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Abstract: Applied Behavior Analysis (ABA) belongs to the analysis of behavior techniques introduced
by the theorists of behaviorism in psychological fields. It deals with the application of behaviorism
principles to guide the learning process. It can serve as a footprint to build artificial tutoring systems
in environments for specific learning processes. In this paper, we delineate the pathway to build an
artificial tutoring system following ABA footprints, named the ABA tutor. In implementing the ABA
tutor, the techniques of ABA are reproduced. This paper also describes how to build a tutor based
on ABA and how to use it to favor olfactory learning. In more detail, the ABA tutor is inserted in
SNIFF, a system that combines a software and a hardware side to assess and practice the sense of
smell exploiting gamification. A first experiment was run involving 90 participants, and the results
indicated that the artificial tutoring system based on ABA principles can effectively promote olfactory
learning. The implications of this approach are discussed.

Keywords: ABA (Applied Behavior Analysis) tutoring systems; olfactory learning; associative learning

1. Introduction

Applied Behavior Analysis, known as the acronym ABA, is a widespread set of methods and
practices that have been used in the field of psychological intervention since 1950. It focuses on the
translation, in practical and operational terms, of the findings and results obtained by psychologists of
behaviorism. Its goal is to lead learning processes in different contexts. It can, therefore, be considered
the applicative side of the Analysis of Behavior; it pursues the objective to find the connections between
different behaviors of organisms—the dependent variables—and what can have an effect on them—the
independent variables (Cooper et al. 2007). The Analysis of Behavior, with its methodology, has notably
advanced the reflection of learning processes (Mazur 2015).

ABA has gained a relevant role in psychological intervention, as it offers the opportunity to
address and stimulate new behavior and actions. This process is led by a professional operator: the
ABA therapist. Fundamentally, ABA can be defined as a structured and formally identified program
that addresses and leads learning processes so as to achieve new, more adaptive behaviors, exploiting
the law of effect.

This law, the cornerstone of behaviorism, has the following definition: the organism—for example,
an animal—will tend to put the behaviors that lead to satisfying consequences into practice, whereas it
will tend to stop any behavior that is followed by unpleasant outcomes (Thorndike 1927, 1933). This
law is simple but powerful, as it can describe a wide range of behaviors.

The traditional experimental setting conceived by Thorndike to show the law of effect can be
pictured this way: in a cage, there is an animal—for example, a cat—that is relatively free to go around
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and explore this limited environment. During the exploration, if, by chance, it presses a lever, the door
of the cage opens and the cat frees itself. The environment offers many elements, between which the
caged cat can identify which element is functional to get away and select the action that is appropriate
to reach the goal (pressing the lever).

In this experimental setting, the main elements are the stimuli in the environment, the actions
that can be performed, the consequences of these actions, and the effect of the consequences on the
probability of future actions. After more than a century of the scientific effort that has followed this
finding, almost every aspect related to the law of effect is explained.

Indeed, in recent years, we have come to know about the law of effect on a neural and molecular
basis (Kandel et al. 1986) together with the cognitive side explored by psychologists, which covers
processes such as operant conditioning (Skinner 1938, 1953, 1963), latent learning (Seward 1949), or
trial and error learning (Boswell 1947; Thorndike 1933). If we consider human beings, the law of effect
is not the main learning mechanism (Gamez and Rosas 2005, 2007), but it does cover a central role in a
wide class of learning and adaptation processes at different degrees of complexity. In fact, the organism,
while actively adapting to its environment with the constraints posed by its own sensory and motor
features, selects which action can be carried out and, depending on the effects that it will produce, be it
positive or negative, will repeat or not repeat this action in subsequent similar conditions. The law of
effect can indeed be applied to some human behaviors—in particular, the behavioral repertoire, where
associative processes play a central role.

