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Abstract

Attention-deficit/hyperactivity disorder (ADHD) is one of the most common psychological neurodevel-
opmental disorder among children and adolescents, with a prevalence of 5.6% in teenagers aged 12 to
18 years [51]. Its diagnosis is reliable and valid when evaluated with standard criteria for psychiatric
disorders [16], but it is time consuming and requires a high level of expertise to arrive at a correct differ-
ential diagnosis. The development of low-cost, fast and efficient tools supporting the ADHD diagnosis
process would therefore be important for practitioners, because it should help identify and prevent risks
in different populations.

In this paper, we study the possibility of detecting ADHD with Natural Language Processing (NLP),
based on the analysis of a specific type of adolescent’s autobiographical narratives called Self-Defining
Memories (SDMs). (1) We train a Support Vector Machine (SVM) to predict ADHD diagnosis, (2) we
attempt to explain its results by exploring lexical information (3) and unfolding the results of the SVM
to identify and analyse the linguistic markers associated with each groups.

With an accuracy of 92%, the SVM manages to classify texts from both group (ADHD vs Control),
revealing a signal specific to autobiographical texts narratives written by people with ADHD. The qual-
ity of the detection is confirmed by the interpretative yield of the main markers identified. However,
several methodological improvements remain necessary to improve the accuracy and the automation
of ADHD diagnosis with stylometric methods.
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1. Introduction

The assumptions that the “words we use in natural language [...] reveal a tremendous amount
of information about our social interactions and personality” and that Natural Language Pro-
cessing (NLP) can help us access to this information is now widely shared by linguists, philolo-
gists or psychologists [11]. With regard for psychological disorders, such a “revelation” is not
enough: because ADHD poses significant risks [24], we need to efficiently assist practition-
ers to detect such disorders as automatically and as reliably as possible. This paper proposes
therefore a case study to evaluate the use of a NLP technique, stylometry, for the detection and
possibly the understanding of Attention-deficit/hyperactivity disorder (ADHD).

Research crossing NLP and psychology is mainly conducted on English native speakers, but
some papers exist on romance languages (such as Spanish [31]) or Asian languages (such as
Korean [29, 28]). It is precisely on Korean that the rare studies on ADHD concluding with a
specific style for people prone to this disorder have been carried out. If a specific style exists,
stylometry should make it possible to identify it, and therefore presents itself as a promising
method for diagnosing ADHD, and thus preventing the risks associated with it.

1.1. Attention-deficit/hyperactivity disorder (ADHD)

ADHD is a neurodevelopmental disorder that affects 5.6% in teenagers aged 12 to 18 years
[51]. Its causes are multifactorial: several genetic and environmental risk factors act together
to increase both susceptibility to the disorder and the extent of psychiatric comorbidities [16].
Regarding its diagnosis, it is reliable and valid when evaluated with standard criteria for psychi-
atric disorders, but the expression of symptoms varies as a function of patient developmental
stage in both the social and the academic contexts [16]. All this makes ADHD diagnoses a time
consuming task (up to one working day) requiring a high level of expertise.

Furthermore, during adolescence, young people with ADHD are especially prone to expe-
rience difficulties in interpersonal relationships, characterised by conflicts within the family
or at school. In the latter case, conflicts with classmates may in turn lead to peer rejection,
social isolation or school failure [2, 3, 54]. Besides these relational problems, adolescents with
ADHD are also exposed to higher risks of neurocognitive dysfunction, substance abuse, low
self-esteem and social disability [16]. In summary, this leads to a situation in which a complex
diagnosis with extremely serious health and social implications for patients must be made, in-
volving time and resources that are not always available and in a context of high prevalence.

1.2. Psychology and Natural Language Processing (NLP)

For more than ten years now, the use of NLP has established itself as a valid method for different
types of clinical applications in neuroscience and psychiatry [13], which explains an upward
trend for this approach and a growing need to develop new detection methods [65]. Clinical
applications include psychological profiling [39, 29], or the detection of depression [15, 47]
and psychological distress [32] with different methods: word embeddings, sentiment analysis
or stylometry. The latest research makes it possible not only to identify mental health risks
(like patients who exhibit suicidal risk behaviour [59]), but also to predict depression [15] or
schizophrenia in first-episode of psychosis [17, 58, 49] on a linguistic basis.
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2. Data and features

2.1. Corpus

The corpus is made up of a series of 198 Self-Defining Memories (SDMs, cf. section 2.3) collected
in two samples, one consisting of adolescents with a diagnose of ADHD and the other with
control participants (cf. section 2.2), who all had to write a total of three SDMs each. All texts
are written in French.

