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Abstract
In Attachment Theory, children that have a positive perception
of their parents are said to be secure, while the others are said to
be insecure. Once adult, unless identified and supported early
enough, insecure children have higher chances to experience
major issues (e.g., suicidal tendencies and antisocial behavior).
For this reason, this article proposes a speech-based automatic
approach for the recognition of attachment in school-age children. The experiments are based on stacked RNNs and have
involved 104 children of age between 5 and 9. The accuracy
is up to 68.9% (F1 59.6%), meaning that the approach makes
the right decision two times out of three, on average. To the
best of our knowledge, this is the first work aimed at inferring
attachment from speech in school-age children.
Index Terms: Computational paralinguistics, attachment, child
speech, Social Signal Processing.

1. Introduction
According to John Bowlby, originator of the Attachment Theory, “to know that an attachment figure is available and responsive gives [children] a strong and pervasive feeling of security” [1]. Therefore, attachment can be thought of as a psychological construct that accounts for whether “the infant’s search
for consistent care is met with either success, leading to a sense
of emotional security, or failure, with insecurity as a result” [2].
Correspondingly, the attachment condition of a child is said to
be secure or insecure depending on whether children perceive
their attachment figures, typically the parents, in positive or negative terms, respectively [3].
The main reason why the attachment condition is important is that insecure attachment, if not properly addressed during childhood, can have negative consequences in adult life.
For example, insecure children are more likely to display antisocial behavior [4] or to develop coronary pathologies [5, 6]
once they become adult. Furthermore, attachment shapes beliefs and expectations about relationships in general [7]. As a
consequence, insecure individuals tend to be less satisfied with
their social life, marriage or professional career because they
tend to perceive more negatively friends, romantic partners or
colleagues, respectively [2]. For these reasons, this article proposes a speech-based automatic approach for attachment recognition in children of age between 5 and 9.
The proposed approach applies methodologies typical of
Social Signal Processing [8] and Computational Paralinguistics [9]. In particular, the approach recognizes whether children are secure or insecure by analyzing nonverbal aspects of
speech. The approach starts by converting input speech signals into sequences of feature vectors extracted at regular time
steps. It then feeds such sequences to stacked Recurrent Neural Networks (RNN) [10] trained to distinguish between secure
and insecure child speakers. The main reason for focusing on

nonverbal aspects is that they were shown to convey reliable information about social and psychological phenomena such as,
e.g., emotions [11] and personality traits [12].
The experiments have involved 104 participants (59 secure
and 45 insecure) undergoing the Manchester Child Attachment
Story Task (MCAST) [13], one of the tests child psychiatrists
apply most commonly in clinical practice. During such a test,
children are recorded while telling stories about everyday interactions between two fictitious characters, a mother and her child
(see Section 2 for more details). According to the theory underlying the MCAST, children manifest their attachment condition
through the way they tell such stories, a scenario that naturally
lends itself to the application of the approach described above.
The total duration of the recordings is 7 hours, 1 minute and
24 seconds, corresponding to an average of 240.8 seconds per
child. The results show that the attachment recognition accuracy is 68.9% (F1 59.6%), meaning that the approach makes
the right decision roughly two times out of three.
To the best of our knowledge, this is the first attempt to
automatically infer the attachment condition of children from
speech. Experiments similar to those presented in this work
were shown in [14], but the focus was on the way children move
dolls representing the characters at the core of the MCAST
(the results are similar to those obtained in this article). An
automatic version of the Biometric Attachment Test was propposed in [15], but it was designed for adults and not for children. Such a work focuses on physiological measurements
(photoplethysmography), face behaviour, paralinguistics and
language to predict attachment self-assessment scores (the best
Root Mean Square Error is 12.1). Other computing works revolving around attachment target the development of digital artifacts capable to establish long-term relationships with their
users [16, 17]. Similarly, the role of attachment in child-robot
interaction was explored in [18, 19, 20], with a particular focus
on social robots designed to interact with their users like humans. Finally, other works aim at designing technologies that
support positive attachment relationships between children and
caregivers [21, 22, 23].
The rest of this article is organized as follows: Section 2
provides information about the MCAST and the data collected
for the experiments, Section 3 describes the attachment recognition approach, Section 4 reports on experiments and results,
and the final Section 5 draws some conclusions.

