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Abstract
Nowadays, Artificial Intelligence (AI) is playing a rapidly increasing role in several fields 
of research and in almost all sectors of real life. However, few studies have assessed the 
effects of AI applications on training needs. This paper proposes an innovative multilevel 
modeling in order to investigate Awareness, Attitude and Trust towards AI and their reflec-
tions on learning needs. In particular, it is shown how a machine learning variable selec-
tion algorithm can support the definition of the optimal subset of all relevant covariates 
with respect to the outcome variable and improve the multilevel model performance for 
estimating the probability of educational needs. Thus, starting from a complex web survey 
to European citizens distributed in eight countries, the estimation of a multilevel binary 
model, defined on the basis of covariates selected through the Boruta random forest algo-
rithm, is proposed. A discussion on the gender differences of the related estimated multi-
level logit models is presented. A sensitivity analysis is also included in order to assess the 
prediction accuracy of the proposed multilevel logit modeling.
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1  Introduction

Artificial intelligence (AI) has been introduced as a technology to improve decision-
making steps involving uncertainty and complexity. It provides learning and reasoning 
from experience through machine learning and data mining techniques, natural language 
processing, image recognition (Khalid, 2020). The impact of AI and its capability has 
also rapidly grown in several real world applications, such as in the energy sector mod-
eling for improving the efficiency of the energy systems and decreasing the costs (Olabi 
et al., 2023), in the business process for enabling making smarter and faster decisions 
(Sarker, 2022), in customer relationship management, where Chatterjee et  al. (2021) 
developed and examined how AI-based customer relationship management could influ-
ence firm’s performance with respect to firm size, firm age and industry type, as well as 
in the sector of E-Commerce, Banking and Finance (Huynh et al., 2020; Volkova et al., 
2021).

In this context, although the rapid growth of AI technologies is transforming socie-
ties and economies for generating productivity gains and improving welfare, few studies 
have focused on assessing the ethical and social implications of AI. Indeed, many people 
do not trust AI for several reasons. In particular, some people do not understand the real 
meanings of AI, or they are afraid of it because they see AI as positively related to other 
problems, such as fear of becoming unemployed or fear of autonomous robots (Liang 
and Lee, 2017). Floridi (2019) stated that although the benefits of AI contribute to the 
well-being of people and the advancement of organizations and societies, in the mean-
while a number of ethical and social challenges might hinder the valuable contributions 
of AI if not managed appropriately. These problems are associated for instance with the 
risk of violating people’s privacy and unintentionally tracking people on the Internet 
via Clearview AI. Recently, Huisman et al. (2021) investigated knowledge and attitude 
towards AI by radiologists in Europe highlighting how the limited AI knowledge levels 
among radiologists are associated with fear, while intermediate to advanced AI-specific 
knowledge levels are connected with a positive attitude towards AI. Moreover, among 
other works on this subject, it is also interesting to include those oriented to evaluate the 
AI-related impacts on the people, which have shown socio-demographic differences in 
the assessment of public perception of AI concerning gender and respondents’ level of 
education (Carradore, 2022; Fietta et al., 2022; Zhang and Dafoe, 2019; Ahmad et al., 
2023; Scantamburlo et al., 2024). Additional works have been focused on studying the 
impact of AI on people’s social relationships (Puteri et  al., 2024; Williamson, 2023) 
with the aim to understand its impact on inequality reduction or excessive dependence 
on technology (Tai, 2020). On the other hand, Kelley et al. (2021) conducted a survey 
to assess the public perception of AI among eight countries discovering that residents 
of non-Western countries (e.g. Brazil and South Korea) are more positive about AI than 
residents of Western countries (e.g., the United States and France).

Differently from previous works, this paper aims to provide a detailed analysis to 
determine the likelihood of people of taking a course on AI to improve their knowledge 
and then to enhance the associated decision-making process. It is worth pointing out 
that the field of AI is continuously evolving and will likely continue to do so. Thus, 
knowing people’s views and investigating their awareness, attitude and trust towards AI 
is a key factor in supporting a trustworthy AI system. On the other hand, gain skills to 
use AI tools effectively and confidently apply AI in different fields of research can help 
to make informed decisions.
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In particular, the novelty of this contribution concerns the implementation of a multi-
level binary model, based on a set of optimal variables selected through a machine learn-
ing dimensionality reduction technique, in order to estimate the probability of training 
needs in AI, with different level of variability referred to various European countries and 
city-sizes. Indeed, the Boruta Random Forest (BRF) algorithm has been proposed as an 
explanatory machine learning methodology for variable selection. Note that, in comparison 
with other dimensionality reduction methods, it captures all the covariates that are relevant 
with respect to the outcome variable and help to improve the multilevel modeling setting 
as well as its accuracy (Kursa and Rudnicki, 2010). The few works associated with Boruta 
algorithm are limited to select the most relevant variables to improve forecasting perfor-
mance or classification models in financial, environmental, medical and social context (Li 
et  al., 2024; Masrur Ahmed et  al., 2021; Manikandan et  al., 2024; Anand et  al., 2021). 
After a brief review of Boruta algorithm and multilevel modeling (Sect. 2), a description of 
data used in this paper has been presented (Sect. 3). Then, the variables selection based on 
the Boruta algorithm has been proposed (Sect. 4) and a multilevel binary model has been 
implemented on the basis of the selected covariates in order to determine the likelihood 
that European citizens take a free course on AI to improve their knowledge (Sect. 5). An 
interesting focus on the gender differences has been also included. In addition a discussion 
on the social implications of the results has been presented. A sensitivity analysis has been 
applied in order to assess the prediction accuracy of the multilevel logit model constructed 
on the basis of the selected relevant variables (Sect. 6). Finally, some concluding remarks 
have been presented (Sect. 7).

2 � Theoretical Background

In the next two sections, a brief review of the Boruta algorithm and the multilevel binary 
model used in this paper, has been proposed. More specifically, starting from the available 
data on the opinions on AI in eight countries (Italy, Spain, France, Germany, Netherlands, 
Sweden, Romania, Poland) collected through a web-based survey, the multilevel modeling 
has been boosted by defining a subset of relevant items, from the given baseline question-
naire, on the basis of a random forest algorithm.

2.1 � Variables Selection by Boruta Random Forest Optimiser

Variables selection is one of the important tasks in the applications of machine learning 
methods since it enhances the performance of the modeling process through the dimen-
sionality reduction without loosing relevant information in the original dataset. As high-
lighted in Guyon and Elisseeff (2003) these methods provide many benefits that are short-
ening computational cost, understanding of the underlying process that generated the data 
and improving the prediction accuracy.

