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Abstract

Background Professional voice users often experience stigma associated with voice
disorders and are reluctant to seek medical help. This study deployed empirical and
computational tools to (1) quantify the experience of vocal stigma and help-seeking
behaviors in performers; and (2) predict their modulations with peer influences in social
networks.
Methods Experience of vocal stigma and information-motivation-behavioral (IMB) skills
were prospectively profiled using online surveys from a total of 403 Canadians (200 singers
andactors and203 controls). Datawere used to formulate an agent-basednetworkmodel of
social interactions on vocal stigma (self-stigma and social-stigma) and help-seeking
behaviors.Network analysiswasperformed to evaluate theeffect of social network structure
on the flow of IMB among virtual agents.
Results Larger social networks are more likely to contribute to an increase in vocal stigma.
For small social networks, total stigma is reduced with higher total IMB but not much so for
large networks. For agents with high social-stigma and risk for voice disorder, their vocal
stigma is resistant to large changes in IMB ( > 2 standard deviations). Agents with extreme
IMB and stigma values are likely to polarize their networks faster in larger social groups.
Conclusions We integrated empirical surveys and computational techniques to
contextualize vocal stigma and IMB beyond theory and to quantify the interaction among
stigma, health-seeking behavior and influence of social interactions. This work establishes
an effective, predictable experimental platform to provide scientific evidence in developing
interventions to reduce health stigma in voice disorders and other medical conditions.

Professional voice users or vocal athletes, such as singers and vocal per-
formers, have an unusual vocal demand atwork, putting themat a very high
risk of vocal injury. Depending on the severity, their vocal folds may have
hemorrhage or develop a benign lesion like nodules and polyps. Afflicted
individualsmay experience partial or complete loss of voice, pain or tension
around the neck, loss of range when performing, and so on1. The estimated
lifetime prevalence of voice disorders is alarmingly high in vocal athletes,

46% in singers2, 59% in voice acting students3, etc. They also report
devastating physical and emotional difficulties as well as challenges in
professional and career development4–7.

Vocal athletes constitute a large labor force in Canada and
elsewhere8–12. More than 35,000 of them are employed in Canada as of
20163,13. Singers and actors are highly susceptible to vocal injuries given their
highly demanding rehearsal and performance schedules14. Up to 80% of
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Plain language summary

Voice professionals such as singers and
actors can experience stigma if they have a
voice disorder. This stigma can result from
their personal experience and knowledge
(internalized) or be based on input from their
peers, employment, and healthcare providers
(externalized). To understand how negative
vocal stigma spreads, we surveyed the
stigma experience of voice professionals and
developed computational models. We find
that people tend to have more polarized
stigma experiences when they are in larger
social groups. Vocal stigma isnot changedby
a person’s knowledge, beliefs, and tendency
to seek help. Our method could be used to
study other stigmatized health conditions.
Our research could also be used to reduce
stigma and promote more equitable health
care for vocal professionals with a voice
disorder.
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them have experienced vocal illness at least once in their lifetime4,5,15. They
also report devastating physical and emotional difficulties as well as chal-
lenges in career development4–7. Reduction in voice disorders for profes-
sional voice users would improve patient well-being and reduce the
healthcare burden on society.

Stigma is considered a serious threat to population health inequalities
as it disrupts resource availability, social relationships, and coping behaviors
within society16. Individuals with a stigmatized medical condition may
become reluctant to seek medical help17. For example, a meta-analysis on
mental health stigma found anegative correlation between stigma andhelp-
seeking18. Similarly, a meta-analysis of stigma and health outcomes in HIV/
AIDS found that those who experience symptoms of stigma were 21% less
likely to access health and social services19. Individual studies also found
associations between stigma and avoidance or delaying of help-seeking in
other health issues, including alcoholism20 and cancers21.