2. Attachment Assessment and Data
The Manchester Child Attachment Story Task (MCAST) [13]
is one of the instruments that experts use most commonly to assess the attachment condition of a child. The test is based on five
story stems about the interaction between a child and a mother
in everyday life: Breakfast (the child wakes up in the morning
and the mother prepares breakfast), Nightmare (the child wakes

Level
Female
Male
Secure
Insecure
Total

P1 (5-6)
9
10
9
10
19

P2 (6-7)
22
18
22
18
40

P3 (7-8)
15
14
18
11
29

P4 (8-9)
11
5
10
6
16

Table 1: The table shows the distribution of gender and attachment condition across the primary school levels, Primary 1 (P1)
to Primary 4 (P4). For every level, the header shows the corresponding age-range between parentheses.

Figure 1: The picture shows the School Attachment Monitor and
how it appears to the children. The computer screen (element 1
in the picture) displays the videos where actors guide the children through the steps of the MCAST, the button (element 2 in
the picture) allows the users to signal that they have completed
an MCAST step, the dolls (elements 3 and 4) and the toy house
(see element 5) allow the users to complete the story stems.

up after a nightmare and calls the mother for comfort), Hopscotch (the child gets a wound on her knee and asks the mother
to provide first aid), Tummyache (the child feels a pain in the
stomach and asks the mother to provide assistance) and Shopping (the child looses contact with the mother in a shopping
mall and tries to re-establish contact with her). After listening
to each stem, the participants have to tell how the story continues with the help of two dolls, one that corresponds to the child
of the story and the other that corresponds to her mother. The
key-assumption underlying the MCAST is that participants in
different attachment conditions will tell the stories in a different
way. For this reason, it is common clinical practice to record
the children undergoing the MCAST so that psychiatrists can
analyze the way they tell the stories in full detail.
Figure 1 shows the main elements of the School Attachment
Monitor (SAM), the system used for the collection of the data
in the experiments. The MCAST administration takes place according to the following protocol:
• Story stem delivery: the SAM plays a video in which
an actor delivers a story stem and then prompts the participant to represent its continuation with the dolls (see
element 1 of the SAM in Figure 1);
• Story representation: the participant represents the continuation of the story stem with the help of dolls (see
elements 3 and 4 in Figure 1) and play mat (element 5 in
Figure 1) while being recorded by the camera of the system and, at the conclusion, presses the “Finish” button
(element 2 in Figure 1);
• Iteration: the system goes back to the first step to deliver
another story stem (if the fifth story stem has not been
reached) or concludes the test (if the fifth story stem has
been reached).
The SAM records the whole administration of the MCAST, but
the experiments have been performed only over the segments
in which the children actually tell the stories. The reason is
that, according to the theory underlying the test, this is when
the participants manifest their attachment condition [13].

The experiments have involved 104 children randomly recruited in the primary schools of Glasgow, UK (Table 1 shows
their distribution across school levels, gender and attachment
conditions). The total number of female and male participants is
57 (55.2% of the total) and 48 (44.8% of the total), respectively.
The attachment assessment has been performed by a pool of 4
raters that have attended the professional course delivered by
the psychiatrists that have elaborated the test [24]. Every child
of the corpus has been assessed by two independent raters and,
in case of disagreement (less than 10% of the cases), a third rater
has been asked to perform an independent assessment aimed at
breaking the tie. Such a protocol replicates the practices of the
clinicians that have led the collection of the data [14].
According to a χ-square test with confidence level 99%,
the corpus distribution over attachment conditions (55.8% of
secure and 44.2% of insecure) is within a statistical fluctuation
with respect to the distribution observed in the rest of the population [25, 26]. The total length of the resulting recordings collected in the experiments is 7 hours, 1 minute and 24 seconds,
corresponding to an average of 240.8 seconds per child. The
collection of the data was performed after having received the
ethical clearance of the School Authority in Glasgow. Children
were involved only upon written authorization of their parents
and they were free to interrupt the test at any moment.

