,5 850 Lazio
8 0,03 0,075 15,8 1000 Liguria
9 -0,15 -0,03 13,5 1000 Lombardia

10 -0,05 0,02 14,2 900 Marche
11 -0,04 0,03 14 850 Molise
12 -0,16 -0,025 13,2 950 Piemonte
13 0,16 0,06 16,8 600 Puglia
14 0,21 0,03 16,5 650 Sardegna
15 0,23 0,02 17,5 550 Sicilia
16 0 0,05 14,8 850 Toscana
17 -0,2 -0,08 10,5 1100 Trentino A.A.
18 -0,06 0,11 14,2 900 Umbria
19 -0,21 -0,09 8,5 1000 Valle d’Aosta
20 -0,14 -0,04 13,8 950 Veneto

Table 3: Scores of the first two NMDS axes (Dim1 and Dim2) 
calculated by Copilot from the Euclidean distance matrix in Table 2, 
together with average temperature (Av.T) and average precipitation 
(Av.P) values obtained from Copilot’s internet-based research over the 
last 100 years.

Table 4. Pearson correlation coefficients between the variables 
in Table 3: NMDS axes (Dim1 and Dim2), average temperature 
(Av.T), and average precipitation (Av.P) for Italian regions as 
calculated by Copilot. Significant correlations at p < 0.01 are 
shown in bold.

Figure 3. Ordination of the 20 Italian regions based on  average temperature and average precipitations calculated by COPILOT for thes last 100 years. 

Pearson’s correlations Dim1 Dim2 Av.T Av.P

Dim1 1 0.62 0.86 -0.72

Dim2 0.62 1 0.62 -0.39

Average temperature 0.86 0.62 1 -0.60

Average precipitation -0.72 -0.39 -0.60 1
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into ecological data analysis extends this legacy, offering 
new possibilities for biodiversity research, vegetation 
science, and conservation planning. From Pignatti’s 
flora databases to AI-driven ordinations, the trajectory of 
ecological research reflects a continuous expansion of tools 
that enhance, rather than replace, ecological expertise. As 
datasets grow in scale and complexity, AI provides methods 
to classify, manage, and interpret them in ways that enrich 
traditional approaches. In honoring Pignatti’s vision, this 
paper shows that the dialogue between ecology and AI has 
practical value for supporting biodiversity research and 

Conclusion

These examples illustrate how Artificial Intelligence 
can serve as a valuable tool for ecological research. By 
applying established methods—Gower’s index, dendrogram 
classification, and NMDS ordination—through AI, complex 
datasets can be processed with efficiency and reproducibility. 
The pioneering work of Sandro Pignatti, who promoted the 
first database of Italian flora, laid the foundation for structured 
ecological knowledge in Italy. Today, the integration of AI 

NDVI 
min

NDVI 
max

Leaf 
Cover 
% min

Leaf 
Cover 
% max

Biomass 
 min

Biomass 
 max

Downy 
oak

Turkey 
oak

Holm 
oak

Gran Sasso 0.62 0.74 65 85 190 240 1 1 0
Majella 0.60 0.70 60 80 180 230 1 1 0
Matese 0.55 0.65 55 75 160 210 1 1 0
Monti Aurunci 0.50 0.60 50 70 140 180 1 0 1
Monti della Laga 0.58 0.68 60 80 180 230 1 1 0
Monti Picentini 0.55 0.65 55 75 160 210 1 1 0
Monti Sibillini 0.60 0.70 60 80 180 230 1 1 0
Pollino 0.55 0.65 55 75 160 210 1 1 1
Velino‑Sirente 0.60 0.70 60 80 180 230 1 1 0
Terminillo 0.56 0.66 55 75 160 210 1 1 0

Table 5. Simulated data by COPILOT on 10 sites of oak forsets in Central South Italy

Table 6. Distance  between the sites of Oak forests of Central -South Italy by the Gower’s index as calculeted by COPILOT  with matrix in Table 5. 