Similarly, stigma against vocal illness, i.e., vocal stigma, is a known
barrier to vocal performers seeking help for work-related illness. Feelings of
stigma, judgment, and shame were reported to be pervasively associated
with voice disorders within the vocal performing community. With these
negative labels, vocal performers felt isolated and hesitated to disclose their
vocal injury22. The negative social-stigma of vocal illness among singers and
actors is rooted from the fear of judgment as having poor vocal techniques
that will damage the performer’s reputation and career longevity. Vocal
performers reported higher rates of social isolation, anxiety, and depression
than other occupational voice users with work-related vocal illness23,24. The
stigma against vocal illness not only negatively affects a person’smental and
physical health, but also has repercussions at the legal and corporate levels.
For instance, over 85% of Broadway singers did not disclose their vocal
illness to employers or file workers’ compensation claims23. Some would
rather use sick days insteadof injury leave.As the injury-related information
is not reported to themanaging company, the performers’ lost time will not
be calculated into the production’s running costs. The production company
has thus no monetary incentive to provide therapeutic services.

The health stigma and discrimination framework proposed by Stangl
et al. described a hierarchy of social levels on which stigma operates, and a
series of processes leading from the creation of a stigma to its measurable
outcomes25. In brief, the framework consists of amulti-level social hierarchy,
namely, individual, interpersonal, organizational, community, and public
policy. Within this hierarchy, the stigmatization process starts with con-
stituent factors that drive or facilitate health stigma. Then, individualswith a
specific health condition are marked or labeled with a stigma, followed by
manifestations, i.e., attitudes, behaviors, and experiences that arise from the
stigma in those who are marked by the stigma and those around them.
Finally, the stigmamanifestations affect a range ofmeasurable outcomes on
affected populations (e.g., access to healthcare) and society (e.g., public
policies against discrimination)25. In this context, our conception of vocal
stigma includes all aspects of the theorized construct of stigma via power
dynamics, which include labeling, stereotyping, separation from peers, and
loss of status and discrimination due directly from the vocal problem as
proposed by ref. 26.

By adopting Stangl et al.’s framework to vocal stigma, vocal performers
with vocal impairments can entail catastrophic fears about losing the
employment, social status, and creative fulfillment that their art provides27.
In other words, they fear the consequences of not being able to meet the
vocal demands of performance. This fear is a strong candidate for a driving
factor in vocal stigma among vocal performers. However, individuals face
different vocal demands and consequences for being unable to perform. For
example, actors and singers face different vocal demands, and full-time
performers face greater consequences from voice disorders than those who
have other sources of income.

Predicting help-seeking and other behaviors that influence health is a
major topic in thefield of healthpsychology28.Oneprominent psychological
model for making these predictions is the information motivation beha-
vioral skills (IMB) model29. Information represents a person’s knowledge
and beliefs about the behavior, and about the issue that the behavior is

intended to address. Motivation represents a person’s attitudes toward the
predicted behavior, and their perception of social norms around it, i.e., what
attitudes does the person believe other people hold? An example can be the
perceived costs and benefits of the behavior. Behavioral Skills represent a
person’s ability to perform the behavior. This component can include
objective skills, psychological skills, and,more importantly, self-efficacy, i.e.,
a person’s intention to seek help30.

By applying this IMB model to vocal stigma, information includes a
person’s knowledge and beliefs about voice disorders and related issues.
Motivation includes a person’s attitudes and perception of social norms
about seeking professional medical help for a voice disorder. Finally,
behavioral skills represent the intention to seek professional medical help if
they acquire a voice disorder.

In response to the well-recognized health challenges presented by
stigma, various strategies have been proposed to reduce the stigma around
conditions such asHIV andmental illness. At the level of social-stigma, one
common approach is to provide information about a health condition to the
general public, emphasizing that affected individuals are not to blame for
their condition. Other interventions include promoting empathy and
understanding toward affected individuals, for example, via testimonials or
social contact between affected andunaffected individuals. For self-stigma, a
provision of counseling or coping strategies can also be implemented for
affected individuals31–33.

Of these, social contact has emerged as themost successful strategy for
reducing stigma in adults31,34. Computer simulation has emerged as a
powerful, quantitative way to study social networks and their effects on
human behavior and public policy. In fact, social networks have been
investigated as a structural determinant of health on their role in the spread
of social behaviors and attitudes affecting health outcomes35. For instance,
testable models have been developed to simulate the mechanisms of mis-
information, bias, and polarization in social networks36,37, characterize the
effects of misinformation during the COVID-19 pandemic38, and help
understand stigma and its impact on obesity, depression, mental illness,
heart disease, and HIV-prevention39–42.