3. The Approach
The proposed approach includes three main steps, namely feature extraction, attachment recognition and aggregation. The
first step converts the input recordings into sequences of feature
vectors, the second assigns such sequences to class secure or insecure, and the third aggregates the classifications made at the
level of individual story stems.
The feature extraction step is performed with OpenSmile [27, 28] over 33 ms long non-overlapping analysis windows. The feature set includes 16 basic features and their respective delta regression coefficients for a total of 32 features.
The basic features are Root mean square of the energy (1 feature), Mel Frequency Cepstral Coefficients (12 features), Zero
Crossing Rate (1 feature), Voicing probability (1 feature) and
Fundamental frequency (1 feature). The main motivation behind this choice is that the features above were shown to be
effective in emotion recognition [29] and are commonly used
in the literature to infer social and psychological phenomena
from speech. The feature values are smoothed by averaging
over three consecutive analysis windows.
For a recording corresponding to an individual story stem,
the result of the feature extraction process is a sequence of feature vectors X = (x1 , . . . , xT ). The goal of the attachment
recognition step is to assign X to one of the two possible classes

x1

h'1

h1
h'2

...
...

hT-2
h'T-1

hT-1
h'T

h'1
x2

h'2
x3

...
...

h'T-1
xT

h'T

hT

y

Figure 2: The figure shows the information flow through the
stacked RNNs during the recognition process. The rectangular blocks correspond to hyperbolic tangent layers, while the
square block is a softmax layer. Vectors ht and h0t are the hidden states of the RNNs, while the xt s are the feature vectors
extracted from the speech recordings.

(secure or insecure). Given the sequential nature of the data,
Recurrent Neural Networks (RNN) [30] appear to be a suitable
model for recognition. In particular, the experiments were performed using two stacked RNNs [10], meaning that the hidden
states of the first RNN were fed to the second as input (see Figure 2). The main expectation behind such an architecture is that
hidden state sequences of higher networks in the stack tend to
account for increasingly higher levels of abstraction.
Training the model of Figure 2 over long sequences gives
rise to issues such as vanishing and exploding gradients [31].
Therefore, the input recordings were split into non-overlapping
segments that correspond to L = 128 vectors each (accounting
for 4.25 seconds of speech). Such a length is a tradeoff that
has been shown to be sufficient to capture temporal information
while avoiding training issues. The classification outcome corresponds to the output y of the final softmax layer when all L
vectors of a segment have been fed to the stacked RNNs (see
Figure 2). The value of y is an estimate of the probability that
sequence X belongs to class insecure. When such a probability
is above 0.5, the segment is assigned to class insecure, otherwise it is assigned to class secure.
Every speech recording includes M segments that are individually assigned to one of the two possible classes (see above).
Correspondingly, a recording can be classified through a majority vote, i.e., it can be assigned to the class ĉ that satisfies the
following equation: ĉ = arg maxc∈{c1 ,c2 } f (c), where f (c) is
the fraction of segments assigned to class c in the recording.
Section 2 shows that the MCAST includes five story stems
and, therefore, there are five recordings per child. Each of these
is classified with the approach presented above and, as a result,
there are five classification outcomes per child. The goal of the
aggregation step is to combine the decisions made at the level
of individual story stems to perform a classification at the level
of a child. Such a step can be performed in two ways. The first,
referred to as Story Majority Vote, is to assign the child to the
class her or his stories are more frequently assigned to. The second is to consider the story recordings assigned to a particular
class c and to calculate the average value of the fraction f (c)
(see above) over them. This will result into two averages E(c1 )
and E(c2 ) extracted from the story recordings assigned to c1
and c2 for a given child, respectively. The classification can
then be performed as follows: c∗ = arg maxc∈{c1 ,c2 } E(c),
where c∗ is the class the child is assgned to. Such an aggregation approach is referred to as Weighted Average.

