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A B S T R A C T   

There is considerable discussion about the advantages and disadvantages of early ASD diagnosis. However, the 
development of easily understandable and administrable tools for teachers or caregivers in order to identify 
potentially alarming behaviours (red flags) is usually considered valuable even by scholars who are concerned 
with very early diagnosis. This study proposes an AI pre-screening tool with the aim of creating an easily 
administrable tool for non-competent observers useful to identify potentially alarming signs in pre-verbal in-
teractions. The use of these features is evaluated using an explainable artificial intelligence algorithm to assess 
which of the proposed new interaction characteristics were more effective in classifying individuals with ASD vs. 
controls. We used a rating scale with three core sections – sensorimotor, behavioural, and emotional – each 
further divided into four items. By seeing home videos of children doing everyday activities, two experienced 
observers rated each of these items from 1 (highly typical interaction) to 8 (extremely atypical interaction). Then, 
a machine learning model based on XGBoost was developed for identifying ASD children. The classification 
obtained was interpreted through the use of SHAP explanations, obtaining an area under the receiver operating 
curve of 0.938 and 0.914 for the two observers, respectively. These results demonstrated the significance of early 
detection of body-related sensorimotor features.   

1. Introduction 

The prevalence of Autism Spectrum Disorders (ASD) in Europe is 
12.2 per 1000 (one in 89) children (Salari et al., 2022). Many scholars 
have claimed that early diagnosis of ASD has proven to be crucial in 
achieving effective treatment (Gabbay-Dizdar et al., 2022), thereby 
improving the lives of ASD infants and their families (Elder et al., 2017; 
Franz & Dawson, 2019; Rotholz et al., 2017; van ’t Hof et al., 2021; 
Volkmar, 2014). However, positions concerned by very early diagnosis, 
especially if observers are primed with specific confirmation factors 

(McCarty & Frye, 2020), have also grown in recent years. While 
remaining neutral in this important discussion, this work seeks to 
develop easily understandable and administrable tools for teachers, 
parents or caregivers, in order to identify potentially alarming behav-
iours (red flags), which is usually considered a very valuable achieve-
ment also by scholars who are concerned by very early diagnosis 
(Daniels & Mandell, 2014). Indeed, clear signs of impairments and 
atypicalities that can lead to ASD can be seen and read by looking at 
embodied and prelinguistic interactions between infants and caregivers 
when the toddler is between 9 and 18 months old (secondary 
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intersubjectivity) (Gallagher & Hutto, 2008; Paolucci, 2020; Trevarthen 
& Hubley, 1978). Indeed, as several retrospective studies (Alonim et al., 
2021) and reviews show (Zwaigenbaum et al., 2013), early symptoms 
and behaviours related to ASD can be seen long before the infant enters 
the linguistic phase. 

It is difficult to provide a diagnosis before the age of two years and a 
half, which usually follows the observation of a linguistic skills devel-
opment delay in children (van ’t Hof et al., 2021).Worried by this and 
other issues, parents get concerned and seek assistance: later, they 
usually realize that they may have already noticed a number of other 
signals of non-typical behaviour. Furthermore, due to the difficulty in 
distinguishing non-adaptive behaviours such as a tendency toward 
isolation from shyness, and – more important – due to the lack of time 
spent together with the infant, also pediatricians sometimes fail to 
recognize warning signs (red flags) in children’s early life (Elder et al., 
2016). 

Critical issues can also be found within screening tests such as the 
Autism Diagnostic Observation Schedule (ADOS) (Luyster et al., 2009), 
an observational screening test that composes the gold standard for ASD 
diagnoses with the Autism Diagnostic Interview – Revised (ADI-R) (Lord 
et al., 1994). These tests are typically used to screen the general com-
munity or a population that is already at risk, identify cases of ASD 
(sensitivity), and separate them from other conditions that have similar 
symptoms (specificity). As Lebersfeld and colleagues (Lebersfeld et al., 
2021) showed in a recent systematic overview of studies administered 
using ADOS, this tool has an average sensitivity between 0.89 and 0.92 
and an average specificity between 0.81 and 0.85. The test lasts from 40 
to 60 min and consists of a series of highly structured activities, during 
which examiners elicit and assess the presence of specific behaviours 
that are natural to a neurotypical (NT) subject and that are usually 
lacking and/or deficient in ASD subjects. This test is administered in a 
controlled and laboratory setting, differently from tests such as the 
Modified Checklist for Autism in Toddlers (M-CHAT) (Robins et al., 
2001), which is directly compiled by the caregivers of the examined 
subject, and do not require a specific medical competence. 

Hence, ADOS mostly succeeds for two reasons: i) the observer is a 
highly competent subject, usually a neuropsychiatrist; ii) ADOS is a 
highly grammaticalized test carried out in a highly grammaticalized 
setting, i.e., a controlled laboratory situation and not “in the wild”. 

However, observers like caregivers, teachers or parents have diffi-
culty identifying warning signs without any kind of expertise, even if 
they are the ones who spend most of the time with later ASD diagnosed 
infants. Furthermore, the dynamics of daily activities shared between 
caregivers and infants are not as structured and schematic as those that 
make up ADOS tests, with the consequence that even if caregivers had 
this kind of expertise, it would be difficult for them to apply it in daily, 
unplanned interactions. This implies that non-expert observers run the 
risk of not identifying potentially warning signs occurring from the 
earliest months of life. The work of our team tries to fill this gap, 
developing easily understandable and administrable tools for teachers, 
parents or caregivers, the non-competent observers who spend the ma-
jority of the time with future ASD children. 

Summarizing, we can identify three main issues related to ADOS’ 
administrational criteria and results:  

i. ASD is usually diagnosed at 28 months (or later2), an age which 
has already surpassed the higher neuroplasticity window of 9–18 
months, in which early interventions prove to be efficient on a 
cognitive, behavioural and emotional level (Franz & Dawson, 
2019).  

ii. A neuropsychiatrist is a competent observer. Basically, we can’t 
use an ADOS test conducted by a neuropsychiatrist for every 
single baby.  

iii. ADOS setting is not a real-life (in-the-wild test), where the infants 
interact with the people they usually interact with and do the 
things they usually do. Hence, we have an “ecological validity” 
issue (Lewkowicz, 2001) that has been discussed, also referring to 
the significant increase in ASD diagnoses in the last years. 

In this paper, we propose a tool aiming to overcome these issues, 
with the ideal goal of creating a pre-diagnostic instrument for non- 
competent observers (teachers, caregivers, parents, etc.) useful to 
identify red flags in pre-verbal everyday interactions, as early as the 
9–18-month age range (see (Paolucci, 2021b; 2021a)). Thus, the func-
tion of this tool is not to diagnose ASD – this is a task for neuropsychia-
trists in ADOS contexts – but to build a reliable observation methodology 
in order to detect non-typical interactions, so that infants can be 
observed, monitored and, eventually, diagnosed at an earlier stage – a 
viable operation that can lead to important benefits. In other words, the 
aim is to build bridges between the pre-primary teachers, the families 
(who have babies), and the medical institutions (that have the 
competencies). 