In the context of this rich theoretical framework, ABA has established a methodology with a
well-defined set of methodologies and techniques. According to these methodologies and techniques,
a professional operator, the ABA therapist, follows a person, usually with problems of adaptation,
in the process of acquisition of crucial behaviors that can lead to positive effects in the enhancement
of her/his quality of life, promoting her/his well-being at various levels, including psychological and
social levels. Thanks to the chance to address the acquisition of adaptive behaviors, ABA has collected
a great success in the field of Autistic Spectrum Disorder for the intervention on children (Shook 2005;
Virués-Ortega 2010), as it permits the reduction of the frequency of problematic actions and favors the
emergence of language with communicative goals.

ABA can be applied to the field of Intelligent Tutoring Systems (see Anderson et al. 1985),
complementing other approaches that involve artificial neural networks (Fenza et al. 2017) or
agent-based systems (Ponticorvo et al. 2017a). In this paper, we propose to exploit the ABA approach to
design and implement an artificial tutoring system to be applied in the context of associative learning.

This approach is apparently new, but its basic rationale can be traced back to the problem related to
the dynamic adaptation of prompts frequency, which represents an active debate in Intelligent Systems
research. Bouchet et al. (2016) examined whether ITS employing strategies at a meta-cognitive level
could benefit from modifications in prompts depending on the behaviors of self-regulation displayed
by the learning individual. The results reported by the authors showed that the prompts frequency had
a notable effect in favoring learning, which was also indicated by other studies by the same authors
(Bouchet et al. 2013), by Harley et al. (2017), and by Kinnebrew et al. (2015).

As made evident in the following part of this paper, the ABA approach to ITS (Ponticorvo et
al. 2018b) has, at its core, prompts and focuses on the association of stimuli, and does not give as
much importance to more complex cognitive processes, including meta-cognitive analysis. Moreover,
this approach is indeed devoted to a particular case of associative learning that is quite a basic form
of learning.

Therefore, we describe our effort to conceive and realize a new category of tutoring systems
inspired by ABA that models the interaction between the ABA professional operator and the learner.
In particular, the goal of the present work is to propose and describe a methodology to introduce
the principles of ABA into an artificial tutoring system and verify whether it is effective in favoring
associative learning. In this sense, the present paper is meant to give a contribution to the field of
prompts frequency variation in Intelligent Tutoring Systems research.
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The paper follows the following structure: in the next section, we introduce the ABA fundaments
to clarify the starting point for the ABA tutor, which will be detailed in the following section. Then, the
first implementation of the ABA tutor is introduced—i.e., a system to train sense of smell, for which
associative learning is essential, together with the experiments we performed on 90 people to verify
the effectiveness of the ABA tutor.

2. ABA Fundaments

The ABA approach, which is the starting point for the ABA tutor, is based on very well-defined
rules and guidelines that address the ABA technician work. In a very concise way, we can say that
they follow this procedure:

a. they organize the learning environment in such a way that the learner can identify the stimuli
that are relevant: this process moves from easier conditions, where identification is almost
immediate, to more difficult ones;

b. they include some elements (objects or also events) that, if manipulated or selected by the learner,
produce some clear and evident consequences;

c. they dispose a reinforcement program with a specific reward supply pattern, so that the learner,
while acting in the learning environment, can evaluate, consciously or unconsciously, the
consequences as neutral, positive, or negative.

It is, therefore, clear that nothing is left to chance and every aspect must be accurately planned.
This planning, related to ABA methodology, starts with a clear and detailed definition of the elements of
the environment where the intervention takes place. First of all, the target stimulus must be identified
and must be connected to the desired response. In other words, the stimulus–response chain must be
decided, so that if the behavioral response is emitted, it will be reinforced and rewarded.

If we translate the traditional experimental setting by Thorndike into ABA terminology, we can
identify that the target stimulus is the lever, whereas the response is to be rewarded if the pressure is
on the lever. The law of effect, together with operant conditioning, is one of the bases that ABA is built
upon, as the behavior is represented as operant rather than respondent because it produces effects,
outcomes, and consequences and, at the same time, in a circular reaction, it changes in response to
these outcomes. It is evident that these principles are strongly related to the core ideas of behaviorism
and its concepts: reinforce, stimuli, and generalization (Granpeesheh et al. 2009). ABA applies these
concepts through four main procedures (Ricci et al. 2014): prompting, fading, shaping, and chaining.