4. Experiments and Results
The experiments were performed according to a k-fold protocol (k = 10). The folds were obtained by randomly assigning

Story
Breakfast
Nightmare
Tummyache
Hopscotch
Shop. Mall
All (SMV)
All (WA)
Random

Acc. (%)
65.8±2.7
61.0±3.6
60.1±4.5
64.2±4.4
65.3±2.6
66.7±2.0
68.9±2.0
51.0

Pre. (%)
63.9±4.1
56.7±5.9
54.5±6.3
60.3±6.4
62.6±5.1
65.2±2.7
67.8±2.4
43.0

Rec. (%)
47.3±8.0
41.8±6.4
46.9±6.8
47.3±8.2
48.5±5.0
49.3±4.9
53.3±5.0
43.0

F1 (%)
54.0±5.9
47.9±5.6
50.3±6.0
52.7±7.1
54.4±3.3
56.0±3.9
59.6±3.8
43.0

Table 2: This table shows the performance of the proposed approach in terms of Accuracy (Acc.), Precision (Pre.), Recall
(Rec.) and F1 score (F1). The performance metrics are reported in terms of average and standard deviation over 10 repetitions (at every repetition, the RNNs have been initialized differently). The acronyms SMV and WA stand for Story Majority Vote and Weighted Average. The Random classifier assigns
samples to classes according to a-priori probabilities.

the data of every child to one of the folds. Given that the same
child was never represented in more than one fold, the protocol is person-independent, meaning that the same child is never
represented in both training and test set. This ensures that the
proposed approach actually recognizes attachment and not children. Section 3 shows that the length of the input sequences was
set to L = 128 (no cross-validation was performed to find potentially better values). Similarly, other parameters were set to
values that are standard in the literature, namely the dimension
D = 70 of the hidden states, the learning rate equal to 10−3 and
the number of training epochs T = 50. To reduce the risk of
overfitting, L2 regularization was applied to both recurrent and
kernel weights of the RNN layers with parameter λ = 10−2 .
The training was performed with a mini-batch strategy to limit
computational issues [32]. This means that the RNNs were
trained over subsets of the training set (the mini-batches), each
including B = 512 training sequences. The mini-batches were
disjoint, but their union corresponded to the whole training set.
Every recognition experiment was performed R = 10 times
and, at every repetition, the RNNs were initialized randomly.
All results are presented in terms of average and standard deviation over the R repetitions.
A different model was trained for each of the five individual
story stems, thus resulting into five different models (e.g., the
“Breakfast model” was obtained by training the stacked RNNs
over the recordings corresponding to the Breakfast story stem).
In such a way, the individual models can be used as an ensemble of classifiers [33] and this is an advantage because different
stories are likely to elicit attachment relevant behaviors to a different extent. For these reasons, Table 2 shows the results both
for the individual story stems and for the aggregation performed
through Story Majority Vote or Weighted Average (see end of
Section 3). The baseline for comparison is a random classifier
that assigns a sample to class i with probability pi , where pi is
the a-priori probability of class i. According to a single-tailed
t-test, the difference with respect to such a random classifier is
always statistically significant for Accuracy, Precision and F1
Score (p < 0.01 in all cases). In the case of Recall, the difference is statistically significant only for Story Majority Vote and
Weighted Average.
The low standard deviations suggest that there is no interplay between results and RNNs’ initialization. In the case of
Recall the standard deviations are higher, but such a perfor-

Level
P1
P2
P3
P4

Acc. (%)
63.7±7.0
72.4±4.0
69.7±3.3
65.0±7.7

Pre. (%)
67.6±6.7
76.4±3.8
64.8±6.7
54.2±11.2

Rec. (%)
58.5±12.3
55.6±8.4
44.5±5.8
54.2±9.2

F1 (%)
62.3±9.7
64.1±6.8
52.6±5.4
53.8±9.2

Table 3: The table shows the performance at level Primary 1
(P1) to Primary 4 (P4). See Table 2 for the metrics.

