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Abstract

Background: Understanding how individuals think about a topic, known as the mental model, can significantly improve
communication, especially in the medical domain where emotions and implications are high. Neurodevelopmental disorders
(NDDs) represent a group of diagnoses, affecting up to 18% of the global population, involving differences in the development
of cognitive or social functions. In this study, we focus on 2 NDDs, attention deficit hyperactivity disorder (ADHD) and autism
spectrum disorder (ASD), which involve multiple symptoms and interventions requiring interactions between 2 important
stakeholders: parents and health professionals. There is a gap in our understanding of differences between mental models for
each stakeholder, making communication between stakeholders more difficult than it could be.

Objective: We aim to build knowledge graphs (KGs) from web-based information relevant to each stakeholder as proxies of
mental models. These KGs will accelerate the identification of shared and divergent concerns between stakeholders. The developed
KGs can help improve knowledge mobilization, communication, and care for individuals with ADHD and ASD.

Methods: We created 2 data sets by collecting the posts from web-based forums and PubMed abstracts related to ADHD and
ASD. We utilized the Unified Medical Language System (UMLS) to detect biomedical concepts and applied Positive Pointwise
Mutual Information followed by truncated Singular Value Decomposition to obtain corpus-based concept embeddings for each
data set. Each data set is represented as a KG using a property graph model. Semantic relatedness between concepts is calculated
to rank the relation strength of concepts and stored in the KG as relation weights. UMLS disorder-relevant semantic types are
used to provide additional categorical information about each concept’s domain.

Results: The developed KGs contain concepts from both data sets, with node sizes representing the co-occurrence frequency
of concepts and edge sizes representing relevance between concepts. ADHD- and ASD-related concepts from different semantic
types shows diverse areas of concerns and complex needs of the conditions. KG identifies converging and diverging concepts
between health professionals literature (PubMed) and parental concerns (web-based forums), which may correspond to the
differences between mental models for each stakeholder.

Conclusions: We show for the first time that generating KGs from web-based data can capture the complex needs of families
dealing with ADHD or ASD. Moreover, we showed points of convergence between families and health professionals’ KGs.
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Natural language processing–based KG provides access to a large sample size, which is often a limiting factor for traditional
in-person mental model mapping. Our work offers a high throughput access to mental model maps, which could be used for
further in-person validation, knowledge mobilization projects, and basis for communication about potential blind spots from
stakeholders in interactions about NDDs. Future research will be needed to identify how concepts could interact together differently
for each stakeholder.

(J Med Internet Res 2022;24(8):e39888) doi: 10.2196/39888
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Introduction

Neurodevelopmental disorders (NDDs) are common and
represent a group of diagnoses consisting of differences in the
development of cognitive, motor, or social skills [1]. Attention
deficit hyperactivity disorder (ADHD) is the most common
cause of NDDs and affects the ability of children and adults to
focus their attention and regulate their motor activity. Another
condition is autism spectrum disorder (ASD), which is
associated with differences in social interaction, language, and
behavior. The prevalence of NDDs is up to 18% worldwide
when considering its most common conditions (ADHD) [2,3],
while some conditions like ASD will have prevalence closer to
1% [4]. Individuals with ASD and ADHD frequently experience,
in addition to their core disorders symptoms, a variety of
associated issues, including sleep difficulties, challenging
behaviors, and mental health concerns, with repercussions not
only on health but also on education and social needs. This
creates a level of complexity for parents and a need for large
care teams and challenges in communication for health
professionals involved with families with NDDs.

Research in medical complexity has shown how communication
and care can be improved by establishing each stakeholder’s
representation of a condition known as the mental model. Mental
models are dynamic and are constantly evolving sets of beliefs
and knowledge, which dictate parents’ and professionals’
decisions and behaviors [5,6]. When collaborating with others,
having contradictory mental models can lead to conflicting
expectations and impede communication [7,8]. Representing
mental models visually as a map increases communication and
collaboration in education [9] and health care [10]. Mental
models have been mapped using various in-person techniques
such as cognitive task analysis and concept mapping [11].
Nonetheless, those require trained professionals and access to
stakeholders, thereby limiting their scalability.

Knowledge graphs (KGs), as a graph-based information
representation format, have been widely applied in artificial
intelligence and structural representation of information [12].
KG represents knowledge in a structured way—concepts are
nodes connected to each other with edges denoting relationships
similar to concept maps. Web-based information has been
increasingly used to identify themes of interest to patients. For
instance, analysis of web-based information for individuals with
cancer has been used to compare patients’and family members’
concerns [13], patients’ concern and research questionnaires
[14], or clinical trial topics [15]. In addition, natural language

processing (NLP) techniques have been used to identify and
compare the language used to describe different mental health
disorders [16]. The word co-occurrence analysis has been used
extensively to extract the meanings from text, including health
[17], cancer [18], and COVID-19 information, from Twitter
[19]. Semantic relatedness tasks play an important role in many
NLP applications such as word sense disambiguation [20,21],
aspect-based sentiment analysis [22], query expansion [23], and
information retrieval from electronic health records [24]. Our
study is the first, to our knowledge, to leverage KG building
tools to represent mental models from different stakeholders.
Moreover, it remains unclear how medical professional literature
addresses the topics of most interest to families. Therefore, we
propose an approach for comparing ASD-related or
ADHD-related concepts that are important and frequently
occurring in family forums and in the PubMed literature related
to these conditions. Our proposed approach is different from
that in the prior mentioned work as it utilizes the vector space
model (VSM)–based semantic relatedness technique to construct
the KG representation of ASD-related and ADHD-related
unified medical language system (UMLS) concepts.