In this paper, variables detection is performed by using the Boruta algorithm (Kursa 
and Rudnicki, 2010) which is designed as a wrapper method of the features selection 
based on the Random Forest classifier algorithm. The choice of this variables selec-
tion algorithm is justified since it aims at finding all relevant variables (with respect to 
the response variable) as opposed to just the no redundant ones (Kursa and Rudnicki, 
2010). This Random Forest classification algorithm is quick and it is run with tuning of 
parameters to give a better numerical estimate of the variables importance as pointed 
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out in Mohtasham et al. (2024), Manhar et al. (2020) and Degenhardt et al. (2017); then 
it is an ensemble method in which classification is performed by voting decision trees. 
These trees are independently built on different bagging samples of the training set. It 
uses shadow variables which are copies of original variables obtained by duplicating 
and permuting the order of values in the original variables and embedded into the train-
ing set. In particular, these shadow variables are mixed by using bootstrap sampling 
with replacement to remove the correlation between the independent and the dependent 
variables. Thus, the final dataset, also known as extended information system, is created 
by combining the data of the original variables, the shadow variables and the depend-
ent variable. Based on this new dataset, the Boruta algorithm is trained on the Random 
Forest algorithm and the importance measure (zscore) is computed for each variable 
by using the Mean Decrease in Accuracy (MDA) that is a permutation-based accuracy 
measurement method. The MDA is based on the Out-of-Bag (OOB) data and it is used 
to measure the reduction of prediction accuracy by computing the difference in predic-
tion errors before and after the permutation of each variable (Cutler et al., 2011). More 
specifically, the bootstrap sampling technique is carried out to extract training samples 
from the original dataset, then these training samples are used to build a decision tree; 
while the OOB samples (belowing to the training samples), not considered for build a 
decision tree, are considered to evaluate the accuracy of decision tree (Janitza et  al., 
2016). Hence, the extended information system is used to train the Random Forest and 
the zscore of all variables are recorded. If an original variables has a greater zscore 
than the highest maximum zscore (MZSA) earned by shadow variables in a particular 
Random Forest iteration, it is considered important for that run. These shadow variables 
are permuted at random for each Random Forest iteration. In this way, a hit is defined as 
the number of time an original variable presents a higher zscore than the MZSA of the 
random variables. To this end, by using a statistical test, known as two-tailed equality 
test (Kursa and Rudnicki, 2010), a variable is deemed relevant (or not important) when 
it has a significantly higher (or lower) number of hits than expected. To provide statisti-
cally valid results, this procedure is performed repeatedly until all variables are classi-
fied or when the maximum number of iterations with some uncertain attributes has been 
reached. The flowchart of the BRF algorithm is shown in Fig. 1.

Formally, let X = {(xij) ∶ i = 1,… , n, j = 1,… , p} be the matrix of variables 
where xij is the value of the jth variable for the ith individual. Given the matrix 
Z = {(zij) ∶ i = 1,… , n, j = 1,… , p} obtained from the original matrix X by permuting 
the values of the variables in X , called shadow variables, then S = (X,Z) represents the 
extended information system.

The Boruta algorithm runs a Random Forest classifier on this extended information 
system S with the response variable Y = {(yi) ∶ i = 1,… , n} where yi ∈ {0, 1}.

The variable importance is calculated for each original variable and the respective 
shadow variable on the overall trees by using MDA based on the OOB data for all tree. 
This measure is defined for each variable as follows:

where

•	 MDAXj.
 is the MDA of Xj. (for a subset of variables) in the tree t, t = 1,… , ntree,

(1)MDAXj.
=

1
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∑
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•	 yi = f (xK) denotes the Random Forest prediction of OOB values before permuting, with 
x
K
= {(xil), l = l1, l2,… , lK ,K ≤ p},

•	 yi = f (xK−j, zij) represents the Random Forest prediction of OOB values after permut-
ing, with x

K−j
= {(xil), l = l1, l2,… , lK ,K ≤ p, l ≠ j},

•	 I(⋅) is the indicator function,
•	 the |oobt| is the cardinal number of the OOB sample for tree (i.e. the training data sub-

sets denoted with oob which are not included in subtree construction).

As a result, the MZSA of shadow variables is used as filter indicator. In particular, if the 
zscore of the original variables is less than the MZSA, the variable is classified as “unim-
portant” and removed from the information system, otherwise, the variable is classified 
as “relevant”. On the other hand, when the result is indeterminate, a two-tailed equality 
test with the MZSA is performed. The two-tailed test (T-test) is used to evaluate the null 
hypothesis that there is no difference on average between the importance of each observed 
variable (overall tree in RF) and the corresponding MZSA of the shadow variable.

Additionally at the end of the iterations, for each original variable a statistical test is 
computed using a binomial test. By fixing a significance level ( � ) equal to 0.05, the bino-
mial test is used to evaluate the null hypothesis ( H0 ) that the given variable is relevant, 
that is the total number of hit is higher than 0.5N to consider relevant the variable. On the 
contrary, the variable is deemed unrelevant when the number of hit for N iterations is sig-
nificantly lower than 0.5N.

Fig. 1   Flowchart of the BRF algorithm
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Therefore, the Boruta algorithm removes all shadow variables made at the beginning 
and the procedure is repeated until all variables have been assigned the importance or 
the algorithm has reached a predetermined number of iterations (N), previously defined. 
The Boruta algorithm used in this paper is defined as reported in the following list of 
instructions (Algorithm 1).

Algorithm 1   The Boruta algorithm

2.2 � Theoretical Hints on Multilevel Binary Model

The multilevel approach is often recalled in Statistics for the study of hierarchical data 
structure characterized by complex patterns of variability (Goldstein, 2011; Snijders 
and Bosker, 2011). This structure organizes the cases into known clusters and a set of 
explanatory variables (covariates) associated with each group level.

The multilevel models can be considered as a natural extension of classical linear 
models or generalized linear models. Nevertheless, unlike traditional regression models, 
covariates in multilevel models can be picked for each cluster with the assessment of 
variability at the selected levels of aggregation, in order to measure the cluster effects 
on the outcome variable. Over the past years multilevel regression models have been 
the object of many papers and books (Distefano et al., 2025; Cappello et al., 2024; De 
Iaco and Maggio, 2022; De Iaco et al., 2019; Goldstein, 2011; Reise and Duan, 2004; 
Snijders and Bosker, 2011).

In the following, the two-level binary logit model is presented.
Let Yij ∼ Ber(�ij) be the binary response variable which takes values 0/1 (response 

categories), with the index i ( i = 1,… , nj ) representing the level 1 unit, the index j 
( j = 1,… ,N ) corresponding to the level 2 unit.
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Given the set of covariates {X1⋅,X2⋅,… ,XH⋅
} , which influence the dependent response 

variable Yij , the two-level logit model is defined as follows:

where link between the mean �ij and the linear predictor �ij is given by the logit function 
(well-known as link function),

with

•	 �hj = �h + uhj, h = 0, 1,… ,H

•	

⎡⎢⎢⎢⎢⎢⎢⎣

u0j
u1j
⋮

uhj
⋮

uHj

⎤
⎥⎥⎥⎥⎥⎥⎦

∼ N
�
0,�u

�
, �u =

⎡
⎢⎢⎢⎢⎢⎢⎣

�2
u0

�u01 �2
u1

⋮ ⋮ ⋱

�u0h �u1h … �2
uh

⋮ ⋮ ⋮ ⋮ ⋱

�u0H �u1H … �uhH … �2
uH

⎤⎥⎥⎥⎥⎥⎥⎦

.

The parameters of such a model can be estimated through the marginal maximum likeli-
hood estimation, where the marginal likelihood of the observed data, obtained by integrat-
ing out the distribution of the random effects, is maximized.

The estimated regression coefficients stand for changes in the log-odds (logits) and 
their exponentials correspond to the odds ratios (ORs) which can take any value from 0 to 
infinity.