In particular, agent-based models (ABM) have become a pivotal
simulation platform in social and behavioral sciences in the fast-growing
field of social computing43–45. ABM have been applied for building and
testing theories in stock markets46–48, consumer behaviors49–54, and psy-
chological cooperation55–58. For driver behaviors in particular59–67, ABMs are
used to simulate how the behavior of a driver (an individual agent)will affect
other drivers (other agents) and the evolving traffic patterns (emergent
population behavior). Rather than individual isolated decisions, social
behaviors often resulted from interactions among people with diverse
backgrounds over time. Such characteristics match very well with the fra-
mework of ABMs.

In essence, an ABM is built up by a collection of entities called agents,
whose state and behavior are governed by a set of computational rules.
Agents live in the virtual world, which is discretized into grids, or patches.
Eachpatch is a certain situationor aphysical environment that anagent lives
in. In the application of social behaviors, each agent can represent an
individual person with distinctive features with respect to demography,
psychology, and social history. Second, an individual agent makes its own
decision and adapts the behavior to the environment over time, that
effectively represents the dynamics of social and physical influences on
human behavior in the real world44. Lastly, ABM is technically flexible for
users to explore a wide parameter space and a long temporal scale, which
otherwise would be very costly or, at times, prohibitive with empirical
experiments. For example, ABM can simulate human interactions in social
networks with the ability to control network sizes, type, and frequency of
interaction, and observe individual and group outcomes from weeks to
years. At the time of writing, current vocal health-related ABMs have
focused on studying cellular and molecular behavior in laryngeal
systems68–76. ABM or other computer simulation methods (e.g., system
dynamics) related to social stigmatization or de-stigmatization are barely
reported77,78.
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In this study, we investigate the experience of vocal stigma in profes-
sional voice users using empirical survey questionnaires and computer
networkmodels. Theprimary focus is topredict howpeer interactions could
affect an individual’s help-seeking behaviors and vocal stigma experience,
especially in vocal performers. We seek answers to the following research
questions: (1) if vocal stigma decreases when there are larger social groups;
(2) if vocal stigma decreaseswhen peers aremorewilling to socially interact;
and (3) how social network structure impacts IMB and stigma.

Our survey data show that vocal stigma was driven more by external
pressures (i.e., social-stigma) than by internal belief (i.e., self-stigma) in
professional singers and actors. Our network simulations further predict
that the stigmatization of vocal illness could be notably accelerated and
polarized with the expansion of social networks. With a better
understanding of vocal stigma, clinicians, social epidemiologists and
public health policy makers will be more informed when devising
interventions aimed at reducing vocal stigma and improving access to
voice healthcare.

Methods
Empirical study of vocal stigma profiling
Ethical considerations. This cross-sectional survey study was approved
by the Institutional Review Board at McGill University (Study A09-B73-
20A) and was conducted in accordance with the principles of the
Declaration of Helsinki.Written informed consent was obtained from all
participants online prior to participation. The study team has complied
with all relevant ethical regulations.

Surveydevelopment anddeployment. The survey designwas based on
the health stigma and discrimination framework25 (Fig. 1) and the
information-motivation-behavioral skills model29 (Fig. 2).

The vocal stigma questionnaire was developed in consultation with an
expert panel, including (a) a speech-language pathologist with over 10 years
of experience working with clinical voice disorders; and (b) three profes-
sional vocal performers (one actor, one singer, one actor/singer; each with
over 20 years of experience) from the Alliance of Canadian Cinema, Tele-
vision and Radio Artists (ACTRA) or the National Association of Teachers

of Singing (NATS). The questionnaire consisted of a total of 64 items to
survey individuals’ demographics (six items), occupation and training
(three items), vocal health history (14 items), IMB profile (30 items, 10 each
for information, motivation, and behavioral skills), experiences of vocal
stigma (ten items, five each for social-stigma and self-stigma) plus a single,
open item for feedback (SupplementaryMethods).The surveywasdeployed
via LimeSurvey, Version 3 (LimeSurvey GmbH, Hamburg, Germany), an
open-source survey tool housed at McGill University. The survey took
participants around 10–15min to complete all items.