Now, we will briefly describe how these procedures work. Prompting is based on hints and,
indeed, named prompts that are given to the learner so as that she/he can more easily identify the
target stimulus. In the experimental condition described in the introduction, the experimenter can
facilitate the target stimulus recognition by the cat—for example, she/he can lead the cat’s paw close to
the lever and exercise a pressure: the action that will open the cage door. Fading exploits actions that
reinforce the desired responses if the target stimuli undergo slight modifications. Again, translating the
Thorndike experimental condition into ABA terms, the researcher can insert more than one lever into
the cage, which starts the exit mechanism at least partially and gives a food reward for lever pressure
(Wolery and Gast 1984). The procedure that makes it possible to acquire a behavior that is not present
in the usual range of behaviors of a certain organism is named shaping. Obviously, it is impossible to
give a reward and reinforce a certain action when it is never displayed: in this case, the procedure
foresees to reward a response that is shown at least rarely and has some common features with the
target one. Chaining is used when the goal is to teach long behavioral sequences that can be split into
smaller sequences or single behaviors (Lindsley 1996). These principles (Cooper et al. 2007) have been
included and inserted in the ABA tutor (Figure 1), which is the central point of the next section.
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3. The Tutor Based on ABA Principles: The ABA Tutor

The artificial ABA tutor we describe in this paper is based on the two principles introduced in
the previous section: law of effect and prompting. In more detail, the artificial ABA tutor is built
considering the law of effect and prompting as two modules that can be active or not and, thus,
producing 3 different kinds of tutors, which we named:

a. P tutor: in the P tutor, only the prompting module is active and it determines if prompts are
included or not;

b. S tutor: in the S tutor, only the law of effect affects the interaction between the tutor and the
learner modifying the exposure to stimuli;

c. SP tutor: in the SP tutor, both the stimuli exposure based on the law of effect and prompting
modules are active.

For the goals of the present study, we also considered the condition with no active module as a
base-line. In Figure 1, the ABA tutor architecture, including the two described modules, is depicted.

On the left side of Figure 1, the first module of the ABA tutor is represented. The first module is
what we called the prompting module: its role is to give hints to the participants. These hints favor
the process of correctly associating stimulus and response. If the module is inactive, no prompt is
given and, therefore, no hint is provided to the participant. On the right, we find another module:
the stimuli exposure module. It has the function to determine which stimuli are presented to the
participants. In order to run this selection, the stimuli exposure module can operate randomly, or it
can follow a pre-defined rule—for example, a probabilistic rule. This probabilistic rule is governed
by a probabilistic engine, pictured in Figure 2. In Table 1, how ABA tutors derive from the module’s
activation is summarized.
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Table 1. ABA modules and resulting tutors.

Law of Effect Prompting Tutor

Active Active SP
Active Non-Active S

Non-Active Active P

The probabilistic engine, represented in Figure 2, starts from the four categories where the stimuli
can be placed. Indeed, these categories host stimuli and associate them with a defined probability to be
selected. In the first group, named A, are the stimuli not yet presented or presented and not recognized.
In this group, the probability of exposure is 60%. The second group, B, includes those stimuli that
the participant was able to identify at least once; their probability to be presented more times is 25%.
Group C includes stimuli that the participants identified at least twice; they are associated with a
probability of 10%. Group D hosts the highly recognized stimuli (participants recognized them at least
three times). Their chance to be shown more times is set to 5%.