3 � Data Description

The data used in this paper were collected during a European survey on AI and Ethics 
which was conducted from the 1st to the 15th of June 2021 on a sample of units from eight 
countries (Italy, Spain, France, Germany, Netherlands, Sweden, Romania, Poland). This 
survey was conducted by the market research agency Marketing Problem Solving (MPS) 
based in Italy (https://www.mpsresearch.it/en/). The MPS developed an ad hoc question-
naire and managed data collection. The data that support the findings of this study are 
available in Zenodo at the link: https://​zenodo.​org/​recor​ds/​13890​780.

The data gathered through a questionnaire consist of 61 items grouped into two sec-
tions. The first section, titled “screening and demographics data”, is composed of 7 items 
and it is focused on socio-demographic aspects, such as Gender, Age, country, job, Qualifi-
cation level, digital skills of the sample and the number of residents in the area where they 
live classified by city-size (rural-small urban area and medium–large urban area); while the 
second section called “AI questionnaire” includes 54 items that describe three ethical and 
social aspects: the Awareness, the Attitude and the Trust on the citizen’s approach towards 
AI. More specifically, the AI awareness comprises 29 items concerning the people’s self-
reported knowledge of AI, the perceived impact on their daily life as well as the general 
awareness of European Commission’s initiatives such as the General Data Protection 

(2)�ij = �0j +

H∑
h=1

�hj xhij

(3)�ij = log it(�ij) = ln
�ij

1 − �ij
and �ij =

exp{�ij}

1 + exp{�ij}

https://zenodo.org/records/13890780
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Regulation, the Ethics Guidelines for Trustworthy AI and the recent Proposal for an AI 
Regulation. The Attitude comprises 12 items and is referred to citizens’ attitude towards 
AI and its use in some specific sectors or contexts of application (e.g. job application and 
energy consumption). The Trust or self assessed comprises 13 items and is referred to citi-
zens’ priorities to promote a responsible development of AI which could ensure a benefi-
cial use of AI. The assessment of the items is based on dichotomous, multi-responses or 
ranking responses and likert scale.

The survey was carried out by computer-assisted web interview methodology, in 
order to ensure quality of the dataset; contradictory answers, as well as the participants’ 
responses that completed the survey too quickly were removed. The respondents were ran-
domly selected by using an exhaustive sampling scheme. Indeed, the population was first 
divided into non-overlapping subgroups of units called strata (country), then a random 
sample was selected from each country stratified by age, gender and geographic regions. 
The sample size corresponds to 4006 respondents, out of which equal share of the sample 
was interviewed for each country (12.5%). After excluding missing value, the sample con-
sists of 3992 respondents, composed of 49.4% of men and 50.6% of women and the mean 
age of them is 45.82 (standard deviation equal to 14.9). Moreover, with reference to the 
Qualification level, the descriptive analysis has highlighted that the 30.8% of the respond-
ents has the highest level of formal education (bachelor, master or doctoral degree), while 
the 20.6% has short cycle tertiary education (i.e. also including trade schools and voca-
tional education). Furthermore, 50.3% of people is employee, the 13.9% is self employed 
and the remaining 35.8% of people are retired (17.3%), students (5.2%), homemakers 
(5.7%) and unemployed (7.6%).

Regarding the level of knowledge about digital skills, 30.3% of the respondents has 
an intermediate level of competence in digital skills while the remaining part has a basic 
(44.5%) or low degree of digital knowledge (25.2%). This aspect is considered relevant 
for the implications of the digital revolution in the labor market as well as because of the 
accelerated needs caused by the COVID-19 lockdown measures (Guitton, 2020).

In order to investigate the opinion of people concerning ethical and social aspects 
around AI and in particular the AI training needs, the 53 items (excluding the response 
variable) have been classified according to the three key factors introduced above, aware-
ness, attitude and trust, as shown in Table 1.

Further details on descriptive statistics regarding the variables of the “AI section” can 
be found at the link https://​zenodo.​org/​recor​ds/​13890​780. In the following the proposed 
two-stage procedure includes the identification of the relevant variables in the dataset 
through the BRF algorithm and then the implementation a two-level logit model for the 
estimation of the probability of people to attend a free course on AI. In particular, two hier-
archical levels have been considered: the first level corresponding to the sample of Euro-
pean citizens (3992 respondents); the second level corresponding to the geographic units 
obtained through the interaction between countries (8 units) and city-sizes (2 units), that is 
“rural or small urban area” and “medium–large urban area”. The two levels of aggregation 
are justified by the intrinsic hierarchical structure of the data measured with respect to the 
locations, in which the cultural aspects can offer different opportunities. Indeed, people liv-
ing in the same country are similar to each other since the countries share similar culture, 
economic and social aspects; on the other hand, heterogeneity can be also assumed in the 
relation to the size of the city where the people live.

Before introducing the section dedicated to the multilevel binary modeling applied in 
the paper, it is worth focusing on the BRF algorithm used to select the optimal subset of 

https://zenodo.org/records/13890780
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variables (on a total of 52 variables) to be taken into account as input to perform the multi-
level binary modeling for prediction purposes.

The related computational aspect associated to the fitting process of the multilevel 
analysis and the variables selection have been faced by employing two distinct software 
packages. This choice has been motived on the basis of the following pratical reasons: the 
multilevel binary regression model has been fitted by using the MLwiN software since it 
can fit models with up to five levels, it includes several estimators and it has an easy point-
and-click based user interface (Rasbash et al., 2009). On the other hand, the BRF algorithm 
has been fitted by using the Boruta package in the R environment where this procedure 
outlined above has been easily implemented (Kursa and Rudnicki, 2010).

4 � Variables Selection using Boruta Algorithm for the Interest in AI 
Course

In this section, the BRF algorithm has been applied to the dependent variable “interest of 
people to attend a free course on AI” in order to select the most relevant variables.

4.1 � BRF Selection Process

To perform the BRF algorithm on the observed dataset the steps which need to be tackled 
regard:

•	 the shadow variables obtained by duplicating the original variables in the dataset and 
shuffling values of each column,

•	 the comparison between the zscore of the original variable with respect to the shadow 
variable.

As regards the second step, it can be pointed out that the Boruta algorithm trains a Random 
Forest classifier on this new dataset ( ntree = 500 for this study) with values for the original 
and shadow variables and it compares whether one original variable has higher importance 
(zscore) as compared to its shadow variable. Hence, if the importance of the original vari-
able is found to be much higher than its shadow implies that the variable is confirmed to 
be relevant, otherwise it is classified as unimportant. This procedure has been repeated 100 
times and the average importance from 100 runs has been used as the estimate of the vari-
ables importance.

Figure 2 shows the zscore evolution at different Boruta runs for all the questionnaire 
variables (original variables). In particular, the green lines indicate the behaviour of the 
original variables that affect more significantly the response variable, the red lines indi-
cate the behaviour of the original variables that affect less significantly the response vari-
able, while the blue lines denote the minimal, average and maximum shadow variable 
importance.

Figure 3 shows the boxplots of the zscore for the variables over the Boruta algorithm 
runs, where they are sorted by increasing importance.