In this survey, the termof voicedisorderswas described as awide range
of conditions that impact a person’s voice in various ways, including tone,
pitch, loudness, and more. For this study, we further referred to a voice
disorder that interferes with a person’s daily conversation and/or profes-
sional work as a vocal performer. Specific vocal pathologywas not sought in
this study as corresponding clinical diagnosis would require access to
medical information. For the stigma-related items, self-stigma questions
were adapted from the work of Vogel et al. (e.g., I would feel worse about
myself if I could not solvemy voice problems onmy own.)79 andRosen et al.
(e.g., If I had a voice problem, I would blame myself.)27. Social-stigma
questionswere based on thework ofClough et al.80, BradshawandCooper81,
Sataloff et al.82, and Sloggy et al. (e.g., My professional reputation would
suffer if I went to a vocal health professional.)83.

Participant recruitment and compensation. A convenience sample of
professional vocal performers and gender-matched controls were
recruited for the online survey study. Professional vocal performers were
recruited through membership offices of ACTRA and NATS. For this
study, professional vocal performers were defined as those receiving at
least part of their income via singing or acting performance. For the
gender-matched control group, an online recruiting platform Prolific
(www.prolific.co) was used for recruiting non-vocal performers to the
study. Non-vocal performers were defined as receiving no income via
singing or acting performance andhaving no past or present employment
in the arts sector listed in their participant profiles on Prolific. Gender as
reported by the individual was collected in surveys, and was analyzed for
demographic comparison across groups.

Fig. 1 | Proposed health stigma and discrimination framework for vocal stigma.
Plausible drivers and facilitators contribute to the process of vocal stigmatization.
The top of the diagram shows internalized stigma, or self-stigma, and the

manifestations and outcomes related to internalizing vocal stigma. The bottom of
the diagram outlines how externalized stigma, or social-stigma, manifests and leads
to outcomes in a social context. Adapted from ref. 25.

Fig. 2 | Proposed information motivation beha-
vioral skills model of predicting help-seeking
behavior for voice disorders.Adopted from ref. 29.
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Participants without a valid Canadian postal code were excluded from
this study because an individual’s stigma experience and tendency to seek
help are specific to their own countries’ healthcare systems. Participants
were also excluded if they had a history of vocal pathology arising from
cancer, stroke, degenerative neurological conditions, or physical trauma to
the throat, head, and neck.

Interested individuals would first need to answer a set of screening
questions to ensure their eligibility on LimeSurvey. Eligible participants
were directed to the consent form, inwhich the general purpose of the study
was described. Explicit reference to stigma was omitted to avoid response
biases. A debrief with the full purpose of the study was disclosed to parti-
cipants at the end of the questionnaire, at which time they could opt to
withdraw their data from the study. In this study, no opt-outs were
requested at the end.

In terms of compensation, individuals in the vocal performer group,
were given the choice to enter a raffle for gift cards (each CAD $50) by
following an external link andproviding their email address at the end of the
study. Participants in the control group were paid CAD $5 via the Prolific
platform.

Data privacy. All data were collected anonymously and were stored on a
secure server, hosted by McGill University. Participant data did not
contain any identifying information. The emails in the gift card raffle
were not linked to individual participant data. Participant identity was
thus not traceable or identifiable. No additional information was col-
lected passively about participants’ computers, e.g., IP address,
cookies etc.

Preparatory data analysis. Given that the survey data is the data source
for ABM development, we opted to summarize the statistics of the
empirical data here to avoid duplication and confusion from those of
simulation experiments in Section 3. In short, a complete data set of 200
professional singers (N = 82) and actors (N = 118) and 203 controls were
included in the analysis (both groups: ages 21–65; female 65%,male 32%,
other 3%). An additional 32 participants were not considered for analyses
(vocal performer group: n = 22; control group: n = 10), as their data were
considered to be inadequate after data cleaning due to invalid or missing
data. An additional 14 participants dropped out of the study (vocal
performer group: n = 3; control group: n = 11). Full details of participant
demographics, statistical tests, and results of the empirical survey data
can be found in Supplementary Tables 1–3 and 5–10, respectively.
Demographic and vocal health information for each group has been
specified, and the vocal performer group has been further disambiguated
by singers and actors in Supplementary Table 4.