SDMs were handwritten by the participants and then transcribed by the person in charge of
the experiment. If spelling errors can provide valuable linguistic information, we noticed that
some errors were introduced or removed during computer entry of the text. We have therefore
decided to correct all of them: a first time with a professional spell checker, a second time with
the Hunspell package [40].

2.2. Participants

ADHD group Adolescents with ADHD were recruited as part of a research project con-
ducted at the Unit of Developmental Clinical Psychology at the University of Geneva. The
project was advertised in local parents’ associations for children with ADHD and through col-
laborations established with local child psychiatrists. Diagnostic criteria were investigated by
detailed anamnestic interviews and confirmed by a semi-structured parents interview using the
ADHD Child Evaluation cf. [64]. All diagnostic assessments were conducted by experienced
clinical psychologists specialised in ADHD.

Control group The control sample was recruited from the general population in Geneva by
means of advertisements and personal contact. Participants were volunteers, native French or
fluent French speakers and received a compensation for their participation.

Inclusion/Exclusion criteria Inclusion criteria were age (12-17), fluency in French and, for
the ADHD group, meeting current diagnostic criteria for ADHD [1]. Exclusion criteria were
history of psychotic disorders, borderline personality disorder, autism spectrum disorder or
neurological disorders.

2.3. Self-defining memories

SDMs are written texts that represent a specific type of autobiographical memories associated
with the self-concept and a sense of coherence and continuity in one’s ongoing individual
history [4]. They were collected with the SDM Task [60, 55], during which participants are
asked to evoke personal memories of events with specic attributes. These events

1. occurred at least one year ago;

2. are important and generally vividly represented;

3. are meaningful and useful to help the participant (or a significant other) to understand
who s.he is;

4. are related to an important and enduring theme;
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5. are either positive or negative but must generate strong feelings;
6. were recalled many times on a voluntary basis or spontaneously.

While listening to this description, participants had a sheet of paper in front of them that
summed up these principal points. Participants were then told to imagine a situation where
they meet someone they like very much and with whom they agree during a walk to talk
about who they really are, their “Real Me”, sharing several personal past events that powerfully
convey how they have become the person they currently are. Participants were then given
three sheets of paper on which they had to write down a SDM on each of them.

3. Prediction task

As already said, previous studies have shown that persons with ADHD have a different linguis-
tic style from non-ADHD groups [63, 28, 29]. It should therefore be possible to classify texts
from the ADHD and control groups with stylometric methods.

3.1. Hypothesis

Function words (FW) are words used both in stylometry [27] and in psychology [11]. These
words have little lexical meaning and a grammatical role in the sentence (e.g. articles, preposi-
tions, conjunctions, auxiliary verbs...). As such, FW are opposed to content words, which have
a semantic content (e.g. nouns, adjectives, verbs...), but there is no clear delimitation between
the two groups. Indeed, some words can be classified in one or the other category such as
pronouns. Pronouns have indeed attracted much attention from researchers, who have em-
phasised their particular status first in literature [36, 26] and then in psychology [42].

According to Chung and Pennebaker [11], examining the use of FW in natural language
samples has provided a non-reactive way to explore personality processes. For example, it
has been found that use of specific FW is related with affective states [62, 11], depression
[50, 34], reactions to individual life stressors [44], reactions to socially-shared stressors [8, 56,
20, 12], deception [43, 38], status [45], sex [37] and age [46]. We think that the use of FW
differs between our two working groups (ADHD vs control) and that it is therefore possible to
automatically classify one and the other group on the basis of FW. For years now, stylometry
has been used to classify all types of documents [53], and seems to be the most suitable method
for this task.

In addition to FW, we also propose to use another traditional feature of stylometric research:
characters 3-grams [30], which can capture lexical, and even grammatical preferences. Such
a feature has already shown its relevance for French texts in previous studies on authorship
attribution [7], and has also proven its capacity to capture more than the authorial signal [18].

3.2. Setup

Support Vector Machine (SVM) Often used in stylometry, unsupervised approaches [10,
19, 33, 7, 52] seemed less adapted than supervised techniques for this profiling task. A recent
survey [21] has shown that classical machine learning methods still perform better for profiling
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in similar settings (short texts, boolean or few categories) than deep learning. We turned to
Support Vector Machines (SVMs) rather than random forest [23] or logistic regression [35, 61],
as it allows for easy interpretation and have established themselves as a standard method in
stylometry [14, 5].

SuperStyl In this study, all analyses were implemented with the Python SuperStyl package
[9]. This package has been used to build stylistic profiles with very good results [6]. SuperStyl
use internally the SVM and pipeline facilities from scikit-learn [41].

Data All participants’ SDMs are collected in a single file, with the exception of those written
by two people from the control group and two from the ADHD group for a final blind test.
Several word sample sizes are tested (1’000, 1’250, 1’500 and 2°000).