The boxplots in green represent the zscore distributions of the variables with high 
importance, the boxplots in red correspond to the datasets’ rejected variables, while the 
boxplots in blue resemble the performance of the shadow variables. More specifically, 
the shadow variables with the highest and lowest importance are called “ShadowMax” 
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or “ShadowMin”, respectively; on the other hand, the mean performance of the shadow 
variables is called “ShadowMean”. It is worth pointing out that in this case, the result 
achieved by using the Boruta algorithm, through several iterations, can be considered 
reasonably more stable than those obtained by using other variable selection methods 
based on a single Random Forest run (Kursa and Rudnicki, 2010). Therefore, the vari-
ables with mean importance greater than 15 have been selected and used as the input 
covariates to apply the proposed multilevel model. For this aim, the relevant variables 
taken into account have been the following: Knowledge of AI (Q1), Attitude towards AI 
(Q9, Q2) and Trust towards AI (Q3) as shown in Table 1.

Fig. 2   zscore variability among variables based on the Boruta algorithm, where the green lines correspond 
to confirmed attributes, red to rejected ones and blue to respectively minimal, average and maximal shadow 
attribute importance. (Color figure online)

Fig. 3   Boxplots of the zscores obtained by the Boruta algorithm, where the variables are sorted by increas-
ing importance. Blue boxplots correspond to the minimum, maximum and average value of shadow vari-
ables. Red and green boxplots correspond to the zscore of variables respectively eliminated or confirmed 
important by the BRF algorithm. (Color figure online)
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4.2 � Descriptive Results on BRF Selection

In this section, the variables selected by using BRF algorithm have been described. In 
particular, it is worth focusing on the descriptive results coming from the eight radar 
plots (one for each analyzed country) of the relevant variables selected by the Boruta 
algorithm (Saary, 2008; Duan et al., 2023).

As illustrated in Fig. 4, each relevant variable has been represented on a different radius 
based on its score and the grey area has been obtained by considering the mean scores 
computed on the overall sample for the four items.

It is worth highlighting that people in Germany, France and Netherland have declared a 
low level of knowledge of AI (Q1), a general negative attitude towards AI (Q2) as well as a 
negative attitude to apply AI to job recruitment (Q9). In addition, in relation to the impact 
of AI in their daily lives (Q3), the corresponding perception is greater in Spain and lower 
in Poland with respect to the other countries.

Finally, the averages associated to these variables have been compared with respect 
to the ones related to the eight countries under study by using the Kruskal–Wallis test 
(Kruskal and Wallis, 1952). By fixing a significance level of 1%, this test checks for the 
validity of the null hypothesis that there is no difference among the countries. The results 
in Table 2 show statistically significant differences according to the three factors concern-
ing Awareness (Q1), Attitude (Q9 and Q2) and Trust (Q3) towards AI among countries.

Fig. 4   Radar plots giving the estimated likert scores of all relevant variables selected by Boruta algorithm 
for each country

Table 2   Variables of the “AI 
section”

Selected Variables Kruskal–Wallis 
statistic

df p value

Knowledge of AI (Q1) 130.792 7 0.000
Attitude towards AI (Q9) 280.124 7 0.000
Trust towards AI (Q3) 280.124 7 0.000
Attitude towards AI (Q2) 164.220 7 0.000
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Moreover, as regards the Q2 and Q9 variables (Attitude towards AI), both represent 
the same ethical and social aspect referred to the factor attitude. Indeed, this can be justi-
fied since the Boruta algorithm tends to find all variables that are relevant for the response 
variable without considering the collinearity among variables. Thus, the variable Attitude 
towards AI (Q2) has been discarded, while the variables Knowledge of AI (Q1), Attitude 
towards AI (Q9), Trust towards AI (Q3), used to measure the degree of awareness, attitude 
and trust of the people concerning ethical and social aspects of AI, have been included as 
the input covariates of a multilevel binary model, jointly with Gender, Age and Qualifica-
tion level that describe the “socio-demographic data” (Table 3).

Note that the variable Gender has been also chosen as stratification variable in order to 
evaluate the different attitude with respect to the propensity of attending a free course on 
AI.

5 � A Two‑Level Binary Model for the Probability of Training Needs in AI

In the following, the two-level binary logit model (4), characterized by the intercept and the 
slope that vary across the level 2, has been adopted to assess the probability of educational 
needs in AI, by focusing, first of all, on the whole sample of European citizens belonging 
to the eight countries under study and then by classifying them on the basis of the gender.

5.1 � Modeling and Results for the Sample of European Citizens

Let Yij ∼ Ber(�ij) be the binary response variable which takes values 0 for “not interested 
in attending a free training course on AI” with probability (1 − �ij) and 1 for “interested in 
attending a free training course on AI” with probability �ij , where:

•	 the index j (j = 1,… ,N) , with N = 16 , corresponds to the country per city-size (which 
represents the units of level 2), constructed by considering both the 8 countries and the 
2 city-sizes (“rural or small areas” and “medium–large urban areas”);

•	 the index i (i = 1,… , nj) represents the units of level 1;

•	
N∑
j=1

nj = 3992 is the size of the total sample of European citizens.

Given the relevant set of covariates {X1⋅,X2⋅,… ,X7⋅} listed in Table 4, which can influence 
the dependent variable Yij , the two-level binary logit model has been defined as follows:

Table 3   The relevant variables selected for the study

Variables Modality or derived modality

Gender “0”= man, “1”= woman
Age “0”= between 18 and 34 (young), “1”= between 34 and 55 

(middle), “2”= more than 55 (senior)
Qualification level “0”= until tertiary education, “1”= bachelor’s degree or higher
Knowledge of AI (Q1) “0” = low, “1”= medium–high
Attitude towards AI (Q9) “0” = low, “1”= medium–high
Trust towards AI (Q3) “0” = low, “1”= medium–high
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where:

•	 �0j = �0 + u0j
•	 �2j = �2 + u2j
•	 �3j = �3 + u3j
•	 �4j = �4 + u4j
•	 �7j = �7 + u7j

with

•	

⎡⎢⎢⎢⎢⎢⎣

u0j
u2j
u3j
u4j
u7j

⎤
⎥⎥⎥⎥⎥⎦

∼ N
�
0,�u

�
, �u =

⎡
⎢⎢⎢⎢⎢⎣

�2
u 0

�u0 2 �2
u2

�u0 3 �u2 3 �2
u3

�u0 4 �u2 4 �u3 4 �2
u4

�u0 7 �u2 7 �u3 7 �u4 7 �2
u7

⎤⎥⎥⎥⎥⎥⎦

.

It is worth pointing out that the model in (4) allows the slopes concerning Knowledge of 
AI-Q1  (X1⋅ ), Age between 35 and 55 years old  (X5⋅ ) and Age between 55 and 75 years 
old (X6⋅ ) to be constant; on the other hand, the intercept and the other covariates’ coeffi-
cients are assumed to vary across the 2nd level.

On the basis of the model (4), Table 4 reports the estimates of the significant covariates’ 
coefficients obtained by using the iterative generalised least squares (IGLS) algorithm, 
with the predictive (or penalized) quasi-likelihood (PQL) approximation.

The ORs have been also computed (last column of Table  4) in order to evaluate the 
covariates’ effect on the probability of training needs in AI, as discussed in the following.

•	 Having a medium–high level of Trust regarding the impact of AI and its applications 
on daily life (compared to having a very low Trust towards AI) increases the prob-
ability to attend a course in AI by +98%; in addition, feeling fairly comfortable with 
recruitment based on an AI algorithm (with respect to not being very comfortable 
and then showing a medium–high level of attitude towards AI) enhances the likeli-
hood of requiring upgrading of their skills by +144%. The positive effect of these 
two covariates, Trust towards AI (Q3) and Attitude towards AI (Q9), respectively, on 
the probability of training needs in AI is even higher for the citizens who feel that its 
applications have a larger impact on real life (+144%) than for those who trust on AI 
as a driver to improve the efficiency of daily tasks (+98%).