Statistical analyses were carried out in R (version 4.2.1)84. All
assumptions were tested and met for the test statistics, including indepen-
dent sample t-tests (t), Spearman’s rank-order correlations (ρ), and Pear-
son’s product-moment correlation (r). With respect to vocal stigma
experience, performers reported 14% more stigma than controls
(t(401) = 8.87, p = 0.025) overall. Among professionals, singers reported
15% more stigma than actors (t(198) =−1.67, p = 0.025). Irrespective of
groups, stigma was negatively associated with (1) age (Performers:

r =−0.27, p < 0.001; Controls: r =−0.17, p = 0.018), (2) recency of a voice
disorder (Performers: ρ = 0.15, p = 0.033; Controls, ρ = 0.14, p = 0.047), and
(3) frequency of voice disorder (Performers: ρ = 0.46, p = 0.005; Controls:
ρ = 0.26, p = 0.031). One-way ANOVA analyses were also carried out to
evaluate the relationship between stigma and gender identity, and no sig-
nificant results were obtained in either study group (Performers:
F(2202) = 1.91, p = 0.151; Controls: F(2199) = 1.70, p = 0.168).

With respect to the association of stigma experience and individual
IMB profiles, stigma correlated negatively with motivation (Performers:
r =−0.49; Controls: r =−0.59, p < 0.001) and behavioral skills (Performers:
r =−0.28;Controls: r =−0.46,p < 0.001) in bothparticipant groups. Stigma
was not significantly associated with information (Performers: r =−0.09,
p = 0.205;Controls: r =−0.09,p = 0.200),meaning therewasnot adefinitive
trend between stigma and an individual’s knowledge/beliefs regarding voice
disorder or vocal health.

Broadly speaking, vocal stigma is found present among professional
singers and actors in Canada. The level of Motivation and Behavioral Skills
of an individual were negatively associated with vocal stigma. The negative
association between age and experiences of stigma may indicate that early-
career vocal performers are more vulnerable to this stigma. The positive
association between a history of vocal illness and experience of vocal stigma
may indicate that vocal stigma is not commonly recognized by individuals
without direct experience with a voice condition.

Computational study of simulating social interactions and
vocal stigma
Vocal stigma agent-based models: a conceptual framework. In this
vocal stigma agent-based model (VS-ABM)85, each agent represents an
avatar of a vocal performer (VP) or a non-vocal performer (non-VP),
who functions as a social actor and interacts with their peers to share
information and their motivations for help-seeking related to voice
health. Depending on an agent’s geolocation, they have access to a small
or a large peer network in the VS-ABM. When two agents interact, they
will exchange information and motivations related to vocal health.

An agent’s vocal health (history and frequency of disordered voice),
stigma experience (self- and social- stigma), and IMB are connected via two
feedback loops (social and personal), which in turn affects an agent’s ten-
dency to seek help (Fig. 3). The social loop simulates the interrelationship
between social-stigma and IMB. Also, an agent’s motivation is linked to its
own frequency of voice disorder. For instance, if an individual has frequent
relapses of voice disorders, they will likely have less motivation to seek help
from social partners and professionals. In contrast, the personal loop
simulates the interrelationship between self-stigma and IMB. Also, an
agent’s information related to vocal health is contingent on its history of
voice disorder. For instance, if an individual has prior experience with a
voice disorder, they will likely have more information about the nature of it
and may have reduced their self-stigma as a result.