This contribution’s tool was developed as part of the European 
Project NeMo (“NEw MOnitoring guidelines to develop innovative early 
childhood education and care (ECEC) teachers curricula”, Grant 
Agreement: 2019-1-IT02-KA201-0633400)3 aimed at increasing the 
quality of ECEC services, which are marred by the lack of uniform 
guidelines for the 0–6 age range, with the goal of ensuring greater in-
clusion of children with ASD in classrooms. The outcome of this project 
consists of a manual written by the University teams of the five European 
countries (Sweden, Spain, Italy, Slovenia, and Cyprus) involved in the 
project (Nemoproject outputs (n.d.)),4 which addressees are pre-primary 
teachers, parents and caregivers, explaining the theoretical reasons 
and methodological criteria for understanding and administering the 
instrument. 

Following the previous remarks on ADOS, our methodology and tool 
are based on three substitutions:  

i. A substitution in the age of the infant, since it observes 9–18- 
month-old infants.  

ii. A substitution of the neuropsychiatrist with a less competent 
observer, i.e., an Ordinary Observer (OA): a caregiver or a pre- 
primary teacher.  

iii. A substitution of the laboratory and highly grammaticalized 
ADOS setting with a real-life, in the wild one, such as home videos 
shot through smartphones by caregivers. 

The observer, after reading the manual – translated into five Euro-
pean languages (Italian, Spanish, Swedish, Slovenian, and Greek) – 
could detect if an interaction is typical or non-typical while watching 
homemade videos shot on smartphones by caregivers who interact with 
9–18-month-old-infants (Fusaroli & Paolucci, 2011; Paolucci, 2012a, 
2021a, 2021b; Luyster et al., 2009). To test the validity of our obser-
vation methodology, in this study, we make use of Explainable Artificial 
Intelligence (XAI) – a rapidly growing research field that refers to 
techniques to build human interpretable predictive models, i.e., algo-
rithms that can explain the reasoning process and the specific piece of 
evidence that contributed to a decision (Jordan & Mitchell, 2015). 
Specifically, we sought to predict ASD diagnosis through interaction 
features extracted according to our methodology by experienced ob-
servers watching children’s videos during their daily activities. We gave 
XAI interpretability through SHapley Additive exPlanations (SHAP) – a 
game-theoretic approach (Lundberg & Lee, 2017) to explain the output 

2 Indeed, ADOS Toddler Module is usually administered from 12 months on. 

3 https://site.unibo.it/nemoproject/en.  
4 Link to the page where you can read and download both the manual and the 

digital version of the tool in the different languages in which it has been 
translated https://site.unibo.it/nemoproject/en/outputs 
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of any machine learning model – to evaluate which of the newly pro-
posed interaction features were more effective in classifying individuals 
with ASD compared to controls . 

2. Materials and methods 

2.1. Theoretical background and feature extraction through attuning 
assessment 

Neurodevelopmental and developmental psychology (Onishi & 
Baillargeon, 2005; Reddy, 2003; Trevarthen, 1999, 2002) show how, 
since the first weeks of life, infants are able to adapt to other people’s 
movements, recognize and express emotions and behaviours appropri-
ately, and express expectations toward them. These perspectives are also 
shared by the embodied cognitive sciences (see Gallagher, 2017) which, 
contrarily to the classic view of the Theory of Mind model (Baron-Cohen, 
1995), do not conceive social cognition as an inferential and disem-
bodied process, instead considering it as an embodied and intersubjec-
tive phenomenon. This viewpoint places a strong emphasis on 
attunement, which is the capacity to modify one’s sensorimotor, 
behavioural, and emotional expressions in response to how the other 
moves, acts, or feels (Gallagher, 2017; Stern, 1985). Thus, attunement is 
an intersubjective competence characterizing interactions that expresses 
the infants’ desire of partaking in shared, affective dynamics and their 
desire of being recognized socially and emotionally. It is somehow 
comparable to a “love story”, since we all love those who take into ac-
count how we move, the way we behave and feel, while distancing 
ourselves from those who do not. 

According to DSM-5 (American Psychiatric Association, 2013), ASD 
can be seen as a disorder which features are expressed through persistent 
deficits in emotional, behavioural and social communication and 
interaction, and restricted, repetitive patterns of movement, behaviour, 
interests and activities. These traits become apparent in the early 
months of life through the lacking interactions parents and other care-
givers try to have with their babies, even before linguistic impairments 
in the infants’ development force parents to seek assistance. Indeed, ASD 
children compared with NT children show attuning problems such as a 
tendency not to be able to recognize, adjust, anticipate and respond 
appropriately to the movements of others (Gallese et al., 2013; Tre-
varthen & Delafield-Butt, 2013), to appropriately look for and respond 
to others’ emotions (Hobson, 2014) and behaviours (Trevarthen, 2002), 
despite these features being intrinsically salient due to their pragmatic 
and affective value (Rochat et al., 2013). Neuroscientific studies show 
how ASDs present anomalies in the superior temporal sulcus (STS), an 
area highly active during social interactions and related to social re-
wards (Zilbovicius et al., 2006). Furthermore, ASDs present abnormal-
ities in the mirror neuron system, which is active during observation, 
imagination and anticipation of others’ gestures. (Gallese et al., 2013). 
Thus, ASDs seem5 not to recognize social stimuli (such as emotions) as 
inherently salient, an impairment that manifests itself in their lack of 
competence in anticipating and coordinating to the gestures and ex-
pressions of others. That is, infants with ASD seem to be uninterested in 
being the object of other people’s attention (Reddy, 2003), a crucial 
feature emerging from the affective and bodily proto-conversations (0–9 
months) (Trevarthen, 1979) and exchanges of vocal expressions, eye 
contacts and vocalizations (Stern, 1985). The competence of shared 

action and attention emerges from this embodied ability to consistently 
anticipate and respond to the actions and expressions of others. In 
shared action and attention, crucial milestones for social, emotional and 
cognitive development emerging during secondary intersubjectivity 
(9–18 months) (Trevarthen & Hubley, 1978), infants direct others’ 
attention towards stimuli creating a shared interactional scenario, 
engaging in playful sessions. This feature seems lacking in ASDs’ in-
teractions (Reddy, 2003). 

Our approach interprets these results using the semiotic tradition’s 
viewpoints on cognition (Fusaroli & Paolucci, 2011) and interactions 
(Lorusso et al., 2012), focusing on the semiotic account of social 
cognition and ASD provided by various studies (Paolucci, 2019; 2021a; 
2021b). Indeed, Narrative Practice Semiotic Hypothesis (NPSH) (Pao-
lucci, 2019; 2021a) offers a theoretical framework to explain infants’ 
social cognition deficits characterizing ASD within an interactional 
perspective. According to semiotics (see Paolucci, 2012b, 2019, 2020, 
2021a; Greimas, 1970, 1983; Lorusso et al., 2012), an inter-action 
whatsoever (a “doing together”) has always a regular structure devel-
oping in four steps: (1) a “contract” phase (something worth acting for), 
(2) a “competence” phase (the “knowing-how”), (3) a “performance” 
phase (“the doing”) and (4) a “sanction” phase (the acknowledgement). 
For instance, when a caregiver feeds his/her baby, there is something 
worth acting for, there is a mutual attunement in order to know how to 
do that together, there is a performance and a mutual judgement (smiles, 
gazes, mutual posture etc.) according to this performance. In another 
situation, a caregiver can ask the infant to look for his hidden favorite 
toy (contract), the infant accepts this role and starts exploring the 
environment in order to build the competence needed to find the toy 
(competence), looks for the toy (performance) and gets feedbacks on 
his/her actions from the caregiver (sanction). This is why, in our 
observation methodology, video-recordings have been segmented 
looking for those four meaningful moments and analyzed accordingly. 
Indeed, ASDs’ apparent lack of interest towards socio-emotional stimuli 
can be read as a sanction problem, expressed through their tendency to 
set different systems of values, since ASD infants do not seem to care to 
be sanctioned by the others in a positive way and they usually carry on in 
their own business. For instance, in “meal” situations, they almost did 
not seem to perceive that the caregiver was getting tired, angry or 
disappointed because of their behaviour. Of course, we are not telling 
that they do not care, we are simply telling that they do not seem to care 
from the point of view of a typically developing adult caregiver or 
researcher observing the interaction (see Jaswal & Akhtar, 2018).6 