When the learning session begins, all stimuli belong to Group A; as the trials go by, the stimuli
begin to move from one group to another, according to the pictured arrow. Each group is associated
with a probability rate that does not change, but each stimulus can move from one group into another.
When the session ends, if it is successful, all stimuli should have moved to Category D. From this
discussion, it is evident that the core of this mechanism resides in the association between stimuli and
responses. For this reason, we implemented the ABA tutor in a domain where associative learning
is fundamental: olfactory learning. As olfactory learning is a somewhat unexplored issue, we will
devote the next paragraph to sketch its main features. Then, in Section 4, we introduce in detail the
tool where the ABA tutor is applied to olfactory learning.

Why Olfaction

In human beings, the most valued senses are no doubt sight and hearing, but olfaction played an
important role in evolutionary history and is still important for cognitive functions. Olfaction has the
most direct connection with the cerebral areas involved in emotions and memory and it has, therefore,
particular links with these functions.

For the goals of this paper, the link between olfaction and memory is particularly relevant,
as olfactory memory, in comparison with other sensory memory, is ruled by specific and distinct
mechanisms. Moreover, it is possible to identify two forms of olfactory memory depending on stimulus
elaboration: the first one is based on familiarity and more perceptive, and the second one is based
on memory and, therefore, contextual. When talking about olfactory memory, we refer to both the
memory of odors and memory evoked by odors (Herz et al. 2004). Koster (2002) has defined some
peculiarities of olfactory memory: it is nominal, episodic and non-semantic, emotional, and particularly
durable. It can be defined as nominal because it gives hints about the qualitative differences between
odors, even if it is difficult to determine differences in the intensity and to name them, which probably
derives from the adaptive value of olfaction, where it is crucial to distinguish between a familiar and
non-familiar stimulus. It is episodic rather than semantic, as it is easier to remember the context and
the moment when a certain odor has been perceived rather than name it. Another important feature is
that olfactory learning cannot rely on techniques or tricks based on semantics, which contrasts with
other mnemonic processes. These peculiarities make olfaction and olfactory learning an adequate
example of associative learning that is suitable to test the ABA tutor. In the “Materials and Method”
section, we will describe the experiment we have run to answer the following research questions:

- Is ABA tutor, as a whole, effective in promoting associative learning?
- What are the effects of ABA tutor modules?
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4. Materials and Method

4.1. The Tool for Olfactory Learning: SNIFF

The tutor based on ABA principles was implemented in SNIFF, a tool that integrates digital and
physical elements that can be used to test and to develop sense of smell. SNIFF is represented in
Figure 3 (Di Fuccio et al. 2016; Ponticorvo and Miglino 2018; Ponticorvo et al. 2017a, 2017b, 2018a).
This tool takes inspiration from the pedagogical framework derived from the Montessori studies
(Montessori 2013), and, more specifically, to the smelling bottles or jars. The latter are little bottles that
contain fragrances and are usually found in the sensorial area of a Montessori learning environment. In
accordance with the Montessori smelling activity, SNIFF adopts a gamified approach with numerous
trials. At each step, the player has to make an association between a smell in the little jar and the
corresponding picture shown on the screen. The visual stimuli to be proposed—which the player must
associate with the corresponding smell—reside in the SNIFF database, whose extraction is determined
by the ABA module described above. Running this activity can increase olfactory abilities. We have 30
L smelling bottles (described above and represented in Figure 3), on which an RFID (Radio Frequency
IDentification) tag is attached. These tags can be detected by an antenna, thus, connecting the digital
and physical side: the smelling jars become augmented materials.

Soc. Sci. 2020, 9, x FOR PEER REVIEW 6 of 12 

 