The developed KGs depict concept maps of information from
2 sources: online communities and PubMed abstracts. They
help identify concepts with similar and dissimilar relevancy or
priority and their frequency of occurrence for the case of both
stakeholders. Such a methodology is essential, as obtaining such
information directly from stakeholders requires extensive effort
involving recruitment and conducting interviews or distributing
surveys (with often limited response rate).

Methods

Data Collection

PubMed Abstracts
Search queries “neurodevelopmental disorders [MeSH],”
“autism,” “autism spectrum disorder [MeSH],” “autistic
disorder,” “attention deficit and disruptive behavior disorders
[MeSH],” “attention deficit disorder with hyperactivity
[MeSH],” and “ADHD” were performed in PubMed using
Entrez Programming Utilities application programming interface
by the National Center for Biotechnology Information. A unique
list of 226,660 article identifiers was created, and abstracts were
retrieved by making another PubMed application programming
interface call, which returned 118,153 nonempty abstracts.
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Forum Posts
We manually googled publicly available web-based forums or
communities and subreddits around the NDD topics to gather
social media data and reviewed their privacy policies and terms
of use. We selected 3 sources: healthboards.com [25],
psychforums.com [26], and reddit [27], for which ethics
approval for data collection and analysis was obtained from the
University of Alberta. No HTML element containing identifiable
personal information such as username was scraped, and only
the one containing post was retrieved and stored locally. We
did not contact any users for this research. As these online
communities are not exclusively focused on NDD topics, we
selected subforums about ASD and ADHD such as autism,
Asperger syndrome, ADHD, and attention deficit disorder. We
found various subreddits around ASD and ADHD, including
askAutism, AutismBlogs, TeenAspies, ADD, adhd_anxiety,
ADHD, and ParentingADHD. Python Scrapy framework [28]
was used to scrape the posts from healthboards.com and
psychforums.com, while Reddit application programming
interface wrapper [29] was used to collect data from different
subreddits. We only considered the main post of the thread and
did not collect the list of replies to the thread. We assumed that

the main thread consists of the concern posted by the forum
user (which was our primary goal in building the KG). We did
not include the replies as they would consist of the mention of
the same concepts and would falsely boost the frequency of
co-occurrence unless the text analysis pipeline has the ability
to understand the complete sentence context such as relation
extraction task. We did not filter the posts that were posted by
parents only; therefore, these could be from any family member,
caregiver, a friend of an individual with ASD or ADHD, or an
individual with a condition itself.

NLP Pipeline

Data Preprocessing
All PubMed abstracts and forum posts (henceforth referred to
as documents) were preprocessed using the Natural Language
Toolkit Python library in order to remove punctuation, tokenize
sentences into words, remove stop words, and lemmatize the
words [30]. This process is illustrated in Figure 1. Stop words
refer to the words that are not informative but occur a number
of times such as is, am, are, and have. The default list of stop
words provided by the Natural Language Toolkit was used as
is.

Figure 1. Text processing and knowledge graph generation methodology. Data collection consists of forum scraping using Scrapy, Reddit wrapper
application programming interface call, and PubMed application programming interface call. Collected documents are processed through the natural
language processing pipeline. The knowledge graph is developed from top 25 concepts related to the condition concepts (autism spectrum disorder or
attention deficit hyperactivity disorder) under selected semantic types. ADHD: attention deficit hyperactivity disorder; ASD: autism spectrum disorder;
PMI: pointwise mutual information; UMLS: unified medical language system.

UMLS Entity Linker
The UMLS is a collection of over 100 controlled vocabularies,
including but not limited to the International Classification of
Diseases-10th classification, medical subject headings, and
SNOMED Clinical Terms and contains over 4 million concepts
[31]. UMLS facilitates biomedical entity detection by combining
synonyms from different source vocabularies into canonical
terms called concepts. UMLS also classifies all of its concepts
into broader categories called semantic types; for instance, the
ASD concept is classified as a mental or a behavioral
dysfunction and the training programs concept as an educational