Parameters We tried to use two types of features: FW and character 3-grams for the reasons
previously exposed. Because the length of SDMs varies a lot and we have more SDMs in the
control group than in the ADHD groups (cf. section 4.3), we have tested different sampling
methods (no sampling, downsampling, upsampling, Tomek links) and the use of class weights.
All tests are conducted with a linear kernel and a 10-fold validation, on data normalised by using
z-scores for variables and applied Euclidean vector-length normalisation (L2 normalisation).

3.3. Results

Scores Best results are achieved with 1’500 words samples, 10-fold validation, class weights
and Tomek Links (for FW) / downsampling (for 3-grams). Accuracy is slightly lower with FW
(0.85) than with 3-grams (0.92), which appears here as a promising indicator for research in
psycholinguistics. However, the results remain surprisingly good in both cases. The recall
for the ADHD group deserves special attention: for obvious reasons, a maximum number of
people with ADHD must be identified and a minimum must be misclassified. With 0.75, results
are not satisfactory yet, but promising.

Table 1
Results of the experiment with FW (left) and character 3-grams (right).

Precision  Recall ~ f1-score  support Precision  Recall ~ f1-score  support
control 0.89 0.89 0.89 9 control 0.90 1.00 0.95 9
TDAH 0.75 0.75 0.75 4 TDAH 1.00 0.75 0.86 4
Accuracy 0.85 13 Accuracy 0.92 13

Test The SDMs of four participants (2 ADHD and 2 control) were not used for training and
kept for a final test. The model perfectly classify ADHD and non-ADHD SDMs.

4. Lexical exploration

In a medical context, predicting is not enough: it is necessary to explain the results. The
study of our corpus could make it possible to give initial explanations as to the quality of the
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prediction, but also to confirm several hypotheses.

4.1. Hypotheses
Two standard measures have been used to explore the lexical information in the corpus:

1. Lexical Density measures the structure and complexity of a text. It provides a mea-
sure of the proportion of lexical items (types) in relation to the total number of tokens
in the text [25], and thus helps evaluating the amount of information in a given doc-
ument [22]. Diversity evolves during human lifespan and it is influenced by different
factors like education or the communication style of the family. Other studies in the
field of psychology have found a relationship between neurodevelopmental disorders
and lexical density, where children with autism spectrum disorders tend to have a lower
density than the average population [63]. To the best to our knowledge, no study has yet
explored lexical density in the linguistic production of adolescent with ADHD. Consider-
ing the fact that ADHD is a neurodeveloppmental disorder, measures of lexical density
could differentiate adolescents with ADHD from those with a typical development.

2. Lexical Diversity measures how many types are used in each adolescent’s narrative.
SDMs that are lexically diverse use a wide range of vocabulary, of synonyms and a
precise language to describe their memories. Previous studies have shown that measures
of lexical diversity do not differentiate adolescents with ADHD from those with a typical
development [48], we should therefore expect a similar result.

4.2. Setup

Pairwise matching is used to create samples balancing the ADHD and the control groups
with respect to the means of participants’ sex' and age in order to make them comparable.

Table 2
Effect of pairwise matching on B e histogram plot AR e histogram plo
the distribution of participants (x RS GRSl
3 SDMes).
Type Raw  Pairwised o
Boys 32 24
Girls 34 24 2 =%
<=15 years old 21 20 S o S
>15 years old 45 28
ADHD 25 24
Control 41 24 . .
Total 66 48 : ) .

"We do not use gender, but biological sex as a category, as many other studies do. Our objective here is not to study
the difference between these two groups (male vs. female) but to obtain two samples as comparable as possible
(ADHD vs. control). The question of gender could, however, be of interest in future studies, especially because
ADHD is possibly because ADHD is generally more likely to be diagnosed and treated for boys.
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We matched the two samples using the cardinality matching method to find the largest
matched set (in this case by age and sex) with the additional constraint that the ratio between
the number of adolescents in both groups had to be equal to 1. This method allowed us to
avoid differences between groups by sex or age with minimal loss of ADHD cases selecting
the best-fitting control cases in function of the ADHD group.

Final samples In both groups the final sample meeting and pairwise inclusion criteria con-
sisted of 24 adolescents (12 females and 12 males) in both groups (cf.tab. 2). The age mean
weight in ADHD group was 15.14 (o = 1.83) and 15.21 (o = 1.44) for the control group. A Stu-
dent two-samples t-test showed that the difference was statistically not significant (t(43.65) =
-0.16, p = 0.87). Finally, as a result of this pairwise matching, the total number of SDMs per
group has been reduced to 72 SDMs (24 participants x 3 SDMs) per group.