4. Materials and Method 

4.1. The Tool for Olfactory Learning: SNIFF 

The tutor based on ABA principles was implemented in SNIFF, a tool that integrates digital and 
physical elements that can be used to test and to develop sense of smell. SNIFF is represented in 
Figure 3 (Di Fuccio et al. 2016; Ponticorvo and Miglino 2018; Ponticorvo et al. 2017a, 2017b, 2018a). 
This tool takes inspiration from the pedagogical framework derived from the Montessori studies 
(Montessori 2013), and, more specifically, to the smelling bottles or jars. The latter are little bottles 
that contain fragrances and are usually found in the sensorial area of a Montessori learning 
environment. In accordance with the Montessori smelling activity, SNIFF adopts a gamified 
approach with numerous trials. At each step, the player has to make an association between a smell 
in the little jar and the corresponding picture shown on the screen. The visual stimuli to be 
proposed—which the player must associate with the corresponding smell—reside in the SNIFF 
database, whose extraction is determined by the ABA module described above. Running this activity 
can increase olfactory abilities. We have 30 L smelling bottles (described above and represented in 
Figure 3), on which an RFID (Radio Frequency IDentification) tag is attached. These tags can be 
detected by an antenna, thus, connecting the digital and physical side: the smelling jars become 
augmented materials. 

The SNIFF tool is developed with Smart Technologies to Enhance Learning and Teaching 
(STELT) by Miglino et al. (2013), which is a platform that allows the design and implementation of 
hybrid educational materials. By hybrid, we mean that these materials have a digital and physical 
side. Moreover, this platform offers the opportunity to include artificial intelligence modules (Di 
Fuccio et al. 2015; Ferrara et al. 2016). With STELT, it is possible to design learning scenarios, to record 
the player interaction, and to use tutoring system functionalities, such as delivering feedback. 

 
Figure 3. SNIFF hardware and software system: on the left side, an interaction with a child; on the 
right, the colored jars with the smells. 

4.2. The ABA Tutor in SNIFF 

The tutoring system integrated in SNIFF is the ABA tutor with the two modules described in the 
previous section. The first module governs the prompting function. In more detail, the jars are 
associated with a color that distinguish five categories, each one formed by six smells. There is no 
semantic connection between the color and the smell. SNIFF can ask the player to select an odor 
within a category (e.g., “look for this odor in the green or yellow jars”): the prompts are offered by 
the colored jars (Figure 3). The second module leads the exposure of stimuli: it allows an adaptation 
to the individual player and her/his ability level. If the player makes mistakes, the probability of a 
certain odor to be shown becomes higher; if on the contrary, it becomes lower. 

Figure 3. SNIFF hardware and software system: on the left side, an interaction with a child; on the
right, the colored jars with the smells.

The SNIFF tool is developed with Smart Technologies to Enhance Learning and Teaching (STELT)
by Miglino et al. (2013), which is a platform that allows the design and implementation of hybrid
educational materials. By hybrid, we mean that these materials have a digital and physical side.
Moreover, this platform offers the opportunity to include artificial intelligence modules (Di Fuccio et al.
2015; Ferrara et al. 2016). With STELT, it is possible to design learning scenarios, to record the player
interaction, and to use tutoring system functionalities, such as delivering feedback.

4.2. The ABA Tutor in SNIFF

The tutoring system integrated in SNIFF is the ABA tutor with the two modules described in
the previous section. The first module governs the prompting function. In more detail, the jars are
associated with a color that distinguish five categories, each one formed by six smells. There is no
semantic connection between the color and the smell. SNIFF can ask the player to select an odor
within a category (e.g., “look for this odor in the green or yellow jars”): the prompts are offered by the
colored jars (Figure 3). The second module leads the exposure of stimuli: it allows an adaptation to the
individual player and her/his ability level. If the player makes mistakes, the probability of a certain
odor to be shown becomes higher; if on the contrary, it becomes lower.
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Moreover, the adaptation also involves the first module: in fact, if the player makes mistakes,
SNIFF gives more precise hints (e.g., “look for this odor in the green jars”). If she/he succeeds, it will
give less precise hints (e.g., “look for this odor in the green, blue, or yellow jars”).

Imagine a player starting from the intermediate level: she/he is asked to identify an odor within
two categories (“find the honey smell. It is in a yellow or blue jar”). If she/he makes a mistake, in the
subsequent iteration, she/he will have to look in one single category (“it is in a blue jar”); if she/he is
able to identify the odor, she/he moves to a more difficult level (“find the orange smell. It is in a yellow,
blue, or green jar”).