activity. Semantic types provide the additional categorical
information about the concept and are utilized in this project.
An existing open-source Python library scispaCy is used to
detect the UMLS concepts from documents [32]. The scispaCy
UMLS entity linker provides the score for each detected concept,
which ranges from 0 to 1. Low-scored terms would have higher
chances of false positives, and we set the probability cutoff of
0.7 to reduce the chances of false positives. Therefore, only the
concepts with scores greater than 0.7 along with their semantic
type were considered in the final annotation.
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In total, 124 UMLS semantic types from PubMed and 122
semantic types from the forum were detected, which could be
applicable to all subfields of the medical domain. Peng et al
[33] found that the precision of the UMLS entity linker tools
could be low if the entities are not specific to ASD, and they
used 13 semantic types in their analysis. Our preliminary
analysis of all the semantic types was performed by comparing
the frequencies of occurrence of each semantic type, which were
calculated using all detected concepts from the documents
corpus in each source. It showed that the most frequent semantic
types such as qualitative concept, functional concept, and idea
or concept in the database were not related to ASD and ADHD.
Multimedia Appendix 1 shows the top frequent semantic types
in each source. Considering the absence of established
NDD-related semantic types, we prioritized a set of 26 types
by reviewing associated concepts in collaboration with the NDD
expert. The selected 26 semantic types are “activity,” “age
group,” “behavior,” “congenital abnormality,” “diagnostic
procedure,” “daily or recreational activity,” “disease or
syndrome,” “educational activity,” “family group,” “finding,”
“health care–related organization,” “health care activity,”
“individual behavior,” “injury or poisoning,” “mental process,”
“mental or behavioral dysfunction,” “occupational activity,”
“occupation or discipline,” “organization,” “patient or disabled
group,” “professional or occupational group,” “professional
society,” “self-help or relief organization,” “social behavior,”
“sign or symptom,” and “therapeutic or preventive procedure.”
We excluded the frequent semantic types such as qualitative

concept, functional concept, and idea or concept from the KG
developed for this analysis. However, we are aiming to use
those in future works.

If a concept is associated with more than one semantic type,
then the scispaCy entity linker returns the list of all semantic
types and does not consider the context of the sentences to select
the semantic type being discussed. As it returns a list of all
semantic types, we considered only the first returned semantic
type. Concepts that occur in at least 10 documents in the corpus
were considered for further analysis. Thus, we had 4494 unique
concepts in PubMed documents and 3627 unique concepts in
the forum.

Document Filter
All documents annotated with UMLS concepts passed through
a filter that removed documents without mentioning ASD-related
and ADHD-related concepts in the text. In UMLS, ASD,
Asperger syndrome, and autistic disorder are different concepts;
all the documents that mention any of these in either the abstract
or the title are considered under ASD. Further, Asperger
syndrome and autistic disorder concepts were replaced with
ASD. As a result, we obtained a final data set of 55,461 PubMed
abstracts in which 37,728 mentioned ASD, 20,805 mentioned
ADHD, and 3072 mentioned both conditions. For the forum,
the final data set contained 153,098 posts, in which 72,669 posts
were about ASD, 90,372 were about ADHD, and 9943 had
statements related to both conditions. Table 1 lists the number
of posts collected from 3 web-based forums.

Table 1. Number of documents collected from different data sources.

Both autism spectrum disorder and
attention deficit hyperactivity disor-
der documents

Attention deficit hyperactivity

disorder documents

Autism spectrum disorder

documents

Source

930287,02266,552Reddit

39519665029Psych forums

24613841088Health boards

994390,37272,669Total documents from the 3 forums

307220,80537,728PubMed

UMLS Concept Embeddings
Corpus-based numerical representation of concepts in the VSM
represents the meaning of a concept based upon its context. It
assumes that concepts that occur together in an environment
(either document level, sentence level, or a neighborhood
window of a particular size) would be related or similar to each
other. The size of the context frames affects the representation
of the concepts in the VSM, and many of the word embedding
models such as the Skip-gram model and
Continuous-bag-of-words model use window-context–based
approaches called a local context. Document-level
co-occurrence, referred to as a global context, provides more
topical information around the concept, as many topic modeling
approaches use the global context to detect the latent topics
from a document [34]. As we want to detect topically most
related concepts to ASD and ADHD, a global context-based
co-occurrence matrix of size n × n is created where n refers to

the total number of unique UMLS concepts in a source. The
co-occurrence matrix is computed separately for PubMed and
forum, as contextual information around a concept could be
different depending upon the text corpus, which will eventually
affect the relatedness scores.

Positive Pointwise Mutual information
Positive pointwise mutual information (PPMI) followed by
truncated singular value decomposition (SVD) is used to embed
the concepts, which provide comparative performance to neural
network–based embedding models such as Word2Vec [35].
SVD PPMI usually produces consistent/stable results, where
stability refers to the change in a word’s neighborhood in the
VSM, whereas neural network–based approaches (Word2vec,
Glove) could lead to different results in different runs, as the
weight of the hidden layers representing the word embeddings
differs in multiple runs. SVD-based embeddings are not affected
by this problem [36,37]. Pointwise mutual information (PMI)
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is a probabilistic approach to quantify the likelihood of
co-occurrence and tells whether the co-occurrence is informative
or by chance. It is defined as follows:

PMI (ci, cj) = log [p (ci, cj) / (p (ci) × p (cj))] (1)

where ci = ith concept or the row

cj = jth context concept or the column

p (ci) = marginal probability of ci

p (cj) = marginal probability of cj

p (ci, cj) = marginal probability of ci and cj

PMI varies from –1 to 1. If PMI is 0, co-occurrence of 2
concepts does not provide any information and is just by chance.
When the joint probability is much higher than marginal
probabilities, the co-occurrence is not by chance. If PMI is less
than 0, then the independent occurrences of the concepts ci and
cj are more informative as compared to co-occurrence. PPMI
sets the PMI to 0 if it is less than 0.