If “culture” is grounded on the idea that ‘others’ have their own so-
cial logics, ASD persons look like people from a different culture inter-
acting inside a culture that does not seem to be their own one, but it is. 
And not only they look so, but they feel so, experimenting the very same 
difficulties, obstacles and troubles of who is a “stranger” in his own 
place. Their great attention to detail, their preference for repetition and 
sameness, their restricted interests, their love for inanimate objects and 
for stable regularities are inherently meaningful signs for people with 
ASD, and not just, as they have often been conceived, inappropriate 
behaviours to be treated away. It is the way ASD people sense-make, 
trying to build a meaningful world they can handle. Indeed, Autism 
Spectrum Disorders are characterized by different ways of perceiving 
and moving, as well as particular emotional-affective aspects. Evidence 
ranges from hypo- and hyper-sensitivities, over difficulties with the 
timing, coordination, and integration of movement and perception, 
painfulness of certain stimuli, muscle tone differences, rigid posture, 
movement, attention, and saliency problems. All this leads to differences 
in bodily, affective and emotional coordination and attuning to others 
during social interactions, if compared to typically developing people 
(De Jaegher, 2013). Consequently, ASDs and caregivers’ interactions do 
not follow a shared pattern of actions: they do not seem to share the 

5 We highlight the verb seem, for we do not assume, as the Social Motivation 
Theory (Chevallier et al., 2012) states, that, due to neurocerebral anomalies, 
ASDs are not interested in social interactions, stimuli and sanctions. Rather, we 
state that ASDs seem to be driven by a different way of perceiving and enacting 
sociality, as confirmed by the fact that musical therapies, based on activities 
aimed at strengthening social cooperation and coordination through rhythmic 
dynamics, can enhance ASD infants’ cognitive, sensorimotor, social and 
emotional competence (Trevarthen, 2002). 6 We underline “seem” here, for the very same reasons stressed in note 5. 
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same system of values through which coordinate to, anticipate and 
coherently respond to one another’s actions in view of the occurring 
goal, showing a clear disattunement in the “doing together”. 

During an interaction, many different dimensions are intertwined 
and co-dependent in the dynamics of exchanges between people. 
Starting from the two main categories provided by DSM-5 to identify 
ASD – that is social affect and restricted, repetitive patterns of move-
ment, behaviour, interests and activities (American Psychiatric Associ-
ation, 2013)– and building on previous remarks about sensorimotor, 
behavioural and emotional abnormalities observed in ASD children, we 
sought to reduce the plethora of items on the most frequently used ASD 
screening tests – such as ADOS (Luyster et al., 2009), ADI-R (Lord et al., 
1994), M-CHAT (Robins et al., 2001), Infant-Toddler Checklist (ITC) 
(Wetherby et al., 2004, 2008), Checklist for Early Signs of Develop-
mental Disorders (CESDD) (Dereu et al., 2010) – focusing on the key 
signs which could prevent the development of a typical interaction. 

In particular, we tried to analytically distinguish the main areas 
involved in a caregiver-infant interaction through a simplified system in 
which the observer only needs to look at the attunement between the 
child and the caregiver during their interaction. Thus, our idea of 
attunement upon which the domains structuring our methodology (see 
Sensorimotor dimension: A – the bodies; Behavioural dimension: B – the 
doing; Emotional dimension: C – the feeling) is not aimed at analysing or 
considering infants’ specific cognitive competences and skills. Instead, 
following a semiotic perspective, our methodology focuses on their 
general capacity and willingness to manage the meaning production and 
recognition through the various phases of the practices in which they are 
involved (e.g. Does the infant respond to his/her caregivers’ movements, 
invitations and expressions? If so, does s/he do that appropriately, 
considering the ongoing interactional dynamics?). Thus, our method-
ology aims at analysing and evaluating infants’ competence to manage 
sense-making processes through interaction. In this vein, our method-
ology is consistent with the methodological criteria and aims of ADOS-2, 
the goal of its activities being “not to test specific cognitive abilities or 
other skills, but to present tasks that are sufficiently intriguing so that 
the child or adult being assessed will want to participate in social in-
terchanges” (Lord et al., 2012). 

As our addressee is an ordinary observer, in order to reduce the 
heterogeneity and complexity of the searchable signs identified in the 
diagnostic screening tests (see Introduction), we have operated with a 
view to simplification. Simplification means that all signs must be 
summed up in a small number of things to look for that a caregiver can 
easily evaluate. The hardest part of this work has been removing all of 
the semiotic technicalities that have been used in order to accomplish 
that and ending up with something that can be told in a very simple and 
clear way: if the infant attunes to the caregiver, he/she is essentially a 
typical-developing infant; if not, the child needs to be monitored, as children 
who do not tune in to their caregivers during interactions often receive a 
diagnosis of ASD or other neurodevelopmental disorders later. The main 
aspect that makes the system very simple is that one only needs to 
observe the attunement between the infant and the caregiver during 
their interaction. 

So, what can be attuned in an interaction? We have identified three 
main dimensions of attunement: A) the bodies; B) the doing; C) the 
feelings, a sensorimotor, a behavioural, and an emotional dimension (See 
Table 1). 

2.1.1. Sensorimotor dimension: A - The bodies 
The four items structuring this first dimension aim at analysing 

infant-caregiver interaction on its sensorimotor features. Indeed, infants 
later diagnosed with ASD present a lack of motor control i.e. they seem 
not able to coordinate and balance the movements between limbs, trunk 
and head (Teitelbaum et al., 1998). This first dimension presents four 
signs useful to identify sensorimotor anomalies, which prevent the 
development of an attuned dynamic of interaction. As far as the bodies 
are concerned, a typical, attuned interaction is like a good dance. What do 

we usually do when we dance? In dancing, your body attunes to the 
body of the other in a harmonious way, and your body adapts to what 
the other is doing. The contrary is also very easy to understand: when 
there is disharmony between two people – for instance when lovers are 
angry after struggling – each body moves with its own separate in-
structions. For instance, i) she is on one side of the couch with the 
telephone, ii) he is on the other side with the remote control (or vice 
versa). If during a doing together, the body of the infant seems to move 
with its own instructions without attuning to the body of the other, the 
interaction may not be typical, and this could be a sign of possible future 
ASD impairment. Of course, this misattunement can have many causes, 
but in our study, we look for neither causes nor motivations, only for 
meaningful signs used to detect if something is potentially worrisome. 
Thus, it is important to stress that the way bodies behave during an 
interaction is extremely revelatory and questions our ordinary distinc-
tion between the body and the mind, and the correlated idea that ASD 
involves mainly mindreading and communication problems (Paolucci, 
2019, 2020). ASD also involves the bodies, and the way bodies behave is 
an extremely meaningful dimension for semioticians to fathom (Fonta-
nille, 2004; Pennisi, 2021). In order to maximize its revelatory power, as 
far as the bodies are concerned, our methodology looks for four different 
things: 

A1 - The space. This category considers the distance between subjects, 
the moving towards/away from each other, the way the child moves in 
space, and measures the typicality with which the infant approaches – or 
moves away from – caregivers or other infants. Research has noted that 
ASD children often interact differently with others regarding personal 
space than children with typical development. Children with ASD have a 
tendency to stay too close to others or maintain an excessive distance. In 
addition, ASD children may not seem to notice the presence of others 
nearby and may also seem to resist physical proximity or being touched 
actively. Furthermore, children with ASD usually prefer to interact with 
toys or other objects, as opposed to people, and thus inhabit space 
accordingly (see (Gessaroli et al., 2013)). 