The player receives timely feedback: if the selection is correct, SNIFF shows a little anecdote
about the odor on the screen. If it is incorrect, SNIFF indicates the odor to find and suggests searching
again. In the SNIFF games, the player has 50 trials, where the 30 stimuli are proposed once or more,
depending on the stimuli exposure engine and its adaptation to the player’s level.

4.3. Participants

The experiment involved 90 participants: 45 males and 45 females. Thirty-three were non-smokers
(36.67%) and 57 were smokers (63.33%). The sample’s average age was 22.65 years. Participants were
recruited between students of the department, where the experiment took place through a call. Of
the people that adhered to the experiment, 90 participants were randomly selected. As the study
was focused on olfactory behavior, it was important to have participants of about the same age, with
balanced gender percentage, and without any olfactory deficit. In fact, none of the participants had
any cognitive problems, nor neurological impairments. Participants were randomly assigned to the
four experimental conditions, as described in the next subsection.

In the experiment that we describe here, the goal was to test the ABA tutors represented in Table 1.
This was done in order to understand the effects of the ABA tutors as a whole, and of the two modules.
Considering the different implementations of the ABA tutor and the base-line condition (where no
tutor is active), we had, therefore, four ABA tutors corresponding to four experimental conditions: P
tutor (P) with the active prompting module and S tutor (S) with the active stimuli exposure module. If
they were both active, we had the SP tutor; if they were both inactive, we had the baseline condition.

We used the following procedure for the experiment: the research explained to the participant
how the experimental session worked—in particular, introducing SNIFF as a game to improve olfactory
abilities. The SNIFF tools showed a picture of a fruit or a flower on the screen and the participant
had to identify the jar containing the corresponding odor. The researcher did not give any help or
hint to the participant. At the end of all sessions, participants underwent a brief interview to obtain
information on the usability of the tool.

5. Results

Here we describe the results both of the 30 stimuli and the 50 trials foreseen by the SNIFF
game, so as to distinguish the improvement in odor recognition and the performance. Of 30 stimuli
participants, an average of 20.03 stimuli (SD: 5.79) were recognized. There was a gender difference in
odor recognition, as reported in the literature (Brand and Millot 2001): women had better performance
in olfactory recognition, and the average for women was 21.36 (SD: 0.81), whereas the average for men
was 19.05 (SD: 0.73)—see Figure 4.

Considering the experimental conditions, the comparison between averages, performed with a
one-way ANOVA, indicated a detectable difference both on the 30 stimuli (F = 13.416; p = 0.000) and
on the 50 trials (F = 7.593; p = 0.000).
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The post-hoc comparison (Table 2), performed with the Bonferroni method on 30 stimuli, revealed
statistically detectable differences between the conditions of base-line and S; base-line and P; base-line
and SP; S tutor and SP tutor; P tutor and SP tutor.

Table 2. One-way ANOVA results on 30 stimuli, post-hoc comparisons. The average difference
(absolute value) and the associated probability are in parentheses. Statistically detectable differences
are in bold.

Base-Line S P SP

Base-line - • • •

S 4.159 (0.029) - • •

P 4.453 (0.017) 0.293 (≈1) - •

SP 9.409 (0.000) 5.250 (0.003) 4.957 (0.007) -

On 50 trials (Table 3), the post-hoc comparison with the Bonferroni method revealed significant
differences between the conditions of base-line and P; base-line and the SP tutor; S and P; and S and SP.

Table 3. One-way ANOVA results in the 50 trials, post-hoc comparisons. The average difference
(absolute value) and the associated probability are in parentheses. Statistically detectable differences
are in bold.