PPMI (ci, cj) = max (PMI (ci, cj), 0) (2)

PPMI provides a square matrix M of size n × n. For the PubMed,
n=4494 and for the forum, n=3627, which leads to high
dimensionality of the VSM.

Truncated SVD
SVD is a dimensionality reduction technique used to obtain a
low-rank approximation of a dense matrix M. SVD factorizes
the matrix M as a product of 3 matrices:

M = USVT(3)

where U and V are orthogonal matrices of size n × n and S is a
n × n diagonal matrix with diagonal values sorted from high to
low. The rank k (k<n) approximation of matrix M can be
obtained from equation (3) as follows:

Mk = UkSkVk
T(4)

Where Uk is a n × k matrix, Sk is a k × k diagonal matrix and

Vk
T is a k × n matrix. UkSk is the matrix of size n × k, which

represents the n concepts in k dimensions. We set k=300 and
used Python scikit-learn library to implement truncated SVD
and obtain the 300D concept embedding [38]. Different low
embedding sizes (usually 300-500) are shown to be used without
specific mention of its effect on the final results and 300
dimensions of one of the commonly used sizes [39-41]. PPMI
followed by SVD, once applied on forum and PubMed corpus

separately, provides 2 VSMs, which represent the concepts
depending upon their contextual information in each source.

Concept Relatedness
Semantic relatedness approaches detect the most related
concepts for a given concept based upon the context in which
it is used. Semantic similarity and relatedness tasks appear the
same, but similarity refers to the concepts that are synonymous
and can be used interchangeably, and relatedness refers to
concepts that are related because of their usage in the same
context. For example, ASD and aggressive behavior are related
but not similar. The concept relatedness between 2 concepts ci

and cj is measured using cosine similarity as the normalized dot
product of the context vectors Ci and Cj:

relatednessij = cosineSim (Ci, Cj) = Ci · Cj /
║Ci║║Cj║

relatednessij varies from (–1,1), where a value close to 1 means
ci and cj are closely related to each other and both vectors have
the same orientation in the VSM; a value close to 0 means ci

and cj are dissimilar and both vectors are orthogonal in the VSM;
and relatednessij of –1 indicates that ci and cj are in the opposite
direction in multidimensional space.

KG Representation
The property graph schema, Figure 2, represents concepts
associated with different UMLS semantic terms. There are nodes
representing the condition (ASD or ADHD), related UMLS
semantic types, and related concepts. Based upon relatedness
scores between the condition and the concepts, the top 25 related
concepts associated with each UMLS semantic type are used
for creating the graph. An edge “isRelatedTo” links a semantic
type node to a condition node, and each related concept is
connected to its semantic type using the “isA” relationship. A
set of property value pairs are stored on nodes as well as edges.
All nodes have a label, which refers to the concept name, and
the frequency, which is the proportion of documents in which
a given concept co-occurred with the condition (ASD or
ADHD), in each source data set. The frequency of a semantic
type node refers to the average frequency of its top 25 concepts.
The weight of the “isA” relationship indicates the relatedness
score between the concept and the condition in a source data
set, and no weight is assigned to “sameAs” and “isRelatedTo”
relations. The Neo4j graph database is used to store the
constructed KG [42].
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Figure 2. Knowledge graph schema. The co-occurrence frequency of the concept (blue circle) and the condition (orange circle) is stored as the frequency
of concept. The relatedness score of the concept to the condition is stored as the weight of isA relationship between the concept and the semantic type
(also blue circle). The direction of the sameAs relationship can be either way.

Results

Diverse Areas of Concerns Around ADHD and ASD
The developed KG representation of PubMed and forums depict
the mental models of both the stakeholders. We found a number
of UMLS concepts associated with different semantic types in
ADHD-related and ASD-related PubMed and forum data sets.
All the detected concepts along with their semantic relatedness
score are listed in Multimedia Appendix 2. In order to analyze
the different areas of concerns, we assessed health care (PubMed
abstracts) and family (forum posts) concepts associated with
ADHD by visualizing the KGs from PubMed abstracts and
family forums by using the Gephi network visualization tool
[43]. In the KG visualizations, the thickness and color darkness
of the relationship is proportional to cosine-based relatedness
score of the concept to the condition (ADHD or ASD), and the
size of the node/label is proportional to the co-occurrence
frequency. We detected a few insignificant concepts in some
of the semantic type groups. These concepts were then checked

against the original text in the PubMed and forum documents,
which showed that these concepts were false positives and
therefore were removed from all of the analyses. Multimedia
Appendix 3 shows the removed concepts along with the
frequency of words linked to these concepts. Table 2
summarizes some of the most relevant terms for PubMed and
forum documents on ADHD under different UMLS semantic
types, which shows the different areas of concern for ADHD.