•	 Declaring to have a medium–high level of competence in AI and a medium–high 
degree of awareness of its impact on society, compared with having low skill and 
consciousness in AI, increases the probability of being interested in attending a free 
course on AI by +24%. Although the effect of this covariate (Knowledge of AI-Q1) 
is positive, the OR is lower than the ones associated to the covariates Attitude 
towards AI (Q9) and Trust towards AI (Q3). This can be justified by considering 
that the citizens with a medium–high level of knowledge of AI are informed about 
new opportunities provided by AI in terms of economic and social development: this 
might reasonably produce a dampening impact on the probability to attend a course 
on this topic.

(4)�ij = �0j + �1 x1ij + �2j x2ij + �3j x3ij + �4j x4ij + �5 x5ij + �6 x6ij + �7j x7ij
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•	 Having a bachelor’s degree or higher Qualification level (compared to a tertiary educa-
tion level) increases the likelihood of attending a course in AI by +29%; indeed, the 
positive effect of this covariate on the probability of taking a course in AI could be 
plausibly justified by taking into consideration that citizens with advanced levels of 
education are more aware of the specific uses of AI in daily life than those with lower 
levels of education.

•	 Belonging to the senior age group (more than 55 years old) with respect to the young 
age (18–34 years old) decreases the probability to attend a course on AI by −23 %. On 
the other hand, the probability of taking a course increases by only +1.7% (not sig-
nificant) for the working-age citizens (middle age group). This could be explained by 
considering that the citizens belonging to the middle age group might be interested in 
a course of AI only for retraining and skill enhancement; on the other hand, young 
people might presumably have a greater interest in enrolling in an AI course not only 
to improve their knowledge and proficiency on the subject, but also to gain new job 
opportunities. In this context, as stated by Siau and Wang (2018), the role of higher 
education is becoming necessary to improve the citizens knowledge and skills.

•	 Being a woman increases the probability of taking a course on AI by +43%; this might 
be allegedly due to the gender difference in the attitude towards AI, as discussed in 
many contributions in the literature (Cai et al., 2017).

Moreover, by focusing on the random part of the model, it is evident that the variation in 
the probability to attend a course in AI occuring in the second level, concerns the covari-
ates Attitude towards AI (Q9), Trust towards AI (Q3), Qualification level and Gender, with 
an influence of the 2nd level-group effect (country per city-size) which is slightly higher on 
the Trust towards AI (Q3) and Qualification level covariates than for the two others. This is 
also confirmed by the estimated intra-class correlation coefficient corresponding to 3 and 
2%, for Trust towards AI (Q3) and Qualification level, respectively.

5.2 � Modeling and Results for the Sample of European Citizens, by Gender

Let Y (k)

ij
, k = 1, 2 , be two binary response variables for the sub-sample of women and men, 

respectively, which take values 0 for “not interested” or 1 for “interested” into attending a 
free training course on AI, where:

•	 the index j (j = 1,… ,N) , with N = 16 , corresponds to the country per city-size (which 
represents the units of level 2), constructed by considering both the 8 countries and the 
2 city-sizes (“rural or small areas” and “medium–large urban areas”);

•	 the index i (i = 1,… , n
(k)

j
) represents the subset of women for k = 1 or the subset of 

men for k = 2;

•	
N∑
j=1

n
(1)

j
= 1974 and 

N∑
j=1

n
(2)

j
= 2018 are the sub-sample sizes for women and for men, 

respectively.

Given the set of covariates {X1⋅,X2⋅,… ,X6⋅} , which influence the dependent variables 
Y
(1)

ij
∼ Ber(�

(1)

ij
) and Y (2)

ij
∼ Ber(�

(2)

ij
) (Table 5), the corresponding two-level binary logit 

models are expressed as follows:
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where the model in (5) presents:

•	 �0j = �0 + u0j
•	 �3j = �3 + u3j
•	 �4j = �4 + u4j

(5)�
(1)

ij
= �0j + �1 x1ij + �2 x2ij + �3j x3ij + �4j x4ij + �5 x5ij + �6 x6ij

(6)�
(2)

ij
= �0j + �1 x1ij + �2j x2ij + �3j x3ij + �4 x4ij + �5 x5ij + �6 x6ij

Table 5   Estimates of fixed and random parameters, together with the standard errors (SE), the Wald statis-
tic, the p-value and the ORs of the binary model referred to binary model classified on the basis the gender

∗p-value<0.1   ∗∗p-value<0.05   ∗∗∗p value < 0.01

Covariate’s category and estimates for fixed 
parameters

𝛽 SE(𝛽) Wald statistic p value OR = exp (𝛽)

Gender: woman
Individual-level covariates
constant − 0.365 0.166 − 2.199 0.028∗∗ 0.694
Knowledge of AI-Q1 ( x

1 ij) 0.600 0.147 4.082 0.000∗∗∗ 1.822
Attitude towards AI-Q9 ( x

2 ij) 0.970 0.115 8.435 0.000∗∗∗ 2.638
Trust towards AI-Q3 ( x

3 ij) 0.591 0.142 4.162 0.000∗∗∗ 1.806
Qualification level ( x

4 ij) 0.329 0.129 2.550 0.011∗∗∗ 1.390
Age between 35 and 55 years old ( x

5 ij) 0.243 0.136 1.787 0.074∗ 1.275
Age between 55 and 75 years old ( x

6 ij) 0.017 0.142 0.120 0.905 1.017
Random parameters

�u=

⎡

⎢

⎢

⎢

⎣

0.106(0.081)
−0.029(0.071) 0.0113(0.105)
0.056(0.060) 0.016(0.069) 0.067(0.091)

⎤

⎥

⎥

⎥

⎦

Gender: man
Individual-level covariates
constant −0.430 0.192 −2.240 0.025∗∗ 0.651
Knowledge of AI-Q1 ( x

1 ij) 0.508 0.148 3.432 0.001∗∗∗ 1.662
Attitude towards AI-Q9 ( x

2 ij) 0.765 0.111 6.892 0.000∗∗∗ 2.149
Trust towards AI-Q3 ( x

3 ij) 0.653 0.164 3.982 0.000∗∗∗ 1.921
Qualification level ( x

4 ij) 0.357 0.108 3.305 0.001∗∗∗ 1.429
Age between 35–55 years old ( x

5 ij) −0.084 0.127 −0.661 0.508 0.919
Age between 55–75 years old ( x

6 ij) −0.375 0.132 −2.841 0.004∗∗∗ 0.687
Random parameters

�u=

⎡

⎢

⎢

⎢

⎣

0.283(0.135)
0.004(0.068) 0.009(0.064)
−0.086(0.108) 0.0059(0.070) 0.241(0.148)

⎤

⎥

⎥

⎥

⎦
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with

•	
⎡
⎢⎢⎣

u0j
u3j
u4j

⎤
⎥⎥⎦
∼ N

�
0,�u

�
, �u =

⎡
⎢⎢⎣

�2
u0

�u03 �2
u3

�u04 �u34 �2
u4

⎤
⎥⎥⎦
.