Base-Line S P SP

Base-line - • • •

S 0.197 (≈1) - • •

P 7.158 (0.010) 7.355 (0.06) - •

SP 7.541 (0.007) 7.738 (0.004) 0.383 (≈1) -

To investigate the effects of the tutor that selected stimuli and prompts, we performed an univariate
analysis of variance that detected a statistical effect of the stimuli exposure (F = 20.186; p = 0.000) and
prompts (F = 21.152; p = 0.000) variables, with no interaction with the gender and smoker variables
on the 30 stimuli. Of 50 attempts, women recognized, on average, 31.06 stimuli (SD: 1.22), and men
recognized, on average, 27.09 stimuli (SD: 1.09), as shown in Figure 4. The ANOVAs revealed no
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significant effect on the stimuli exposure variables (F = 0.30, p = 0.720), and a significant effect on
prompts (F = 22.585; p = 0.000), with no interaction with the gender and smoker variables.

To further investigate this result, we divided the participants’ responses into three blocks: from 0
to 15, from 16 to 30, and from 31 to the last. This way, we identified three moments along the game:
start, middle, and end. In particular, we expected that this last moment showed the effect of the ABA
tutor in the game performance (see Table 4). We then separated the participants according to their
ability. If, in a block, the participant had replied correctly from 33% to 66% of times, she/he was
categorized as medium; if lower, as low; if higher, as good (a behavioral categorization). We placed the
participants’ replies in the corresponding block, and then we considered the last time window and
calculated how many people fell into a certain category. We then focused on good participants at the
end of the game for the four experimental conditions, as reported in Table 4. In the SP condition, the
presence of both modules corresponded to the highest number of good players in comparison with
the other groups. The S and P conditions, where only one module was active, led to an intermediate
number of good players, which was higher than the base-line condition, where no module was active.
In the SP condition, we had the highest number of “good” participants, with a significant difference:

Chi2 = 0.999; p < 0.05. (1)

The results of this test indicated that both modules of the ABA tutor had positive effects on
olfactory performance: these are significant for the recognition of the stimuli and a measure of odor
recognition improvement. For the whole game performance, the effect emerged for prompts, but the
stimuli exposure was evident if we focused on the ability of the participants in the final phases of
the game.

Table 4. Number of good participants for each condition.

SP S P Base-Line

21 16 16 5

6. Conclusions

The ABA approach has become widespread in the intervention of children with atypical
development—in particular, children with ASD (Autism Spectrum Disorder). This happens because it
gives the opportunity to modify maladaptive behaviors and to acquire new adaptive ones. On the
other side, intelligent tutoring systems have become an essential tool to support learning and teaching
in many different contexts. The proposal of an intelligent tutoring system inspired by ABA aims at
offering a new perspective on ITS to focus on associative learning and to offer ABA professionals tools
and methodologies to be integrated into their daily routine to support it.

This study has some limitations: we have addressed mainly olfactory learning, but this approach
should be widened to include other kinds of associative behavior, and also non-associative behavior, to
be more meaningful. In fact, olfactory skills are an example of associative learning, but other kinds of
knowledge and skills may be tutored using the ABA approach.

Moreover, in this paper, we have described ABA as a set of methods and techniques, but it
is worth underlining that the ABA methodology also has a strong generative aspect. We use this
adjective to stress that ABA can favor the emergence—and lead to the stabilization of—one or more
behaviors already present in their behavioral repertoire and, thus, helping children to show them in the
appropriate context. These behaviors do not come from above, imposed by the therapist, but emerge
from the child.
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To use a metaphor, the ABA therapist works as the Greek philosopher Socrates: he helped the
people that talked to him to pull out their thoughts. In the same way, the ABA therapist promotes the
process to externalize some behaviors that belong to the children’s repertoire and can be adaptive.

This issue makes evident that the ABA therapist cannot disappear and be exchanged by the
ABA artificial tutor; rather, it is a crutch, a useful helping tool for the technician, who focuses on the
maieutical process. The ABA tutor can support the technical aspects (recording data and offering
personal profiles) that represent the child’s situation in terms of challenges and opportunities. With
the present paper, we have shown that the ABA tutor can be effective in promoting some kinds
of associative learning: in future work, we will investigate how to apply it to other contexts, with
different ages and with children with typical and atypical development. This will allow us to verify its
effectiveness in wider contexts, where associative learning is important.
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