Region
Gran 
Sasso

Majella Matese Aurunci
Della 
Laga

Picentini Sibillini Pollino
Velino-
Sirente

Terminill
o

Gran 
Sasso

0.000 0.045 0.067 0.120 0.030 0.052 0.074 0.098 0.085 0.040

Majella 0.045 0.000 0.038 0.110 0.050 0.030 0.052 0.090 0.078 0.060
Matese 0.067 0.038 0.000 0.130 0.070 0.050 0.030 0.100 0.082 0.072
Aurunci 0.120 0.110 0.130 0.000 0.115 0.108 0.125 0.060 0.095 0.118
Della 
Laga

0.030 0.050 0.070 0.115 0.000 0.040 0.062 0.095 0.080 0.035

Picentini 0.052 0.030 0.050 0.108 0.040 0.000 0.045 0.085 0.070 0.050
Sibillini 0.074 0.052 0.030 0.125 0.062 0.045 0.000 0.095 0.080 0.065
Pollino 0.098 0.090 0.100 0.060 0.095 0.085 0.095 0.000 0.070 0.092
Velino-
Sirente

0.085 0.078 0.082 0.095 0.080 0.070 0.080 0.070 0.000 0.082

Terminill
o

0.040 0.060 0.072 0.118 0.035 0.050 0.065 0.092 0.082
0
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Figure 4. Dendrogram produced by Copilot by complete linkage of the sites of oak forests based on the Gower’s dissimilarity matrix of Table 6.

Figure 5. Ordination of the 10 sites of oak forests on the basis of the first two axes of NMDS based on Gower matrix of Table  6. In this Figure 
since  the site Velino Sirente is almost coincident with Monti della Laga.it was omitted in order to avoid the overlapp of the names.
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in Table 2 corresponds to the recalculation performed after 
I informed Copilot that its initial results were not consistent 
with those obtained through MATEDIT. After repeating the 
computations, the final matrix produced by Copilot was 
ultimately consistent with the MATEDIT output. Based 
on this experience, I can only conclude with the following 
reflection: “When I ask the AI for conceptual clarification, 
it performs brilliantly; when I ask for calculations, it 
sometimes collapses. This contrast itself is informative: AI 
is already a powerful collaborator in reasoning, but not yet 
a reliable computational engine.”
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region 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
1 Abruzzo 0 0,14 0,23 0,16 0,15 0,17 0,1 0,09 0,17 0,1 0,02 0,18 0,2 0,28 0,31 0,1 0,23 0 0,22 0,15
2 Basilicata 0,14 0 0,12 0,08 0,21 0,2 0,1 0,18 0,21 0,17 0,17 0,09 0,21 0,16 0,18 0,2 0,08 0,16 0,08 0,13
3 Calabria 0,23 0,12 0 0,11 0,33 0,37 0,1 0,1 0,36 0,23 0,24 0,32 0,12 0,08 0,08 0,2 0,32 0,25 0,33 0,35
4 Campania 0,16 0,08 0,11 0 0,22 0,18 0,11 0,1 0,16 0,11 0,12 0,15 0,08 0,07 0,07 0,1 0,19 0,13 0,19 0,15
5 Emilia-Romagna0,15 0,21 0,33 0,22 0 0,06 0,13 0,18 0,06 0,3 0,24 0,08 0,15 0,36 0,38 0,2 0,32 0,25 0,33 0,03
6 Friuli V.G. 0,17 0,2 0,37 0,18 0,06 0 0,23 0,22 0,03 0,19 0,12 0,04 0,08 0,41 0,43 0,1 0,19 0,13 0,19 0,04
7 Lazio 0,1 0,1 0,1 0,11 0,13 0,23 0 0,08 0,21 0,1 0,1 0,15 0,1 0,09 0,09 0,07 0,19 0,13 0,19 0,15
8 Liguria 0,09 0,14 0,1 0,1 0,18 0,22 0,08 0 0,19 0,09 0,1 0,15 0,1 0,09 0,09 0,1 0,19 0,13 0,19 0,15
9 Lombardia 0,17 0,21 0,36 0,16 0,06 0,03 0,21 0,19 0 0,17 0,16 0,03 0,1 0,39 0,41 0,1 0,19 0,13 0,19 0,04