On the other hand, the model (6) shows:

•	 �0j = �0 + u0j
•	 �2j = �2 + u2j
•	 �3j = �3 + u3j

with

•	
⎡⎢⎢⎣

u0j
u2j
u3j

⎤
⎥⎥⎦
∼ N

�
0,�u

�
, �u =

⎡
⎢⎢⎣

�2
u0

�u02 �2
u2

�u03 �u23 �2
u3

⎤⎥⎥⎦
.

The models (5) and (6) are denoted as random multilevel intercept and random slope mod-
els (De Iaco and Maggio, 2022). In particular, there is a variability across the second level 
(countries per city-size) for:

•	 the constant and the Trust towards AI ( X3⋅ ), in both models (5) and (6),
•	 the Qualification level ( X4⋅ ) in model (5),
•	 the Attitude towards AI ( X2⋅ ) in model (6).

On the other hand, the slopes are assumed to be constant for all the remaining covariates. 
Thus, Table 5 shows the estimates of fixed and random parameters of the logit models for 
women and men, obtained by using the IGLS algorithm, with the PQL approximation. The 
ORs given in the last column of Table 5 highlight the following aspects.

•	 For what concerns the sub-sample of women, having a medium–high level of knowl-
edge (Q1), a medium–high Attitude towards AI (Q9) and a medium–high level Trust 
towards AI (Q3) increases the probability of training needs in this field by +82, +164 
and +81%, respectively. In addition, having at least a bachelor’s degree or a higher edu-
cation degree increases by +39% the probability of taking a course in AI. Moreover, it 
can be observed that belonging to the middle age group (35–55 years old) with respect 
to the young age (18–34 years old) enlarges by +28% the probability to attend a course 
on AI; on the contrary, the probability of taking a course increases by only +1.7% for 
the senior age group (more than 55 years old) with respect to the young age.

•	 With reference to the sub-sample of men, having a medium–high level of knowl-
edge (Q1), a medium–high Attitude towards AI (Q9) and a medium–high level Trust 
towards AI (Q3) increases the probability of training needs in this field by +66, +115 
and +92%, respectively. Moreover, having at least a bachelor’s degree or a higher edu-
cation degree increases by +43 % the probability of taking a course in AI. It can be 
also pointed out that belonging to the senior age group (more than 55 years old) with 
respect to the young age decreases the probability to attend a course on AI by −31 %; 
conversely, belonging to the middle age group (35–55 years old) with respect to the 
young age decreases the probability to attend a course on AI by only −8%.
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The ORs’ results show a different behaviour of women with respect to men in relation to 
the choice to take a course to improve their skills in AI. This might depend both on the dif-
ferent job opportunities for women compared to men, due to their higher risk of displace-
ment, as well as to a distinct attitude towards technological aspects, as clarified in some 
contributions in the literature (Cai et al., 2017; Goswami and Dutta, 2016). In particular, as 
discussed in Erickson et al. (2017), the women are more critical about their skills than men 
even if they have the same positions. This kind of gender stereotypes can lead to different 
levels of self-motivation and create structural barriers that perpetuate workplace gender 
inequality (European Commission, 2021).

On the other hand, the positive effect on the training needs in AI given by a 
medium–high level of Trust towards AI (Q3) is attenuated for women with respect to men.

With reference to the level of knowledge (Q1) and of Awareness of AI applications in 
everyday life (Q9), the positive effect on the probability to attend a course in AI is stronger 
for women than for men. This could be explained by considering that the presence of 
women in education, in research and, more generally, in activities connected with computer 
science is lower compared to men, as well as fewer women achieve leadership positions 
in these fields. In this context, an educational need could help to overcome this gender 
disparity.

Finally, by focusing on the random part of the model, it is important to pointing out 
that the variation in the probability to attend a course in AI regarding the second level, is 
related to:

•	 the covariates Trust towards AI (Q3) and Qualification level, with an incidence of the 
2nd level-effect which is slightly greater on the Qualification level (with the estimated 
intra-class correlation coefficient equal to 2%) compared to Trust towards AI (Q3), in 
the case of the sub-sample of women;

•	 the covariates Attitude towards AI (Q9) and Trust towards AI (Q3), with an influence of 
the 2nd-level which is moderately larger for Trust towards AI (Q3) (with the estimated 
intra-class correlation coefficient equal to 3%) compared to Attitude towards AI (Q9), 
in the case of the sub-sample of men.

5.3 � Estimated Probability of attending AI Courses

In order to clarify the modeling findings, the predicted probabilities of attending an AI 
course have been calculated for a sample of European citizens in eight countries, also strat-
ified by gender, as reported in Table 6. More specifically, from what concerns the whole 
sample of citizens (third column of Table 6), it is evident that the countries with the high-
est estimated probability of training needs in AI (greater than 0.60) are Romania, Spain, 
Italy and Sweden differently from the other four countries (Netherland, Germany, Poland, 
France). These results suggest that the Trust and Awareness in human-AI interactions is 
perceived in the most disparate manner among countries, where moral and ethical issues 
might differ. This can be justified by taking into account that the strategies of the European 
Union, are oriented to a regulation on the development and use of AI. In particular, the 
European Commission proposed on April 21, 2021, a legal framework, known as AI Act, 
where policy options to enable a trustworthy and secure development of AI in Europe, 
in full respect of the values, transparency and accountability of European citizens are 
described. As highlighted in European Commission (2021), this document also provides 
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some measures about new risks or negative consequences for individuals or the society 
posed by the development and use of AI.

In this context, since 2021 the member states have developed an action plan to follow up 
the implementation of their national AI strategies. By considering the information regard-
ing the policy approaches across member states, the above mentioned empirical evidences 
might be reasonably due to peculiar AI policies adopted by each country. Indeed, Romania, 
Italy, Spain and Sweden have stated as priority target the development of education and 
skills in AI in the public and private sector as well as the improvement of AI education at 
all levels and the introduction of reskilling opportunities the working age. The remaining 
countries are focused not only on actions to support on education and skills in AI, but also 
to increase the use of AI for public service (i.e. including climate change, health, Finance, 
and Agriculture) and develop an ethical framework for a transparent use of AI applica-
tions. According to the country per city-size (2nd level), the Table 6 highlights that people 
who live in medium–large urban areas of Spain and Romania reveal a greater likelihood 
to attend a course on AI than people residents in rural or small areas. On the other hand, 
from the estimated probabilities in Table 6 it is highlighted that people who live in rural or 
small areas of Netherland and Sweden reveal a greater likelihood to attend a course on AI 
than people residents in medium–large areas. In addition, by focusing on the the sample 
of European citizens classified with respect to gender, the results in Table 6 show a higher 
probability to continue learning in order to improve their skills for the women living in 
Romania (with predicted values ranging from 0.719 to 0.734) compared to the men (with 
predicted values spanning from 0.648 to 0.655). On the other hand, it is evident that the 
lowest estimated probability for the European citizens to enhance their education level in 
AI are observed in the Netherland with predicted values spanning from 0.601 to 0.614 for 
women and 0.530 to 0.532 for men.