A2 - The body of the other (Bodily Attunement). This category assesses 
the extent to which the child seems to adapt his/her body to caregivers 
or other children during physical encounters. For example, the infant 
may turn his/her whole body toward the direction indicated by the 
caregiver or may physically react to the caregiver’s voice calling him/ 
her (ASD infants sometimes seem deaf and do not respond to their 
name). In general, infants with typical development (TD) adapt their 
bodies to the caregiver’s movements as in a dance, in which one’s body 
attunes to the movements of the other body. In contrast, ASD infants 
generally fail to adapt their posture and body movements to align with 
another person’s movements (Trevarthen & Delafield-Butt, 2013). ASD 
children often interact in a way that appears rigid, controlled, inatten-
tive, and inflexible (Teitelbaum et al., 1998). This reaction could be a 
potential warning sign; in fact, the child fails to adapt his/her posture 
and body movements to align with the other person’s movements if s/he 
seems more interested in coordinating his/her movements to play 
(usually alone) with his/her toys, and/or if s/he avoid the other’s 

Table 1 
Description of the features.  

SENSORIMOTOR 
DIMENSION 

BEHAVIOURAL 
DIMENSION 

EMOTIONAL 
DIMENSION 

A-The bodies B -The doing C-The feelings 
A1-The space B1-The doing together C1-The feeling together 
A2-The body of the other 

(bodily attunement) 
B2-The mutual gaze while 
doing together 

C2-The emotional gaze 

A3-The infant’s own body B3-Joint attention C3-The facial 
expression 

A4-Degree of attention to 
the motor sanction of 
the caregiver 

B4-Degree of attention to 
the behavioural sanction 
of the caregiver 

C4-Degree of attention 
to the emotional 
sanction of the 
caregiver  
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persons attempts to engage with him/her in a reciprocal fashion of 
bodily dynamics. These “unattuned” bodily interactions may appear as if 
the infant resists physical interaction or is anxious or unsure of his/her 
role in the situation. 

A3 - The infant’s own body. This category measures the child’s overall 
body posture style and movement style, even in non-interactive situa-
tions. Indeed, infants are usually able to coordinate their motor move-
ments and posture, balancing head, trunk, hands, arms, and legs 
movements to start or continue any type of activity (e.g., spreading their 
arms as they crawl to reach for a toy or another body). In contrast, since 
the first weeks after birth infants later diagnosed with ASD show 
sensorimotor deficiences, which are reflected in poor motor control and 
intersubjective coordination. (Posar & Visconti, 2022). A potential 
warning sign may be present if the child makes repetitive body move-
ments, which often take the form of hand-waving/flapping, rubbing, 
rocking, or pacing. These movements are known as “stimming” (self--
stimulating). Furthermore, ASD children often assume a stiff and rigid 
posture, sometimes even while engaged in stimming behaviours. Motor 
disorders such as difficulty in crawling, lack of integration between the 
upper body (which is generally looser) and the lower body (generally 
stiffer) may also be present. ASD infants may also show weaker muscular 
tone. The presence of some of these signs is evaluated by giving them a 
high number on the scale (see The Tool and the Rating Procedure). 

A4 - Degree of attention to the motor sanction of the caregiver. Sanction 
should be interpreted as any kind of evaluation (positive or negative) 
produced by the caregiver with words, actions, sounds and gestures that 
are used to reinforce the infant’s actions and reactions. A sanction is 
usually used to motivate, stimulate and help the infant to direct his/her 
performance. Regarding “the bodies” this category measures the child’s 
attention and anticipation of the caregivers’ body movements. Partic-
ular attention should be paid to the ‘end’ of an action or when an action 
requires a specific reaction from the infant. This is most frequently 
observed when (but not limited to) the infant prepares his/her own body 
to be picked up or hugged by the caregiver. Unlike more general and 
open-ended behaviours that are measured in A2, a sanction requires a 
specific bodily reaction from the infant. Whereas TD infants naturally 
observe their caregivers’ movements and adapt their posture and body 
movements to prepare themselves, a potential warning sign could occur 
if the infants show a markedly reduced ability to react appropriately to 
the actions of others. Furthermore, TD infants often mimic caregivers’ 
bodily actions even outside of strictly interactive contexts, whereas 
these mimic behaviours are often absent or significantly reduced in ASD 
infants. 

2.1.2. Behavioural dimension: B - The doing 
In terms of doing, this is probably the most obvious and easy-to-see 

dimension of the system. ASD infants usually mind their own business 
and do not seem they care about interacting with caregivers. Of course, 
we are not saying they don’t care – they probably do – but they do not 
seem to, perhaps because it is difficult for them to interact properly, so 
they prefer to drop (Paolucci, 2021b). When you are not good at 
something you usually do not want to do it because it reminds you your 
own inadequacy. The “doing” dimension is also divided into four items: 

B1 – The doing together. This category measures the child’s degree of 
spontaneous participation in successfully shared activities. To note a 
potentially alarming case, it is important to assess whether the child is 
able to participate fluently in activities that are not strictly planned and/ 
or structured. Thus, this criterion measures the child’s performance in 
interactive contexts, such as the ability to play his or her role within a 
game or interactive task, paying particular attention to situations in 
which the task/game suddenly changes or a new element is introduced 
to which the child must fluently adapt. As we have seen (see Introduc-
tion), this way of conceiving the behavioural competence of the infant is 
at the core of ADOS’ activities and evaluation criteria. 

B2 – The mutual gaze while doing together. This category measures the 
frequency and style with which the child makes eye contact with his/her 

caregiver or another infant during a shared activity. These are natural 
behaviours used by infants for communicative and pragmatic purposes. 
If the infant avoids to seek out and/or respond to the other’s gaze 
repeatedly, infrequently, or only a few times, this can be referred to as a 
potential alarm situation (Reddy, 2003). For instance, reduced or absent 
eye contact and a noticeable lack of attention to other people’s faces are 
both indicators of possible alarm situations. Thus, if during a game or 
cooperative task, the child pays significantly more attention to objects 
than to other people and/or seems to avoid eye contact, this could be an 
indication of a possible ASD disorder. 