4.3. Results

Lexical diversity (TTR = %) is higher for
the control group (209, o = 63,9), indicat- Wsrdcornt
. . . e Wilcoxon test, W = 141, p = 0.0025, n = 48
ing its members use significantly more 200 .
different words to describe their mem- .
ories than the ADHD group (153, o = .
54,5, p < 0.001), contradicting the re- .
sults of Redmond [48]. This fact could 150
be explained by the significant differ- .
ence in size between the SDMs of the
two groups (cf.fig. 1), those of the con-
trol group being generally longer (X >100
token) than those of the ADHD group
(x=60): as the length of the text in-
creases, there is a greater statistical like- &
lihood of finding a new word.

On the contrary lexical density (L =

Groups

B3 adnd

100 ‘ control

adhd control

% * 100) is not significantly different
between the control group (0.027, ¢ =
0.008) and the ADHD group (0.029, ¢ =
0.01), which invalidates our hypothesis
based on Yoder [63].

Mann-Whitney two-samples test
Figure 1: Number of tokens per SDM in ADHD group
vs control group.

4.4. Functors as markers

Analyzing which features allowed our SVM to distinguish between our two groups can help
us understand further the differences between ADHD-diagnosed respondents and individuals
from the control group. The size of our corpus does not allow us to comment on content words,
not frequent enough to be considered as reliably interpretable. But we can gain significant
insights from function words (cf. fig. 2).
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For the ADHD group the markers include the neutral pronoun (on) combined with the third
person auxiliaries and the abundance of words with syntactic function (donc, et, avec).

Table 3
Examples of markers in their context of meaning (ADHD group).
Marker Context of meaning
“donc” (...) nous avons donc été confiné ensemble (...)”
“et” (...) on a pris de I’extasie et de la cocaine et on s’est baladé toute la nuit (...)
“sur” (...) On s’était couché surla plage et d’un coup, un nuage de libellules est arrivé
()
“avec” (...) C’était en 2020, en France, a la campagne avec toute ma famille (...)

On the other hand, the control group is very marked by first person pronouns (je, me/m)
and the plural (des, plus).

Table 4

Examples of markers in their context of meaning (Control group).
Marker Context of meaning
7je” (...) j'avais peur de faire des toboggans quand un ami m’a forcé a le descendre”
“des” (...) Cétait compliqué de se concentrer a cause des distractions de la maison (...)
“plus” (...) j’ai rencontré ma copine et ca m’a rendu plus heureuse et stre de moi (...)
“fois” (...) Cétait la premiére fois que j assistais a un enterrement. (...)

5. Discussion

Our findings indicate that adolescent’s with ADHD diagnosis show significant differences in
their autobiographical narratives style of language from their control group (non-ADHD co-
hort), which is enough to have them detected by the machine. Additionally, different markers
for each group were found which are meaningful from a psychological perspective. Indeed,
the use of the neutral pronoun in the ADHD group is very different from the use of the first
singular pronoun in the case of the Control group. In terms of agency, the latter identifies the
author as the subject performing and feeling things while the narrated event occurred. In the
case of the ADHD group, the agent is subsumed in an undefined neutral mass (on) that per-
forms things in a distinctly less personal way. In their model of the relationships between self,
memory, and visual perspective, Sutin and Robins [57] argued that in the first person perspec-
tive, individuals see the event through their own eyes, while, in the third person perspective,
individuals see themselves and the event from the perspective of an external observer. Accord-
ing to their model, a reduced use of the first person may serves a distancing function helping
to reduce emotional reliving and to distance the current self from the self in the memory. In
this sense, adolescents with ADHD show at least difficulties to connect with their emotional
experiences, either by way of a defence mechanisms or by functional difficulties related to ex-
ecutive functions. This result is even more relevant to consider if one takes into account that
the task asks for memories lived by the person that have marked him/her and that, therefore,
easily elicit first-person experiences.
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Figure 2: Most important FW for stylometric classification. In red the control group, in blue the ADHD
group.

With respect to lexical density, our results are not consistent with previous finding and does
not confirm differences between groups based on the presence or absence of ADHD. However,
this could be due to the small size of the ADHD group narratives.

6. Further work

Future studies are needed to increase the accuracy and fine grain detection of ADHD. First
the potential differences by sex or gender in language markers should be addressed. Second,
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refining the precision of the detection in order to identify the different modalities of ADHD
(predominantly inattentive, hyperactive or combined) is another relevant challenge to con-
sider for future studies. Third, self-reported affect reported by participants in the Task of
SDMs should be considered in order to evaluate to what extend this metadata could improve
the detection of the signal of ADHD in the adolescent’s autobiographical narratives. Finally,
considering the potential challenge for young adolescents to write a memoir, another interest-
ing aspect would be to modify the task to make it a verbal task and, eventually, also modify
the instruction to make it simpler and eventually more stimulating for the target population.
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