ADHD KGs generated from PubMed abstracts (see Multimedia
Appendix 4) and forums (see Multimedia Appendix 5) show
other areas of concerns such as “diagnostic procedure,”
“individual behavior,” “health care activity,” and “professional
or occupational group.” Similar to ADHD, ASD was found to
be linked to diverse concepts in different domains represented
by UMLS semantic types as shown in Table 3.

The KG representation of ASD PubMed abstracts (see
Multimedia Appendix 6) and forums (see Multimedia Appendix
7) shows concepts under other semantic types, indicating other
areas of concerns around ASD.
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Table 2. Attention deficit hyperactivity disorder–related concepts in PubMed and forums for specific unified medical language system semantic types.

ForumPubMedUnified medical language system semantic type

Mental or behavioral dysfunction •• Executive dysfunctionInattention
• •Impulsive behavior Psychiatric problem

•• AnxietyHyperactive behavior
• •Attention deficit disorder Hyperactive behavior

•• InattentionSubstance abuse problem
• •Conduct disorder Mental depression

Age group •• AdultAdolescent
• •Adult Adolescent

•• ChildYoung adult

Daily or recreational activity •• Reading activitySports
• •Youth sports Speaking activity

•• ExerciseRecreational activity

Educational activity •• HomeworkPsychoeducation
• •Training programs Home schooling

•• Training programsSocialization

Social behavior •• LifestyleParenting behavior
• •Social skills Conversation

•• Social behaviorParent-child relationship

Table 3. Autism spectrum disorder–related concepts in PubMed and forums under specific unified medical language system semantic types.

ForumPubMedUnified medical language system semantic type

Mental or behavioral dysfunction •• BullyingDevelopmental disabilities
• •Social communication disorder Aphasia

•• Social anxietySchizophrenia
• •Mental retardation Stereotypic movement disorder

Age group •• ChildChild
• •Adult Adult

•• AdolescentInfant

Social behavior •• Social skillsCommunication
• •Social skills Social situation

•• Eye contactSocial cognition

Mental process •• StereotypingPerception
• •Cognition Intelligence

Daily or recreational activity •• SportsPhysical activity
• •Youth sports Game

•• Speaking and reading activitySpeaking and reading activity

Educational activity •• SocializationSocialization
• •Training programs Training programs

•• Special educationComputer-assisted instruction
• •Special education Toilet training

•• Home schoolingParent training

Comparing PubMed and Forum KG
KG helps identify concepts of similar and different
relevance/priority between families and health professionals.
Knowing that shared understanding (shared mental model) has
been shown as a key factor in effective collaboration and quality
communication in health care [44], we aimed at identifying
potential concepts of similar and different relevance between
forums and medical literature. For comparing concepts, we

considered the top 25 concepts under selected UMLS semantic
types, which were the most related to each condition (ASD and
ADHD) based upon the relatedness scores, and visualized them
using Gephi. As shown in Figure 3, KGs—one for PubMed and
one for forum—are connected via the concepts that are of
concern for both health professionals and online communities
using “sameAs” relationship (orange arrow). The direction of
this relationship can be either way. For the “isA” relationship
(purple arrow), its thickness refers to the relatedness score of
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the concept to the condition (ADHD), which indicates the level
of relevance or priority. Different node sizes of concepts
connected with “sameAs” relationships show differences
between the frequency of the concept in respective sources,
such as mental depression and anxiety being more commonly
discussed in ADHD forums as compared to ADHD PubMed
abstracts, while hyperactive behavior, inattention, and impulsive
behavior are more discussed in PubMed comparatively.

To summarize the concepts of similar and dissimilar
relevance/priority, we compared the relatedness score of all the
concepts in forum (FR) and PubMed (PR) and computed the
score difference (score difference = FR – PR). The concept is
of similar priority if its relatedness score is similar to both
stakeholders and score difference of the concept is within µ ±
2σ, where µ is mean and σ is standard deviation of score
difference. If score difference > µ + 2σ, then the concept is more

relevant for families (forum) and considered as a priority for
them because of the substantial score difference. If score
difference < µ – 2σ, then the concept is considered as more
relevant or as a priority for health professionals (PubMed).
Interestingly, as shown in Table 4, we found several concepts
of similar and dissimilar relevance to ADHD between PubMed
and forum (see Multimedia Appendix 8 for KG visualization).
The detailed relevance scores of all these concepts can be found
in Tables S1-S3 in Multimedia Appendix 9.