B3 – Joint attention. This category measures the extent to which the 
attention of the child and caregiver seem to “synchronize” with each 
other during a shared game or task. For example, if the caregiver solicits 
the child’s attention to focus on a toy in order to participate in a shared 
activity, the child will look at the toy and is likely to invite the caregiver 
to play together. Conversely, a potential warning sign might be present if 
the child shows difficulty in attuning his or her attention to that of the 
caregiver and/or communicates less frequently with others, both 
verbally and nonverbally, during shared tasks and play. In such cases, 
infants look like as if they are “in their own world,” which may manifest 
in a marked reduction in communicative, exploratory, and eye-gazing 
behaviours. It is important to pay attention to both the rise and fall of 
something new, the infant’s exploratory behaviour and his or her 
communication with the caregiver. 

B4 – Degree of attention to the behavioural sanction of the caregiver. This 
category measures the degree to which the infant perceives, is aware of, 
and can react appropriately to context-relevant actions and/or gestures 
made by the caregiver. Similarly to A4, we are looking at how well the 
infant pays attention to the caregiver’s behaviour in relation to 
engagement in shared games and tasks and how much attention he or 
she pays to the caregiver’s reactions and evaluations of his or her own 
behaviours. For example, during a meal, if the infant refuses to eat and 
the caregiver keeps insisting that he or she eat, how much does that 
affect the infant’s behaviour? A potentially alarming situation could 
occur if the child does not understand the overall meaning of an action, 
game, or task, if he or she does not understand unspoken instructions or 
other subtleties present in interactions, and/or if he or she does not 
achieve the desired outcome after a series of encouragements, in-
structions, and motivations. In addition, children with ASD or devel-
opmental disorders are often less responsive to gestures that make other 
children feel good and aid interaction, such as positive words and ges-
tures (e.g., pointing, thumbs up, or pats on the back), which can hinder 
their ability to learn and form social bonds (Reddy, 2003). 

2.1.3. Emotional dimension: C - The feelings 
As for emotions, in an ordinary interaction, behaviours and feelings 

change according to the change in others’ emotions. If someone gets 
angry, a person interacting with him/her questions the anger and maybe 
changes his/her behaviour and mood accordingly. ASD children usually 
do not question this type of behaviour or have difficulty doing so 
(Hobson, 2014). We are not saying that children should be happy when 
the caregiver is happy or sad when he is sad. This is not attunement at 
all. Attunement does not mean feeling the same emotion: it is neither 
empathy nor emotional contagion. It simply means taking the other 
person’s emotions into consideration. For example, imagine a TD child 
who notices that his/her parent is angry and decides to attune to 
him/her by continuing to disobey because s/he wants to. In this case, the 
infant takes his/her parent’s emotions into consideration and decides to 
attune in his/her own way according to his/her will. Instead, ASD 
children may simply disregard any change in the caregiver’s emotions. 
This can be quantified through four different elements that we need to 
evaluate. 

C1 – The feeling together. This category measures how the infant and 
caregiver adjust their emotional states in response to each other (see 
Gallese et al., 2013; Stern, 1992). Pay close attention to whether or not 
the infant becomes happy when the caregiver is happy and/or is able to 
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adjust this happiness if the caregiver subsequently shows subtle signs of 
disappointment. Indeed, usually, both the infant and caregiver contin-
ually adapt and adjust their emotional states in response to those shown 
by the other in a spontaneous, fluid, and dynamic way. It is necessary to 
keep in mind that the caregiver who uses so-called “infant talk” often has 
the power of grasping the infant’s attention, so do not overestimate the 
infant’s capacity for emotional regulation if the caregiver introduces a 
sudden change from “normal-talk” to “infant-talk” that captures 
attention. 

C2 – The emotional gaze. This category measures the frequency with 
which children and caregivers make eye contact outside of task-related 
contexts. Children frequently and spontaneously make eye contact with 
caregivers or other children and adults, even outside of play- and task- 
related situations, in a way that seems natural and spontaneous. This 
eye contact usually has a communicative function and contributes to the 
overall quality of the interaction (Trevarthen, 1979). A potentially 
alarming situation could occur if the child seems disinterested in 
meeting another person’s gaze or communicating through eye contact, 
and/or even seems to avoid it. Keep in mind that if you are evaluating a 
video recorded by a human being who does not appear in the recording, 
often the infant will appear to look directly at or just above the camera if 
he or she makes eye contact with the person recording the video. 

C3 – The facial expressions. This category measures the extent to 
which the child imitates or reacts spontaneously to caregivers’ facial 
expressions. Instead of observing a general emotional state as in C1, in 
this category we pay more attention to how the child’s facial expression 
(e.g., smile, laughter, frown, surprise) corresponds to that expressed by 
the caregiver, as well as how the child’s own expression changes in 
response to that expressed by the caregiver (e.g., does the child become 
sad if the caregiver suddenly appears sorry?). Children seem naturally 
and spontaneously predisposed to reflect the emotional expressions of 
their caregiver. In contrast, a potentially alarming situation could arise if 
infants were more prone to remain unaware of the meaning behind the 
caregiver’s facial expression and how they should react emotionally in 
response to it (Hobson, 1986). 

C4 – Degree of attention to the emotional sanction of the caregiver. This 
category measures how attentive the child generally seems to be to the 
caregiver’s emotional “requests.” An alarming situation would occur if 
the infants were inclined to show less interest in the emotional states of 
others and thus not respond to prompts or feel emotions when the 
caregiver would like them to. For example, when interacting with ASD 
children, the caregiver may appear to be continually trying to elicit 
emotional states in the child that are not being met (e.g., trying to make 
the child feel arousal), or the caregiver may feel visible frustration when 
the child does not respond contextually to his/her emotional state (e.g., 
anger at the child’s misbehaviour) and the child may continue to go 
about his or her own needs. 

2.2. The tool and the rating procedure 

Based on these domains articulating the interactions between infants 
and caregivers, we built a tool, which items and rating system aim at 
individuating signs of potential concern. Indeed, one of the main prob-
lems in ASD screening tests concern in its questions and rating criteria. 
For instance, the questionnaire-based M-CHAT (Robins et al., 2001), 
despite being widely used and efficient for the diagnosis of ASD even at 
an early stage (see (Kamio et al., 2014)), has several problems related to 
the polar structure of the answers (yes/no), which implies that the signs 
and anomalies of ASD may be only absent or present, while instead 
occurring more or less frequently and/or appropriately (Barbaro & 
Dissanayake, 2013). Thus, in order to bring forth the ecological 
approach implied by our observational methodology, which emphasizes 
the prominence of the occurring situation and contextual variabilities of 
the behaviours, we associated each item of the three dimensions to a 
rating scale from 1 to 8. 

In particular, as detailed in the manual using video examples, 1 

stands for a very typical interaction (high level of attunement) while 8 
stands for a very atypical interaction (low level of attunement). 
Depending on the severity of the condition and the number of anomalies 
detected, we divide each field into a range of possible concerns – where 
1–2 means no concern, 3–4 means light concern, 5–6 means mild 
concern, and 7–8 means severe concern. This approach has the major 
advantage of sterilizing the observers’ emotions and point of view. 
Indeed, the observers do not make any diagnosis: they simply evaluate a 
behaviour. The observers also have the possibility not to rate one (or 
more) of the features if the home video they are watching is not explicit 
on that particular aspect (too short, unclear etc.) or if they feel unsure or 
incapable of doing so. However, in the first case, they are invited to 
insert a “not readable” value in the sheet, while, in the second case, they 
are encouraged to get acquainted with the videos and with the system, 
trying to read the manual again and train themselfs with new material. It 
will be the system that will later tell whether the child recorded in that 
particular interaction is behaving typically or not (see Results). 