VS-ABM design: world. The VS-ABM is developed with NetLogo ver-
sion 6.3.0, a free and open-source, cross-platform, agent-based modeling
framework86. In our implementation, the VS-ABM world represents a
small urban community, which is divided into a total of 1089 patches

Fig. 3 | The framework of vocal stigma agent-based
models (VS-ABM). An agent’s vocal health, vocal
stigma, information, motivation, and behavioral
skills (IMB) are presumably interrelated and
modulated via the social and personal feedback
loops, which collectively affect an agent’s tendency
to seek help.
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(33 × 33), with a densely populated urban-center and a sparser rural-
perimeter. This geographical specification of the VS-ABM is based on the
following considerations. (Table 1)

First, the VS-ABM world size was set to approximate the lower
boundary of a sparse geographic network. This is because simulated social
networks of all sizes need to fit within the ABM world without being too
densely populated. If the ABM world is too big, agents will be too far away
from each other for social interactions. Second, the VS-ABMworld is set as
box-bound. That is, agents on the left or the top edges do not interact with
the agents on the right or the bottom edges and vice versa. That way, agents
in the rural region at the outer border are constrained to have fewer possible
connections compared to those in the urban center of the simulation space.
Note that about 5% of survey respondents were from rural areas in Canada
(Supplementary Table 1). To approximate this real-world geographical
distribution in theVS-ABM,we set the smallest network (50 agents) to have
around 5% of patches occupied by agents, whilst the same proportion of
rural agents approaches 100% of occupied patches for the largest social
network (400 agents). This geographical specification allows the proportion
of rural agents to remain at 5% in both geographically sparse networks (with
50 agents) and socially sparse networks (with 400 agents).

VS-ABM design: individual agent attributes. Each agent has a set of
attributes in terms of personal background (gender, age, education level,
vocal training, etc.) as well as experience related to voice health (e.g.,
information, motivation, behavior skills, self-stigma, social-stigma, his-
tory of voice disorder). (Table 1) All attributes are randomly assigned to
each agent based on the normal distribution of the values from the
demographic data in the empirical study (Supplementary Tables 1–4).

VS-ABM: agent-agent social interactions. Within the ABM world,
agents are free to interact and exchange information with nearby peers.
These agents cannot move their location and are surrounded by neigh-
boring peers whom they are free to interact with. Agents also randomly
select their next agent for each interaction. The potential peers are limited
to a circular region around each agent with a radius of three patches. In
other words, agents’ interaction space is 2.5% of the possible geographic
space.We also assume that an agentwith high initial social-stigmamay be

reluctant to interact with their peers. As such, in the VS-ABM, if either
agent has high social-stigma (over 7.5), the chance of their peer inter-
action is set as 75%.

After each interaction, the IMB and vocal stigma of an agent will
change incrementally. The exact incrementation is formulated based on the
linear regression analyses of the help-seeking and stigma relationship in the
survey study (Supplementary Table 9). For example, within the social loop,
social-stigma is associated with information. After each peer interaction, an
agent’s informationwill slightly change by a value that is randomly sampled
from a normal distribution centered around themean, as obtained from the
corresponding regression analysis (Information-Social-Stigma: 0.066). The
change in an agent’s information can also cascade to changes in behavior
skills andmotivation. The formulation is the same but with different center
means derived from the corresponding regression terms (Information-
behavioral skills: 0.232; Motivation-social-stigma: 0.316). The formulation
of all agent-rules is detailed in Supplementary Table 12, and the pseudocode
for the VS-ABM is presented in Supplementary Code.

VS-ABM simulation experiments. This VS-ABM is designed to simu-
late social interaction and transfer of information/motivation among
peers as functions of network size and initial social-stigma. Simulation
experiments were set up to answer three research questions respectively
(Supplementary Table 11 for the ABM world initialization and Supple-
mentary Table 13 for the initialization procedure of simulation
experiments).

Research Question #1: Does vocal stigma decrease when there are
larger social groups?. To investigate the relation between network size
and total stigma, we ran 500 simulations for each network size with 50,
100, 150, 200, 250, 300, 350, and 400 agents up to 500,000 social inter-
actions. We hypothesize that an agent’s total stigma will reduce with
increasing peer networks. With more peers available to interact with,
agents have a greater variety of peers to gain experiences and information
from.More peers, more information, andmore interactions shouldmake
agents more likely to increase their total IMB and lower their vocal
stigma. Peers with extreme values for IMB and stigma may polarize their
limited network more severely than with a larger peer group.