Similarly, comparing the ASD-related concepts in both sources
using relatedness score difference and KG representation
provided various concepts of similar and dissimilar relevance,
as shown in Table 5 (Multimedia Appendix 10 for KG
visualization). Detailed relevance scores for all these concepts
are listed in Tables S4-S6 in Multimedia Appendix 9.

Figure 3. Knowledge graph representation of forums and PubMed around attention deficit hyperactivity disorder for mental or behavioral dysfunction
semantic type (green arrow). Concept label font size is proportional to the frequency of the concept in the source. The “sameAs” relationship (orange
arrow) connects the overlapping concepts. The thickness of the edge “isA” (purple arrow) refers to the relatedness score of the concept to the condition
(attention deficit hyperactivity disorder). ADHD: attention deficit hyperactivity disorder.
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Table 4. Converging and diverging priority level for concepts in attention deficit hyperactivity disorders in PubMed and forum data.

List of concepts

Concepts with similar relevance for both attention deficit hyperactivity

disorder sources

• Impulsive behavior
• Inattention
• Anxiety
• Mental depression
• Hyperactive behavior
• Sleeplessness
• Emotional regulation
• Attention
• Training programs
• Socialization

Concepts with high relevance to attention deficit hyperactivity disorder forums • Executive dysfunction
• Forgetting
• Racing thoughts
• Psychiatric problem
• Nervousness
• Exhaustion
• Oversleep
• Sluggishness
• Study habits
• Procrastination

Concepts with high relevance to attention deficit hyperactivity disorder in PubMed • Substance abuse problem
• Substance dependence
• Conduct disorder
• Antisocial behavior
• Addictive behavior
• Sleep phase delay
• Amotivation
• Anxiety symptoms
• Oppositional behavior
• Regulation of behavior
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Table 5. Converging and diverging priority levels for concepts in autism spectrum disorder in PubMed and forum data sets.

List of concepts

Concepts with similar relevance for both autism spectrum disorder sources • Social communication disorder
• Developmental disabilities
• Aphasia
• Autistic behavior
• Intellectual disability
• Mental disorders
• Pervasive development disorder
• Cerebral palsy
• Seizures
• Repetitive behavior
• Social interaction
• Nonverbal
• Communication
• Social behavior
• Eye contact
• Social skills
• Aggressive behavior
• Self-injurious behavior
• Stereotyped behavior
• Behavioral tic

Concepts with high relevance to autism spectrum disorder forums • Bullying
• Obsessions
• Social phobia
• Social anxiety
• Temper tantrum
• Mutism
• Nervousness
• Social problems
• Introvert
• Social life
• Crowding

Concepts with high relevance to autism spectrum disorder in PubMed • Immune dysregulation
• Social cognition
• Behavior adaptive

Discussion

Principal Findings
Understanding the needs and concerns of patients and their
families is recently being recognized as a key factor for better
communication between health professionals and families. This
has led to emerging research into the role of mental models in
medical practice [45-48] and their mapping [49]. Current
approaches include interviews with patients, families, or experts
and the identification of main concepts. Crandall et al [6]
identified cognitive task analysis as one approach to building
mental models. These rich interviews take place over a period
of 60-90 minutes with approximately 10 participants. Although
the information is rich and in depth, the process is both
time-consuming and limited in participant numbers and diversity
potentially.

From a theoretical perspective, our work shows how KG
building techniques and NLP could help create mental models
by using large-scale data sets and avoid bottlenecks such as
limited access to experts and privacy/availability for families.
Although the NLP methods used are well-established, the use
of NLP to generate KGs to derive mental models and to compare
them between families and health care professionals’perspective

is completely novel to our knowledge. We show that web-based
data from forums capture the diversity of concerns of parents
of individuals with 2 important NDDs: ASD and ADHD.
Publicly available web-based data could reflect the data obtained
from more traditional approaches such as consultations or
surveys as published in the literature. We show how using
web-based data allows us to identify information about not only
diagnostic criteria, medication, symptoms, or comorbidities of
a condition but also other areas of concerns such as educational
activities, recreational activities, and social issues around a
condition, which were usually thought to be accessible mostly
by interviews. We also show that the topics are not only related
to controversies or unproven therapies, which has often been
the rationale for not using web-based information in the medical
domain. Similarly, interviews with medical experts are often a
bottleneck in understanding concerns in the medical domain.

We also illustrate how web-based data can be used to identify
points of convergence in priorities between the different
stakeholders involved in complex medical conditions such as
ADHD and ASD. Identification of converging points, that is,
concepts of similar interest to health professionals and families
could help clinicians and extension policy makers to identify
“conversation starters” or shared interest. Identifying the
diverging concepts or even blind spots for each stakeholder
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plays an important role for both clinicians and families. For
instance, concepts that are highly relevant to families could be
used by clinicians to frame continual medication education or
training enhancement. For families, they could be the focus of
knowledge mobilization, public education campaigns, or further
studies aimed at enhancing literacy about their disorder and
related conditions.