The training of the observers was performed using hundreds of home 
videos of infants-caregivers interactions collected before this study 
began (Paolucci, 2021b) (see Videos and Participants). They were home 
videos of i) children who were later diagnosed with ASD when they were 
9–18-months-old and ii) typically developing children who were used as 
a control group. 

2.3. The pilot study 

In this pilot study, we evaluated our methodology’s potential to 
prove a high level of sensitivity and specificity to ASD indications and 
behaviours when applied by a competent observer. The two observers of 
this study are part of the working group created for NeMo Project, which 
have an expertise in ASD studies. They were asked to rate the videos (see 
Videos and Participants) using our methodology without knowing the 
condition of the infants. Individuating sensorimotor, behavioural and 
emotional impairments the observer would be able to understand that 
he/she is in front of a potential case of ASD. This contribution describes 
the results of our pilot study. 

2.3.1. Videos and participants 
We recruited a total of 32 children with a diagnosis of ASD (10 in-

dividuals, 2 females) and TD children (22 individuals, 10 females). At 
the recruitment stage, the children were between 18 months and 11 
years old, while all the collected videos show them interacting with a 
caregivers during their 9–18 months period. All participants were 
recruited after the project dissemination through social media and word 
of mouth. The caregivers interested in participating have followed a 
standard procedure elaborated by the staff under the supervision of the 
University of Bologna data protection officer (DPO) and AIAS’s DPO 
(Support the Project! (n.d.)). 

ASD and TD children were sex-matched (χ2 = 1.9, p-value = 0.16). A 
total of 67 home videos were collected (28 for the ASD group; 39 for the 
TD group); for each child, we collected 1.86 ± 1.3 (mean ± standard 
deviation) videos for the ASD group and 1.77 ± 1.0 for the TD group. 
Each video was made by parents or caregivers when the children were 
aged 9–18 months. They were recorded using smartphone cameras 
during their daily activities to cover the different aspects related to the 
three dimensions of interaction. The only criterion given to the parents 
and caregivers for shooting or selecting the video to send us, as also 
stated in our manual (see Introduction), was that it had to represent a 
scenery in which the infant plays or interacts with his/her caregiver 
and/or other infants in a standard, daily situation (eating, bathing, 
playing, etc.), in which mutual gestures, eye-gazes, bodily movements, 
behaviours could be observed. Two experienced observers indepen-
dently scored the different categories by watching these videos without 
knowing the children’s actual diagnosis. 
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2.3.2. Ethics 
The study was approved by the local Ethics Committee. Participants 

sent an e-mail expressing their willingness to participate, attaching a 
signed “Informative consent for data processing form” for each adult and 
minor in the video (no data concerning sexual lifestyle, ethnicity, po-
litical opinion, religious or philosophical conviction were collected). To 
join the project each participant had to provide his/her consent to the 
processing of his/her personal data and his/her children’s data. The 
participant could optionally provide his/her consent to the dissemina-
tion of the data, if these are found to be particularly significant for the 
aims of the project. Also, s/he could optionally provide his/her consent 
to the storing of the data after the conclusion of the project, for future 
reuse of the data in similar projects with the same aims and purposes. We 
created a private and protected cloud space for each participant and sent 
a link to the database where access was possible only through an auto-
matically generated passcode for each participant. The videos were then 
associated with a pseudonym and analyzed by the other staff members. 
After the analyses, a researcher running the platform contacted partic-
ipants asking about their children’s condition, thus obtaining a self- 
reported diagnosis from the primary caregiver. 

2.3.3. Measurement of the inter-observer agreement 
We measured the inter-observer agreement of the features using the 

linearly weighted kappa statistic (Altman, 1999). We adopted the classes 
of interpretation of the kappa statistic proposed by Landis and Koch 
(Landis & Koch, 1977) for descriptive purposes. Accordingly, a kappa 
value below 0 indicates poor agreement, between 0 and 0.20 a slight 
agreement, between 0.21 and 0.40 a fair agreement, between 0.41 and 
0.60 a moderate agreement, between 0.61 and 0.80 a substantial 
agreement and between 0.81 and 1 an almost perfect agreement (see 
Table 2). 

2.3.4. ASD vs. TD classification through an XAI approach 
We built a machine learning model for ASD/TD children classifica-

tion based on the eXtreme Gradient Boosting (XGBoost) tree-based 
classifier – a scalable end-to-end tree boosting system that has been 
widely used to achieve cutting-edge performance on a variety of recent 
machine learning challenges (Chen & Guestrin, 2016). We fed the ma-
chine learning model by all attunement features and sex of children. We 
trained and tested the ASD vs. TD binary classification task using nested 
cross-validation (CV) (Mueller & Guido, 2017). Cross-validation is a 
machine learning technique which allows to have stable average per-
formances in the case of small samples-sized datasets (Géron, 2017). 
Indeed, dividing a small dataset into a fixed training set and a fixed test 
set implies statistical uncertainty around the estimated average test 
error. Alternative procedures to standard train-test split method such as 
CV enable to use all of the samples of the dataset in the estimation of the 

mean test error (Goodfellow et al., 2016). These procedures are based on 
the idea of repeating the training and testing computation on different 
randomly chosen subsets or splits of the original dataset. In particular in 
this study we performed a nested CV loop with a stratified child-based 
group data splitting scheme to examine the unbiased generalization 
performance of the trained model and, at the same time, perform 
hyperparameters optimization (See Fig. 1) (Mueller & Guido, 2017). 

In particular, this strategy involves nesting two k-fold CV loops 
where the inner loop is used for optimizing model hyperparameters, and 
the outer loop gives an unbiased estimate of the performance of the best 
model. The stratified child-based group data splitting scheme in the 
inner and outer CV prevents data leakage, i.e., that videos belonging to 
the same child may be included, at the same time, in the training/vali-
dation/test sets. Briefly, we start by splitting the dataset into k folds 
(outer CV); one fold is kept as a test set of the outer CV, while the other k- 
1 folds (the training set of the outer CV) are split into k inner folds (k-1 
for training and the kth for validation). Specifically, we used a 5-fold 
nested CV because it offers a favorable bias-trade-off (Hastie et al., 
2013; Lemm et al., 2011). The models’ hyperparameters are chosen 
from the hyperparameter space through a grid search based on the 
average performance of the model over the validation sets of the inner 
folds. In particular, we varied the gamma hyperparameter of the 
XGBoost in the set {0, 1, 2}, maximum depth in {4, 5, 6, 7, 8}, minimum 
child weight in {1, 2, 3, 4, 5}, and maximum delta step in {1, 3, 5, 7}. 
Once the best combination of hyperparameters that maximized the area 
under the Receiver Operating Characteristic (ROC) curve in the vali-
dation sets of the inner CV has been found, the model with that com-
bination of hyperparameters is re-trained on the outer training set and 
tested on the test set kept out from the outer CV. This procedure is 
repeated for each fold of the outer CV. Before training each XGBoost 
classifier, both in the inner and the outer CV, we firstly applied feature 
imputation, i.e., we replaced missing features with the average value of 
that feature in the set. Secondly, the set was standardized, i.e., each 
feature was rescaled to have zero mean and unit variance. For each 
iteration of the inner and outer CVs, these transformations were applied 
to the training, test and validation sets using Python scikit-learn trans-
formers, thus not using test data in any way during the learning process, 
– preventing any form of peeking (Diciotti et al., 2013). Performance 
was quantified in terms of the area under the ROC curve (AUC) in the 
test sets of the outer CV. The point of the ROC curve with minimum 
distance from the performance of the ideal observer (0,1) was also 
computed for both observers. 