Table 1 | Variables of world and agents in the vocal stigma agent-based model

ABM variables Real-world components Estimated range/values

World Variables

Ratio of rural to non-rural agents 5%

Rural area 55 patches

Max number of links min = 0, max = number of agents

Number of interactions with the max number of links Time when max number of links is established

Agent variables

Gender male, female

Age Mean = 43.68 (SD = 12.56)

Education level High school diploma (9%), Apprenticeship/trade (5%), College/CEGEP (16.5%), Bachelors
(46%), Graduate (23.5%) None (0%)

Vocal training None (4%), less than 1 year (11%), less than or equal to 3 years (21.5%), less than or equal to 5
years (13%), more than 5 years (50.5%)

Proportion of income dependent on using their voice
professionally

None or almost none (8%), less than half (24.5%), about half (17.5%), greater than half (18.5%),
all (29%), not answered (2.5%)

Information 0–20

Motivation 0–20

Behavior skills 0–20

Frequency of voice disorder Never (51%), Every few years (33.5%), Yearly (9%), Quarterly (4.5%), Monthly (0.5%), All the
Time (1.5%)

Previous history of voice disorder Never (50%), currently have disorder (6%), within the past month (4.5%), within the past year
(9.5%), more than a year ago (30%)

https://doi.org/10.1038/s43856-024-00651-3 Article

Communications Medicine |           (2024) 4:228 5

www.nature.com/commsmed


Research Question #2: Does vocal stigma decreasewhen peers are
more willing to socially interact?. To evaluate social willingness for
agent-agent interactions, we ran an additional 800 simulations initialized
for five agent populations with distinctive initial social-stigma profiles,
since empirical data showed differences between non-VP and VP groups
(Supplementary Tables 5–8). Each group is assignedwith an initial social-
stigma value obtained from the empirical data (Supplementary Table 10).
For instance, the initial social-stigma value for the “General Population”
is 5.4, which is derived by averaging social-stigma scores from non-VPs
and VPs. While the VS-ABM does not explicitly model medical inter-
vention, we assume that social interventions based on peer interactions
will act similarly on social-stigma. Related hypotheses are: (1) social-
stigmawill decrease over time for agents who aremore willing to interact;
and (2) agents with high social-stigma will be less likely to transfer
information/motivation to peers. A total of 4000 simulationswere run for
the following five agent populations (see Supplementary Table 10 for
quantitative descriptions of each population): (1) General Population of
both non-VPs andVPswith average social-stigma (5.40) and average risk
and incentive; (2) non-VP groupwith low social-stigma (4.86), low risk of
voice disorder and little incentive to seek professional help; (3) VP group
with higher social-stigma (5.95), higher risk of voice disorder and more
incentive to seek professional help; (4) VP group with a history of voice
disorder, high social-stigma (6.42) that has beenmitigated by some social
intervention; as well as (5) VP group with a history of voice disorder, very
high social-stigma (7.39) elevated in part by no intervention for the voice
disorder.

Research Question #3: How does social network structure impact
IMB and stigma?. A comprehensive network-based analysis was
employed to evaluate the impact of social network structure on theflowof
information andmotivation among agents for all 4000 simulations run.A
NetLogo network extension procedure (nw) was used to quantify two
standard network measures, namely, the degree of a node and local
clustering coefficient87. The degree of the node (count links) is used to
measure the number of peers that an agent is connected to in the network.
The local clustering coefficient (nw:clustering-coefficient) is used to
measure how densely connected an agent’s neighbors are and howmuch
they tend to group together in a network by averaging all individual
nodes. While this analysis could be performed on both the network size
and social-stigma manipulations, we chose to focus on network size for
two reasons. First, social structure in these networks should be directly
correlated to the number of agents in the simulation, since the simulation
space does not change nor does the radius which agents survey for
neighbors. Second, in order to generalize across all simulations, we use an
outcomemeasure agnostic to initialized values of social-stigma, change in
total stigma, which also allows us to compare directly with change in IMB
so they are on similar measurement scales. We thus test which network
structure, degree (number of peer connections) or clustering coefficient
(peer connectedness), has the largest impact on change over time.