Table 6   Estimated probabilities 
for the evaluation of the interest 
in AI courses, classified with 
respect to the country per 
city-size for the whole sample 
of citizens ( 𝜋̂ij ), the subset of 
women ( 𝜋̂(1)

ij
 ) and the subset of 

men ( 𝜋̂(2)

ij
)

Country City-size 𝜋̂ij 𝜋̂
(1)

ij
𝜋̂
(2)

ij

Rural or small area 0.625 0.684 0.599
Italy Medium–large urban area 0.620 0.695 0.583

Rural or small area 0.629 0.701 0.594
Spain Medium–large urban area 0.653 0.709 0.616

Rural or small area 0.557 0.649 0.540
France Medium–large urban area 0.565 0.674 0.531

Rural or small area 0.548 0.614 0.532
Netherland Medium–large urban area 0.536 0.601 0.530

Rural or small area 0.557 0.645 0.531
Germany Medium–large urban area 0.553 0.661 0.521

Rural or small area 0.600 0.703 0.555
Sweden Medium–large urban area 0.581 0.685 0.560

Rural or small area 0.667 0.719 0.648
Romania Medium–large urban area 0.678 0.734 0.655

Rural or small area 0.556 0.650 0.582
Poland Medium–large urban area 0.590 0.692 0.596
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5.4 � Discussion on Social Implications

This work has developed an innovative two stage analysis to assess the effects of Aware-
ness, Attitude and Trust of people towards on AI training needs which can have a social 
impact. Indeed, this paper has focused on the evaluation of the variability among different 
countries of AI education and has also estimated the probability of the consequent training 
needs. It has contributed to the knowledge of this field highlighting the importance of AI 
education and the predisposition of citizens to acquire digital skills. The multilevel analysis 
revealed the presence of relevant disparities among country-size and gender gaps in the 
attitude to attend training courses in order to be ready to face new digital challenges of 
labor market.

In this context, the European Union has adopted strategies and addressed the national 
policies for member countries in digital skills, supporting workforce and education system 
and train ICT experts.

Eurostat as part of the European Commission’s Digital Decade program has noticed 
in 2021 a level of basic digital skills that is not yet aligned with the EU’s targets, which 
established as a goal that at least 80% of citizens aged 16–74 should have basic skills by 
2030. The indicator, used to measure this skill level, is called “Digital Skills Indicator” 
and can be considered as proxy of individual’s skills and it identifies in skill levels in terms 
of basic or high skills. Based on the published results for the year 2021, 54% of people in 
the Europe aged 16–74 has at least basic overall digital skills. More specifically, it can be 
seen from the Eurostat report that Netherlands (79%) has the highest share of general basic 
digital skills followed by Sweden (67%), Spain (64%) and France (62%). In contrast, Ger-
many (49%), Italy (46%), Romania (28%) and Poland (43%) have the lowest shares of digi-
tal skills. This confirms the difference among the estimated probabilities of training needs 
of the first group of countries (Netherland, Sweden, Spain and France) with respect to the 
second one (Italy, Germany, Poland and Romania), as shown in Table 6.

Furthermore, among the nations analysed in the multilevel study, the Women in Digital 
Scoreboard (WiD), which takes values ranging from 0 to 100, showed in 2022 that there 
is a gender gap in specialist digital skills (European Commission, 2022). Indeed, women 
living in the Netherlands (WiD equal to 71.9), Sweden (WiD equal to 71.2), France (WiD 
equal to 64.4) and Spain (WiD equal to 64.2) have the highest level of digital skills with 
respect to the European medium value (WiD equal to 54.9). On the other hand, women 
living in Italy (WiD equal to 49.7), Germany (WiD equal to 47.8), Poland (WiD equal to 
45.5) and Romania (WiD equal to 35.8), present the lowest score on participation in the 
digital economy and society compared to the European medium value (WiD equal to 54.9).

The empirical findings concerning the WiD are in accordance to the results of the pro-
cedure proposed and applied in this paper. More specifically, the estimated probabilities 
to attend a free course on AI have been classified by gender and country-size, coming to 
identify differences among the two groups of countries (already defined) on the basis of 
the level (basic/high) of the digital skills, as reported in Fig. 5. In particular, the three radar 
plots in Fig. 5 illustrate the mean, the minimum and the maximum to estimated probabili-
ties of attending an AI course, respectively. The estimated probabilities to attend a course 
of AI have been represented on different radius associated with the adopted classification 
in terms of gender and country-size for the two groups.

It is worth pointing out that, on average, the probability of countries sharing a basic 
level of digital skills is always higher than the probability of the group of countries with 
high digital skills. However, in all countries the probability of attending an AI course is 
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always higher for women than for men. This can be justified since women compared to 
men may not have enough knowledge and digital skills to use technology. Note that the 
same remark can be confirmed for the plots built on the basis of the extreme values (mini-
mum and maximum) of the estimated probabilities.

In addition, it is possible to note some patterns based on geographical location: coun-
tries of Northern Europe as Sweden and Netherland do overall well, compared with other 
countries; on the other hand, Eastern and Southern European countries, such as Poland and 
Romania, performed less well. The performance of Italy was more moderate, along with 
other developed Western European countries, such as Germany. As a consequence of the 
results obtained there is a strong need for a public AI literacy program to strengthen public 
trust in AI. This aspect is more important if the institutions want to avoid issues and an 
aversion of people bias toward algorithmic decision making (Lukyanenko et al., 2022).

6 � Sensitivity Analysis of Multilevel Models based on Variable Selection

Nowadays, the available variables selection methods are mainly aimed at reducing the high 
dimension motived by the massive availability of data within of a variety of research fields. 
In this context, the selection of variable is important for improving the prediction accuracy 
of a model as well as the interpretation of results. Therefore, a further aim of this study has 
been to evaluate the pattern of dependence related to the most relevant variables, obtained 
by training the Boruta algorithm, and the prediction accuracy of multilevel binary models 
constructed using a different number of variables.

In order to assess the benefits of the optimal choice of variables, also in terms of pre-
diction accuracy, a comparison among various multilevel binary models associated with 
different subsets of covariates has been performed. More specifically, six binary multilevel 
models have been compared: the first model is the one defined in Eq. 4, while the other five 
models are implemented by including additional variables from the Boruta algorithm with 
the lower zscore values.

The covariates for each multilevel model have been selected by fixing the condition that 
the mean importance level is greater than a threshold which changes from one model to 
another. The maximum value of the threshold has been set equal to 18, in such way that 
the selected variables are the ones in the optimal model, and the minimum value of the 

Fig. 5   Radar plots of a the mean, b the minimum and c the maximum estimated probabilities of attending 
an AI course
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threshold has been set equal to 7, since for even lower values the multilevel model is very 
unstable or the estimation procedure of the parameters does not converge. In other terms, 
the threshold value for the zscore has been used to define the variables to be selected as 
input in the multilevel model, as shown in Fig. 3.

In order to support the above mentioned results, the prediction accuracy of the models 
has been evaluated by using an adaptation of the Brier score (Gneiting and Raftery, 2007) 
and the concordance probability index for the two level binary multilevel model proposed 
by Steyerberg et al. (2010) and Van Oirbeek and Lesaffre (2012) within the context of sur-
vival analysis. These measures summarise the ability of model to predict accurately and are 
usually known as validation measures. More specifically, the Brier score is a measure of 
predictive accuracy for probabilistic predictions while the concordance probability index 
quantifies the concordance between the ranking of the predicted and observed responses, 
namely, how well the model discriminates between individuals with different outcome. 
Formally:

•	 the sample Brier score ( ̂BS ) as index of predictive ability is defined as follows: 

 where n is the number of observations, yij is the response variable and 𝜋̂ij is the pre-
dicted probability that the observation i belongs to response category. The Brier score 
takes values in the range [0−1], where values close to 0 indicate high prediction 
accuracy; in particular, when BS = 0 the observations are all correctly classified with 
probability one. Thus, it is computed as the mean squared difference between the true 
response categories and the predicted probabilities;

•	 the sample index of concordance probability ( ̂C-index) takes the following form: 

 where I(⋅) represents the indicator function which can be equal to either 0 or 1. The Ĉ
-index takes values in the range [0.5−1], where values close to 1 indicate that model fit 
well the capacity to predict individuals with different response variable. In particular, 
this index, also known as “concordance probability”, estimates the probability that for 
a randomly selected pair with different responses, the model predicts that response cat-
egory yij = 1 has a higher predicted probability than the one with the response category 
yij = 0.