From a practical point of view, we present a framework that
allows us to identify and rank relevant concepts for different
sources by using corpus-based embeddings and semantic
relatedness approaches as compared to simple co-occurrence
frequency to rank related concepts. Developing a KG of the
related concepts to represent the mental model visualizations
could further assist in comparing converging and diverging
concepts between both sources. To our knowledge, as there is
no gold standard data set to evaluate the relatedness of concepts
in NDDs, our framework proposes to use graph analysis tools
such as Gephi to analyze and explore the KG visualizations
manually, which could help validate the results by experts.
Involving experts (expert in the middle) to review results of
NLP approaches facilitates detection of incorrect concepts,
which are the result of wrong mapping of abbreviations to
concepts. Together, our research provides a proof-of-principle
that will generate awareness about KGs as mental model maps
and be of use to multidisciplinary researchers in a wide range
of medical domains.

Comparison of KG-Based and Traditional Sources of
Information
We compared our findings with previous literature or reports,
which are the result of studies using traditional approaches such
as interviews or surveys and involving participants (parents or
health professionals) from the ASD and ADHD community.
For ADHD, for instance, we found that priorities for individuals
using the forum (parents, friends, caregivers) were related to
prescription of medication and physician types. This reflected
what has been discussed in the literature where participating
parents were concerned about medication and
nonpharmacological interventions (preferred behavior
interventions) [50,51]. Another aspect of the topic of health
professionals is around the source of information, which was
noted previously as a major source of knowledge along with
the internet [52]. Focus groups–based study, with caregivers
included, showed that the major concern for the parents is about
their child becoming a successful adult and improving school
behavior [53,54] as well as improving their social situation and
emotional state [55], which were identified as a priority before.
We found the “behavioral habits” concept with relevancy score
of 0.51 as the second most related to ADHD forums in UMLS
semantic type “individual behavior.” However, our current
approach is based upon UMLS concept recognition and lacks
the ability to understand the location as well as age context from
the sentences that whether the “behavioral habits” is being
discussed for school or home and child or teen. The NLP forum
analysis also did not pick on an important trend for parents (and
health professionals) to use multimodal interventions [56].
Similarly, our analysis of PubMed papers on ADHD identified
topics previously identified by health experts as priorities. We
found that the highest ranking topics were discussion of core

symptoms of ADHD as well as comorbidities, conduct disorders,
and substance use. This mirrors the health experts’ consensus
reports highlighting the importance of treatment efficacy for
symptoms and raising the point of emotional aspects, academic
performance, and work performance [57] as well as
comorbidities such as mental illness and substance abuse
[58-60]. Overall, we found that the perspectives in family
ADHD forums and PubMed papers ranked at similar priority
to the core symptoms of ADHD, comorbid conditions such as
anxiety and depression, and the educational concerns of training
programs and socialization.

With regard to ASD, our other NDD use case in this study, we
found that the most overlapping topics had a similar priority
level for the different stakeholders reflected by PubMed
abstracts and ASD forums. These topics included classification
of the condition, symptoms and behaviors that accompany ASD,
and topics related to social interaction. Indeed, we found that
priorities for people using ASD forums included concerns about
social interaction such as social skills, communication, and
friendship, as well as daily activities like speaking. This is
similar to the findings of a survey distributed by Lai and Weiss
[61] investigating service needs for ASD, which found that
caregivers prioritized social skills and life-skills programs.
Another study also found that the parents’ main concern was
social interaction [62], but that study found that the next most
prevalent concerns were problem behavior and academics, which
we did not see in our analysis of forums. A Serbian study
similarly supported communication, social interaction, and daily
activities as being caregiver priorities [63]. In addition, our
analysis of PubMed abstracts revealed frequent discussion of
classification of ASD and its relation to fetal alcohol spectrum
and NDDs, concerns about social interaction and
communication, and a focus on children with ASD. These
priorities are supported by physicians’approach to ASD, which
takes advantage of a diverse team of professionals to focus on
improving social interaction and communication [64,65]. This
is not to say that parents and research priorities are always
aligned as shown in a recent survey in the United Kingdom,
illustrating how research tends to be focused on biomedical
aspects rather than services and supports [66].

We show that the KG derived from PubMed papers recapitulated
the findings of position papers on the topic of ADHD and ASD
as mentioned above. However, some of the differences in our
findings and the participant-based study results could result
from the differences in sample sizes or selection bias (age of
caregivers and thus, children could be younger than school or
adulthood ages). The collected web-based forum data are
considerably larger than the number of participants in
interview-based studies and therefore could include points of
views not identified before. Alternatively, we could speculate
that families may be more inclined to share personal concerns
online than in an interview, although we did not find published
studies looking into this topic. Further, we have included all the
PubMed papers and web-based forums regardless of their
publication or posting time (PubMed may include older
concepts, which are no longer contemporary concerns), as
opposed to the abovementioned expert opinions that were from
the last 5 years or less.
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Advantages of Our Approach
Although representing priorities and conceptions of individuals
involved in a relation has already been shown to be beneficial
to communication and efficacy, using web-based data offers
the ability to include a larger number of individuals as shown
here from the forum. This would allow for better coverage of
the diverse opinion and reflect differences in experience. We
also found that forum posts and PubMed papers presented with
equivalent density of coverage for all domains examined,
suggesting that they present a richness in perspectives and not
only trends for instance. Moreover, in the future, our approach
could be used to compare concerns of individuals in different
countries, in city versus rural settings, or for newcomers to a
country, for example. Obtaining the related concepts from the
corpus-based VSM and representing those as connected nodes
in a property graph model–based KG helps identify convergent
and divergent concepts by using different dimensions of
interpretability. Node size, which is the frequency of concepts
in documents about a condition, tells how widely the concept
is discussed in a source. Edge thickness, which is proportional
to semantic relatedness score, tells how related a concept is to
the condition (ASD or ADHD) depending upon the context in
which it is used. This is important as it can help focus attention
for knowledge translation and medical education and policy
and research development.