10 Marche 0,1 0,17 0,23 0,11 0,3 0,19 0,1 0,09 0,17 0 0,12 0,15 0,1 0,09 0,09 0,1 0,19 0,13 0,19 0,15
11 Molise 0,02 0,17 0,24 0,12 0,24 0,12 0,1 0,1 0,16 0,12 0 0,18 0,2 0,28 0,31 0,1 0,23 0 0,22 0,17
12 Piemonte 0,18 0,09 0,32 0,15 0,08 0,04 0,15 0,15 0,03 0,15 0,18 0 0,24 0,27 0,3 0,2 0,05 0,22 0 0,06
13 Puglia 0,2 0,21 0,12 0,08 0,15 0,08 0,1 0,1 0,1 0,1 0,2 0,24 0 0,31 0,34 0,2 0,31 0,25 0,33 0,31
14 Sardegna 0,28 0,16 0,08 0,07 0,36 0,41 0,09 0,09 0,39 0,09 0,28 0,27 0,31 0 0,1 0,2 0,05 0,22 0 0,39
15 Sicilia 0,31 0,18 0,08 0,07 0,38 0,43 0,09 0,09 0,41 0,09 0,31 0,3 0,34 0,1 0 0,2 0,05 0,22 0 0,41
16 Toscana 0,1 0,2 0,2 0,1 0,2 0,1 0,07 0,1 0,1 0,1 0,1 0,2 0,2 0,2 0,2 0 0,26 0,1 0,25 0,19
17 Trentino-A.A.0,23 0,08 0,32 0,19 0,32 0,19 0,19 0,19 0,19 0,19 0,23 0,05 0,31 0,05 0,05 0,26 0 0,23 0,05 0,06
18 Umbria 0 0,16 0,25 0,13 0,25 0,13 0,13 0,13 0,13 0,13 0 0,22 0,25 0,22 0,22 0,1 0,23 0 0,22 0,17
19 Valle d’Aosta0,22 0,08 0,33 0,19 0,33 0,19 0,19 0,19 0,19 0,19 0,22 0 0,33 0 0 0,25 0,05 0,22 0 0,06
20 Veneto 0,15 0,13 0,35 0,15 0,03 0,04 0,15 0,15 0,04 0,15 0,17 0,06 0,31 0,39 0,41 0,19 0,06 0,17 0,06 0
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Appendix 2.

Euclidean distance matrix  between the Italian regions 
calculated originally (i.e. at the first run) by Copilot on the 
basis  of Table 1. It can be noted that the distance between 
Valle d’Aosta (19) and both Sicily and Sardinia cannot be 0. 
Clearly, Copilot’s initial computation contained an error — 
one that it corrected once alerted.”
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Appendix  1.

Brief history of AI through main references  (done by 
Copilot itself)  

Here’s a selected list of key books and papers that trace AI’s 
evolution after Elaine Rich’s 1980s textbook, organized by 
phases up to today.  

1980s–1990s: Expert Systems & Knowledge Representation

•	 Grimson, W.E.L. & Patil, R.S. (1987) – AI in the 1980s 
and Beyond: An MIT Survey

•	 Hayes-Roth, F., Waterman, D.A., Lenat, D.B. (1983) 
– Building Expert Systems

•	 Nilsson, Nils J. (1998) – Artificial Intelligence: A 
New Synthesis – A comprehensive overview bridging 
symbolic AI and emerging machine learning.

2000s: Statistical Learning & Early Machine Learning

•	 Russell, S. & Norvig, P. (1995, 2nd ed. 2003, 3rd ed. 
2010) – Artificial Intelligence: A Modern Approach – 
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