Hence, Table  7 shows for each model the threshold value zscore, the corresponding 
mean importance, the number and the name of covariates, the measures to assess the pre-
dictive ability of the multilevel binary models and then the number of iterations.

All comparison models have been computed on the dataset regarding the sample of 
European citizens.

(7)�BS =
1

n

N∑
j=1

nj∑
i=1

(
yij − 𝜋̂ij

)2

(8)�C-index =

N∑
j=1

nj∑
i=1

N∑
q=1

nq∑
p=1

I(𝜋̂ij > 𝜋̂pq; yij = 1; ypq = 0, i ≠ q)

N∑
j=1

nj∑
i=1

N∑
q=1

nq∑
p=1

I(yij = 1;ypq = 0, i ≠ q)
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By analysing the values of the Ĉ-index computed for the six multilevel models, one can 
observe that the first four listed in the Table 7 (from Model 1 to Model 4) show a better 
performance than the last two models (Models 5 and 6); in addition, the highest prediction 
accuracy has been highlighted for the first two models (Model 1 and Model 2). Moreover, 
the number of iterations has been also considered to evaluate the runtime efficiently of each 
model. On the basis of the results obtained, the runtime are similar for each model up fix-
ing as condition zscore greater than 7. For values below 7, the optimization algorithm fails 
to converge since the corresponding estimated covariance matrix for the multilevel models 
is not positive definite. Thus, these findings suggest that the first model outperforms in 
terms of prediction accuracy the other models.

As already specified, the novelty of this analysis has been to evaluate the effects of AI 
applications on people by investigating Awareness, Attitude and Trust towards AI and the 
performance of multilevel model based on the Boruta variables selection method. This 
results indicate that the use of the variables selection algorithm contributes to define an 
optimal multilevel model more stable; the multilevel binary model based on the selected 
variables represents a suitable choice for the study. Therefore, the results are noteworthy 
because the Boruta algorithm jointly with the multilevel model have allowed to reduce the 
dimensionality of the data and the complexity of the model improving the model’s perfor-
mance. However, according to the findings, some upgrades might regard the metric that 
it uses to rank a variable’s importance. Further developments will evaluate an enhanced 
Boruta approach by using alternative classifiers, such as genetic algorithm since that it is 
entired based on a specific algorithm (RF).

7 � Concluding Remarks

The continuous and potential development of AI is receiving constant attention for the eco-
nomic and political implications associated with it. These aspects have brought all Euro-
pean Member States to promote policies and national strategies to seize the benefits of 
AI for the economy and society, as reported by European Commission (2021). Thus, it is 
clear that there is a pressing need to foster policy strategies aimed at monitoring the above 
mentioned aspects and supporting citizens’ confidence in these innovative technologies. 
In this regard, it would be advisable to plan dedicated courses, aimed at improving the 
skills and way of working of citizens, in order to avoid the adverse effects of AI on human 
capital, ranging from the job unsatisfaction, the influence of worker freedom, the cognitive 
overload, the insecurity, the stress and, eventually, the burnout. Indeed, as reported in some 
contributions (Nazareno and Schiff, 2021; Kong et al., 2021), AI could represent a threat to 
human resources since people who have a high awareness of AI are worried of losing their 
job because of AI.

The purpose of this paper was to propose an innovative analysis to investigate Aware-
ness, Attitude and Trust of people towards AI, as well as their reflections on learning 
needs. In particular, a multilevel binary model for estimating the probability of training 
needs in AI was defined on the basis of an optimal variables selection obtained through 
the implementation of the Boruta Random Forest algorithm. Indeed, this algorithm was 
able to define the optimal subset of all relevant variables instead of only the non-redundant 
ones from the dataset. It is also worth pointing out that the multilevel model was applied 
in order to assess the probability of educational needs in AI, by considering, firstly, all the 



	 V. Distefano et al.

sample of European citizens belonging to the eight countries under study and then by clas-
sifying them with respect to gender. Finally, a sensitivity analysis was carried out to evalu-
ate the prediction accuracy of the multilevel logit model compared to other five models 
obtained by adding other variables with a decreasing level of relevance on the basis of the 
Boruta algorithm.

After identifying as the most relevant variables Awareness of AI (Q1), Attitude towards 
AI (Q9), Trust towards AI (Q3), as well as Gender, Age and Qualification level, the fitted 
multilevel binary logit model underlined that, except for the Age, all the other covariates 
produce a positive effect on the probability to attend a course in AI. In particular, it was 
highlighted that there is a different behaviour of women with respect to men concerning 
the choice of attending a course to improve their skills. Indeed, being woman increases the 
probability of taking a course on AI with respect to man, however, men reveal a greater 
Trust towards AI than women. This could be explained by considering that the presence of 
women in education, in research and, more generally, in activities connected with computer 
science is lower compared to men, as well as fewer women with respect to men achieve 
leadership positions in these fields. In this context, an educational need could help to over-
come this gender disparity. Moreover, the estimated probability of attending an AI course 
for the whole sample of citizens highlighted that the countries with highest estimated prob-
ability of training needs in AI (greater than 0.60) are Romania, Spain, Italy and Sweden 
differently from the other four countries (Netherland, Germany, Poland, France).

By focusing on the sample of citizens classified with respect to gender, it emerged a 
higher probability for the people who live in Romania to continue learning (i.e. AI training 
for the workforce or students) in order to improve their skills, with predicted values rang-
ing from 0.719 to 0.734 for women and predicted values spanning from 0.648 to 0.655 for 
men. On the contrary, the lowest estimated probability for people to enhance their educa-
tion level in AI was observed in the Netherland with predicted values spanning from 0.601 
to 0.614 for women and 0.530 to 0.532 for men. Thus, the empirical evidences also pointed 
out that the rise of AI applications implies new learning needs aimed at supporting new 
skill sets and reskilling working force for increasingly automated economies and societies.

As reported in European Commission (2021), it is important to define legislative actions 
to ensure a development of AI in secure, trustworthy and ethical way and to regulate the 
effects of AI on the social context.

In perspective, it would be interesting to apply the multilevel approach to analyse the 
changes over time of people’s behaviour about the “literacy on AI”, as well as to introduce 
a bayesian structural equation modeling (Zachary and Holger, 2023), with the goal to deter-
mine the factors which influence public trust towards AI. This is consistent with the guidance 
of the European Commission (2021) where are listed, among others, the following targets:

•	 “ensuring that existing AI systems are safe and respect fundamental rights and Union 
values”;

•	 “fostering the development and uptake across the single market of safe and lawful AI 
that respects fundamental rights”.
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