mance metric takes into account only the 45 insecure children
and, therefore, its value fluctuates more. According to a twotailed t-test, the difference between highest accuracy (65.8%
for Breakfast) and bottom two accuracies (61.0% and 60.1%
and 63.0% for Nightmare and Tummyache, respectively) is statistically significant (p < 0.01 in both cases). This seems to
confirm that some of the story stems are more likely to elicit
detectable attachment-related behaviours.
In the case of Recall, there is a statistically significant difference (p < 0.01 according to a single tailed t-test) between
top and bottom values (48.5% and 41.8% for Shopping Mall and
Nightmare, respectively), but not between the others. Recall
plays an important role in clinical applications because it accounts for type I errors (insecure participants erroneously classified as secure), those that have the most negative consequences
because children that need medical attention do not receive it.
One possible explanation behind the result above is that insecure children tend to react more uniformly to the different stories and, therefore, there are no major differences in terms of
insecure detection.
The Story Majority Vote does not improve over the best accuracy for an individual story stem (according to a two-tailed
t-test). Such a result suggests that the classifiers trained over
individual story stems are not diverse, i.e., they do not tend to
make different mistakes over different children [34]. However,
the Weighted Average improves over the best accuracy for an
individual stem (p < 0.01 according to a two-tailed t-test) and
this suggests that the classifiers trained over individual stories,
when assigning the majority of the speech segments to the right
class, tend to do it to a greater extent. In other words, the fraction f (c) of segments assigned to class c (see end of Section 3)
tends to be higher when c is the right class.
Table 1 shows the distribution of the experiment participants across the four primary school levels in Scotland (where
the data were collected), from P1 (Primary 1) to P4 (Primary
4). For this reason, Table 3 presents the results obtained through
Weighted Average for children at different school levels. According to a single-tailed t-test, there is no statistically significant difference between the accuracies observed over children
of levels P2 and P3. However, the difference is statistically significant between such children and the others (p < 0.05 according to a single-tailed t-test). Therefore, the proposed approach
seems to work better for children at levels P2 and P3. In particular, when taking into account only children of such levels, the
accuracy is 71.1%, the Precision is 71.4%, the Recall is 50.8%
and the F1 score is 59.2%. One possible explanation is that
such levels account for roughly 66% of the participants (69 out
of 104) and, therefore, they correspond to a similar fraction of
the training material. In other words, the availability of more
children in levels P2 and P3 results into models that are more
effective for such levels.
In the case of Recall, the situation is different and, in particular, the only value that is lower than the others to a statistically

significant extent is observed for P3 (p < 0.05 according to
a single-tailed t-test in all cases). This suggests that, in terms
of Recall the proposed approach seems to be equally effective
across 3 of the 4 levels. Furthermore, it should be considered
that Recall takes into account only insecure children (45 out of
104 children) and, therefore, the lower performance of P3 might
depend on a fluctuation due to the limited number of children
at such a level (11 out of the 45 insecure). This is important
because it means that it is possible to identify insecure children
with roughly the same level of performance across at least 3
school levels.

5. Conclusions
To the best of our knowledge, this work proposes the first
speech-based approach for attachment recognition in children.
The results show that it is possible to achieve an accuracy of up
to 68.9%, corresponding to an F1 score of 59.6%. The main motivation behind the work is that, according to the guidelines of
the UK National Collaborating Centre for Mental Health, “attachment difficulties [...] place a considerable financial burden on health, social services, criminal justice and society as
a whole” [35]. Therefore, it is necessary to “develop reliable
and valid screening assessment tools for attachment [...] that
can be made available and used in routine health and social
care” [35]. In particular, automatic approaches for attachment
assessment can allow large-scale screenings of the population
that, at the moment, are not possible because traditional, nonautomatic assessment tests are too time-consuming.
According to the observations of child psychiatry, “[...] the
younger the subject the more likely are his behaviour and his
mental state to be the two sides of a single coin” [36]. For
this reason, the proposed approach is based on methodologies
typical of Social Signal Processing and Computational Paralinguistics, two computing domains focusing on the analysis of
nonverbal behaviour. Overall, the results appear to confirm that
attachment, like any other social and psychological phenomena,
leaves traces in terms of honest nonverbal behavioural cues, i.e.,
cues that convey reliable information about the actual inner state
of an individual [8].
One of the main characteristics of the proposed approach is
the aggregation of decisions made at the level of individual story
stems. The reason is that, according to the theory underlying the
MCAST, different stems elicit attachment-relevant reactions to
a different extent in different children. In this respect, the use
of five stems aims at ensuring that, at least for one stem, every
child manifests her or his condition with sufficient evidence. In
order to increase the diversity across models trained over individual stems, future work will focus on the inclusion of different
modalities, i.e., of different behavioural channels through which
attachment can be expressed (e.g., facial expressions, language
or gestures). The main motivation is that new modalities can inject diversity, i.e., the tendency to make different mistakes over
different children. This is the main property that can help an
ensemble of classifiers to improve its performance [34].
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