Limitations of Our Approach
Some of the limitations relate to the nature of the data used to
construct the graph. Forum posts present some challenges. The
forums do not precisely define if the users are parents,
caregivers, or potentially family members of individuals with
ASD and ADHD. This may influence the type of information
requested. In addition, the users are by definition selected on
the basis of them using technology to gather information. This
could represent a bias based on access to technology, which
would be influenced by social determinants of health and
therefore could have an incomplete representation of the
concerns of parents. In addition, owing to concerns about
confidentiality, parents may not share all the concerns they have
about their family member with ADHD or ASD. Another
important point is that health care is represented by PubMed
literature here. Although it is true that PubMed represents a
high-quality corpus of medical literature, it may not reflect

completely what would be discussed by health care providers,
say using web-based forums if they were present. In addition,
from a technical standpoint, our proposed semantic
relatedness–based KG representation utilizes only the categorical
information about the UMLS concepts, which is indicated by
the “isA” relationship in KG. However, UMLS provides a
semantic network, which shows several meaningful relationships
between different semantic types in the form of triples, that is,
type1, relation, type2, etc: for instance, (“Mental or Behavioral
Dysfunction,” “associated_with,” “Daily or Recreational
Activity”) and (“Disease or Syndrome,” “co-occurs_with,”
“Mental or behavioral dysfunction”). Utilizing this information
could provide more meaningful and direct relations between
the concepts of different semantic types. We aim to apply the
distantly supervised relation extraction approach on each
document corpus, which utilizes the UMLS semantic network
to obtain diverse relations between different concepts [67,68].
The output of this approach can also be used as training data
for deep learning algorithms to train relation extraction models,
which would allow us to create KG by processing text corpus
not only for the NDD domain but also for any other condition.

Conclusion
Our study shows the benefits of using KGs developed based on
the results of NLP analysis of a text. The graphs representing
the mental models of key concerns from parents of individuals
with ASD and ADHD are compared to those built on medical
expert knowledge in the same field. The comparison allows
identifying points of overlapping and diverging interest. We
showed that there are several points of convergence and an
extensive list of concerns in both types of stakeholders. This is
important, as obtaining such information directly from
stakeholders requires extensive effort for recruitment and
conducting of interviews or distribution of surveys (with often
limited response rate). Furthermore, we found that published
reports of polling or interviews with ADHD or ASD families
or medical experts identified similar concerns to what we
identified through NLP and the comparison of graphs. Future
field work would complement our work, which could help
understand how different concepts present with complex
interactions or how specific populations may differ from one
another based on different factors such as social determinants
of health.
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UMLS: unified medical language system
VSM: vector space model

Edited by G Eysenbach, T Leung; submitted 26.05.22; peer-reviewed by S Chen, KM Thaker, Y Liu; comments to author 16.06.22;
revised version received 05.07.22; accepted 08.07.22; published 05.08.22

Please cite as:
Kaur M, Costello J, Willis E, Kelm K, Reformat MZ, Bolduc FV
Deciphering the Diversity of Mental Models in Neurodevelopmental Disorders: Knowledge Graph Representation of Public Data
Using Natural Language Processing
J Med Internet Res 2022;24(8):e39888
URL: https://www.jmir.org/2022/8/e39888
doi: 10.2196/39888
PMID:

©Manpreet Kaur, Jeremy Costello, Elyse Willis, Karen Kelm, Marek Z Reformat, Francois V Bolduc. Originally published in
the Journal of Medical Internet Research (https://www.jmir.org), 05.08.2022. This is an open-access article distributed under the
terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted
use, distribution, and reproduction in any medium, provided the original work, first published in the Journal of Medical Internet
Research, is properly cited. The complete bibliographic information, a link to the original publication on https://www.jmir.org/,
as well as this copyright and license information must be included.

J Med Internet Res 2022 | vol. 24 | iss. 8 | e39888 | p. 17https://www.jmir.org/2022/8/e39888
(page number not for citation purposes)

Kaur et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

https://www.jmir.org/2022/8/e39888
http://dx.doi.org/10.2196/39888
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