Since the performance may vary depending on how the data are split 
in each fold of the CV, we repeated the nested CV procedure ten times 
and took the average and standard deviation of the results from all 
repetitions to get a final model assessment score. Since we were also 
interested in explaining the model predictions, we adopted SHapley 

Table 2 
Descriptive statistics of the features measured by both observers. a SD: standard deviation.  

Feature Observer #1 Observer #2 Weighted kappa 
statistic 

TD group [mean±SDa (% 
unassigned)] 

ASD group [mean ± SD (% 
unassigned)] 

TD group [mean ± SD (% 
unassigned)] 

ASD group [mean ± SD (% 
unassigned)] 

A1 1.54 ± 1.2 (10.2%) 4.42 ± 2.3 (25.0%) 1.63 ± 1.2 (10.3%) 3.84 ± 2.6 (32.1%) 0.81 
A2 1.54 ± 0.9 (5.1%) 5.64 ± 1.77 (21.4%) 1.63 ± 1.0 (5.1%) 4.91 ± 2.0 (21.4%) 0.85 
A3 1.92 ± 1.4 (2.6%) 6.36 ± 1.7 (0.0%) 1.95 ± 1.4 (2.6%) 5.82 ± 2.1 (0.0%) 0.89 
A4 2.03 ± 1.4 (12.8%) 6.34 ± 1.8 (17.9%) 2.06 ± 1.6 (12.8) 5.23 ± 2.2 (21.4%) 0.81 
B1 1.54 ± 1.1 (5.1%) 4.96 ± 2.7 (14.3%) 1.54 ± 1.2 (5.1%) 5.21 ± 2.6 (14.3%) 0.95 
B2 1.65 ± 1.3 (5.1%) 5.48 ± 2.36 (3.6%) 1.68 ± 1.5 (5.1%) 5.61 ± 2.4 (0.0%) 0.90 
B3 1.76 ± 1.4 (5.1%) 5.20 ± 2.6 (10.7%) 1.68 ± 1.4 (5.1%) 5.10 ± 2.4 (10.7%) 0.94 
B4 1.63 ± 1.4 (5.1%) 5.11 ± 2.6 (3.6%) 1.66 ± 1.5 (2.6%) 5.28 ± 2.6 (10.7%) 0.94 
C1 1.51 ± 1.0 (10.3%) 6.12 ± 2.1 (7.1%) 1.34 ± 0.95 (10.3%) 6.08 ± 2.3 (7.1%) 0.91 
C2 1.65 ± 1.6 (5.1%) 5.88 ± 2.3 (10.7%) 1.65 ± 1.6 (5.1%) 5.88 ± 2.2 (7.1%) 0.98 
C3 1.53 ± 1.3 (7.7%) 6.00 ± 2.2 (7.1%) 1.50 ± 1.3 (12.8%) 6.23 ± 2.2 (7.1%) 0.94 
C4 1.63 ± 1.3 (10.3%) 6.24 ± 2.2 (10.7%) 1.53 ± 1.1 (12.8%) 6.00 ± 2.2 (10.7%) 0.93  
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Additive exPlanations values (SHAP) (Lundberg & Lee, 2017) – a 
framework for interpreting predictions based on game theory by 
assigning to each feature an importance value for every sample. 
Accordingly, for each model of the outer CV, SHAP values were 
computed to produce an average (and standard deviation) of the feature 
importance explanation for the final model. 

The training, validation, and test of the XAI models were carried out 
using a custom code in Python language (v. 3.8.8) using the following 
modules: matplotlib v.3.4.1, numpy v.1.21.3, pandas v.1.2.3, scikit- 
learn v.1.1.dev0 (Pedregosa et al., 2011), seaborn v.0.11.2, and 
xgboost v.1.4.2. The total computation time for the training, validation, 
and test was about 40 min on all cores of a Linux workstation equipped 
with a 4-core (4 threads) Intel i7-7500U CPU and 8 GB RAM. 

3. Results 

3.1. Measurement of the inter-observer agreement 

The weighted kappa statistic of the inter-observer agreement was 
almost perfect, ranging between 0.82 and 0.96 (see Table 2). 

3.2. ASD/TD classification through a machine learning approach 

The model trained with features extracted by observers #1 and #2 
reached an AUC of 0.938 and 0.914, respectively – thus indicating an 
excellent performance of the classification models (see Fig. 2). The point 
of the ROC curve with minimum distance from the performance of the 
ideal observer (0,1) corresponds to a sensitivity = 0.89, specificity =
0.86 for observer #1 and sensitivity = 0.85, specificity = 0.86 for 
observer #2 (see Fig. 2). In the global feature plot, each feature’s global 
importance is assumed as the mean absolute SHAP value for that feature 
over all the given samples expressing the average impact on model 
output magnitude. 

In Fig. 3, we showed the ranking of the feature importance, i.e., the 
SHAP strength (the absolute value of the SHAP values) for both 
observers. 

As an example, in Fig. 4, we plotted the beeswarm plots for the 
models trained in the first repetition. These plots are designed to show 
an information-dense summary of how the principal features in the 
dataset impact the model’s output. For each video, the given explanation 
is represented by a single dot on every single feature. The SHAP value of 
that feature defines the x position of the dot, and dots “pile-up” along 
each feature row to show density. Colors are used to display the original 
value of a feature. In other words, from these plots, we can see the value 
of SHAP for each sample and each feature. The SHAP value of a given 
sample (a dot point in the graph) takes on a different color (from blue to 
pink) whether it has a high or low value, while it takes a different po-
sition in the graph (from the base value of SHAP to the right or left), 
based on its impact on the decision of the model. Therefore, if we 
observe a value of SHAP colored in pink and located to the right, the 
feature has considerably affected the model’s decision. In particular, for 
observer #1, high values of feature A2 move the model’s output toward 
the ASD group, while for observer #2, a low value of feature C1 moves 
the model’s output toward the TD group. For both observers, the model 
gave considerable importance to the sex of the children, and if the sex is 
male (coded as ‘1’) the model’s output moves toward the ASD group. 

4. Discussion 

In this study, we predicted ASD classification through interaction 
features extracted according to our observational methodology by 
experienced observers watching children’s videos during their daily 
activities (Paolucci, 2021a). We found that the inter-observer agreement 
was almost perfect between the two observers. Then, we trained a ma-
chine learning model with features extracted by observers #1 and #2, 
reaching excellent AUC in discrimination ASD vs. TD children (Fig. 2). 
Then, we gave XAI interpretability through SHapley Additive exPlana-
tions (SHAP) to evaluate which of the newly proposed features were 
effective in classifying individuals with ASD compared to healthy in-
dividuals. For observer #1, the features A3 and A2 that both concern 
“The bodies” and the sensorimotor dimension, were the most crucial in 
classifying ASD vs. TD subjects, while observer #2 individuated feature 
A3 as the third most salient. Maybe this “supremacy” and heuristics of 
the body – if compared to the doing and the emotions – in order to reveal 
ASD in prelinguistic infants during secondary intersubjectivity is worth 
further reflection. 

As previously stated (see Introduction), the classical cognitive sci-
ences thought of cognition as a representational mental faculty, in which 
perception used to be conceived as the input and action as the output. 
Indeed, according to this model, cognition was grounded on largely 

Fig. 1. Five-fold nested CV with a stratified child-based group data split-
ting scheme. 
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Fig. 2. ROC curves in the test set of the outer CV.  

Fig. 3. Ranking of the SHAP strength.  

Fig. 4. SHAP beeswarm plot.  
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disembodied mental computations, in which the body certainly played a 
role, albeit a secondary one, if compared to the centrality of the mind 
and its meta-representational abilities. The classical way of thinking, 
diagnosing, and understanding autism spectrum disorders has been 
strongly influenced by this framework: ASD has been considered a 
Theory of Mind disorder. In other words, ASD was regarded as a 
disturbance of the metarepresentational capacity of the constitutive type 
of mind that enables us to make cognitive sense of the actions of others. 
Indeed, classical and impactful studies, such as those by Baron-Cohen 
(Baron-Cohen, 1995, 2000; Baron-Cohen et al., 1985) have linked the 
inability of ASD children to pass metatransactional tests of false belief 
well into adulthood (and beyond) precisely to a deficit in their social 
cognition skills. However, as cognitive sciences gradually abandoned 
the so-called “sandwich model”, which identified cognition with the 
processing of mental representations while increasingly considering 
perception and action as constituent parts of cognition, the centrality of 
the theory of mind for ASD began to weaken. On the other hand, the 
problematic nature of this centrality fits perfectly with the following 
finding: typical-developing children themselves do not pass 
theory-of-mind tests until about age 3–4 years, whereas – as this study 
also shows – we are capable of discriminating between population 
groups with ASD and control groups much earlier with excellent per-
formance. Thus, the AI analysis presented here shows that the 
body-related signs are the most effective in discriminating between ASD 
and the control group. In particular, attunement to the other’s body (A2) 
and the signs related to owning one’s body (A3) seem to be extremely 
revealing of a possible future typical autism spectrum disorder, even in 
very young children, and also in contrast to the other signs from the 
other two dimensions. This centrality of the body and, in particular, the 
centrality of attunement with the other’s body also seems to be the least 
related to the cultural variability of interaction and individual encul-
turation practices that are often linked to social action during caregiving 
practices. For example, we know well how “looking into each other’s 
eyes” is a typical mode of interaction in our societies (Ochs et al., 2004), 
but it is not as important, for example, in Chinese culture or some Latin 
American communities. It should be noted that the most important 
features are not exactly the same between the two observers, and in 
future studies that are already underway, we will use multiple observers 
to understand better whether these twelve features can be reduced 
without significantly losing performance acuity. However, the XAI 
model is clearly pointing us in the right direction: aiming for a simpli-
fication of the system that preserves its performance and robustness 
while at the same time indicating which of the core signs may better 
reveal a potential ASD case than others. 

This was made possible by the SHAP approach, which belongs to 
game theory: features can be seen as players playing a cooperative game 
to have a specific prediction, and through the so-called Shapley values 
(Lundberg & Lee, 2017), we can compute the importance of each 
feature. SHAP method is better than other explanation methods (like 
LIME, DeepLIFT) because it satisfies three desirable properties for an 
explanation model (Lundberg & Lee, 2017): local accuracy, meaning 
that we can also have local explanations and not only global in-
terpretations; missingness, so that a missing feature does not contribute 
to the explanation at all; and consistency, which says that if a model 
changes so that the marginal contribution of a feature value increases or 
stays the same (regardless of other features), the Shapley value also 
increases or stays the same. 

However, this study has several limitations. The first concern relates 
to the observer. Two competent observers have led this pilot study, but 
the ideal aim of the methodology is to be efficient and apt for non- 
competent observers. For ethics and privacy reasons, we could not 
show videos to people that were not researchers of the working group of 
NeMo Project. Nonetheless, this studio shows how the methodology, if 
correctly used, can give fruitful results: this is why it needs to be 
accompanied by the results of other studies led in the NeMo Project, in 

which the observation methodology has been tested by pre-primary 
teachers directly in interaction with infants (see Implications). The 
second concern is related to the sample size, consisting of a relatively 
small number of children. Indeed, in order to generalize our results have 
to be tested with a larger amount of video analyses, a process which is 
currently underway. Thirdly, a disproportion between male and female 
children is denoted by a small number of females (i.e., 12 out of 32 total 
children). This condition is frequently encountered in the study of ASD 
and is partly due to genetic reasons and partly because the clinical scales 
used to date are mainly made on male subjects, thus resulting in females 
being underdiagnosed. Therefore, the results might be more calibrated 
to males than both sexes. Eventually, the most rated features are not 
completely consistent with one another. The common features statisti-
cally evaluated as salient by both observers are A2 and A3, respectively 
relating to infants’ capacity to adapt his/her body to caregivers or other 
children during physical encounters (A2) and overall body posture style 
and movement style, even in non-interactive situations (A3). The 
prominence of bodily features seems to confirms Teitelbaum and col-
leagues’ study (Teitelbaum et al., 1998), in which, through the analyses 
of recorded home videos, they identified anomalies in sensorimotor and 
bodily movements as red flags for ASD disorders since the very first 
months of life. However, despite the inconsistency in the overall balance 
between the most rated features, the results generated by our AI system 
prove to be highly sensitive and specific for individuating potential red 
flags. More observers will perform future analyses, in order to determine 
if it will be possible to individuate a more consistent number of features 
rated statistically, possibly to create an even simpler, yet as sensible and 
specific set of items. 

In conclusion, our results suggest that examining videos of children 
engaged in their daily activities through an explainable machine 
learning algorithm allows the validation of the effectiveness of some of 
the constituent features of the proposed scale in classifying ASDs. 

4.1. Implications 

This pilot study suggests that, despite all of the aforementioned 
limitations, our methodology is sensitive and specific for identifying 
potential indicators of infant development impairment. The results of 
the cross-observation between observers and the machine learning sys-
tem seem therefore promising. Of course, there is still a lot of work to be 
done: in the next studies, we will expand the corpus of analyzed videos 
and increase the number of observers, which is currently still insufficient 
to guarantee a generalizable validity of the study. At the same time, 
disseminating the methodology among pre-primary teachers through 
the manual and instructing them in the evaluation of interactions could 
bring new data to the research. Thanks to the NeMo project, we have 
already offered training courses to teachers in five European countries 
(Spain, Cyprus, Italy, Sweden and Slovenia) who will soon inform us of 
the results of their observations. A second relevant point is that the 
methodology shown could be particularly useful for refining a certain 
sensitivity to the fundamental dimensions of an interaction between 
children and caregivers. The goal should be to accustom observers to a 
methodology that, in the version we propose, currently appears prom-
ising in identifying red flags for future possible cases of neuro-
developmental disorders, since teachers and caregivers should be able to 
spot warning indicators. In this sense, the methodology’s high identifi-
cation rate makes it a useful tool whose margin of specificity and error is 
yet to be verified in future studies. 
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