Statistics and reproducibility. VS-ABM is developed with NetLogo
version 6.3.086. Network measures were calculated in NetLogo via the
new extension87. Each simulation was run for 500,000 interactions;
100 simulations were run for each set of initialization parameters. Fur-
ther, all simulation data are available online88, but are replicable as a
random seed was initialized for all simulations, and data can be regen-
erated directly from NetLogo code. All statistical analyses for both
empirical data and simulation data were imported into R (version
4.2.1)84. Data were summarized via tidyverse (version 1.3.2)89, and plotted
using a combination of the ggplot2 (version 3.4.2)90 and ggpubr (version
0.6.0)91 packages. Network diagrams were created through gephi (ver-
sion 0.9)92.

All tests of independence between participants were 2-tailed chi-
squared tests. Statistical tests between participant groups were two-tailed
t-tests, or Mann–Whitney U-tests in the case of non-normal distributions.

Reporting summary
Further information on research design is available in the Nature Portfolio
Reporting Summary linked to this article.

Results
Overall relation between total stigma and social network size
Our original hypothesis for Research Question #1 was that vocal stigma
would decrease with larger social networks. Unexpectedly, this hypothesis
was not supported by our ABM simulation results in looking at changes in
total stigma relative to the number of interactions with network sizes
(50–400 agents) and initial social-stigmaprofiles (lowvs average vs high) for
each VP, non-VP and general populations (Fig. 4a, social-stigma profile
values outlined in Supplementary Table 13).

First, on the VP networks, agents in the two smallest network sizes (50
and 100) had their total stigma stabilized as early as 25,000 social interac-
tions. Their final total stigma values were also lower than initial values,
regardless of initial social-stigma. In contrast, when the networks became
sizable (>150 agents), the trajectories of total stigma started to follow a log-
normaldistributionpattern.That is, agents’ total stigmaquickly increased to
a peak and then slowly leveled off but did not always return to initial values.
Interestingly,VP agentswith high initial social-stigma took25% fewer social
interactions (50,000 to 100,000) to reach the peak of total stigma, compared
to thosewith low initial social-stigma (the general andnon-VPgroups).This
initial observation suggests that total stigma likely worsens over time with
social interactions in larger network groups, particularly for individuals
prone to higher social-stigma, such as VP at high risk for voice disorder and
a tendency to not seek intervention.

To further examine this paradox, we proceeded to examine individual-
specific variations in the evolution of total stigma in the largest network (400
agents) from the VP group with initial high stigma up to 500,000 interac-
tions (Fig. 4b). Three distinct patterns emerged from this case simulation.
(1) First, one set of simulations quickly leveled off towards a total stigma
value lower than the initial value, which is denoted as the decreasing cohort.
(2) Another set of simulations, which is denoted as the increasing cohort,
increased rapidly towards a maximum between 50,000 and 200,000 inter-
actions and then slowly leveled off to a total stigma value larger than the
initial value. (3) Lastly, the chaotic cohort is a set of agent simulations that
appeared to fluctuate randomly and did not appear to stabilize even after
500,000 social interactions.

Except for the chaotic cohort, most agents’ total stigma appeared to
approach amaximumof around100,000 social interactionswith large social
networks. To understand one such maxima, we further visualized an
established social network from the increasing cohort in 400-VPagents after
100,000 social interactions (Fig. 4c). Multiple clusters or social groups with
similar social-stigma values were formed within the global network, sug-
gesting a homogenization with these highly interconnected social groups.
Also, these clusters were not isolated but rather fairly connected to neigh-
boring groups. In other words, peers were connecting with the whole set of
the neighboring group, rather than simply bottlenecking through a few
nearby peers.

In particular, a few social groups appeared tohave aheterogeneousmix
of agents with initial low and initial high social-stigma profiles (Fig. 4c:
networks with mixed green and red color), confirming that agents could
interact with opposite social-stigma values. Especially in this increasing
cohort, the emergence of mixed social groups in the global network coin-
cides with the stabilization of total stigma around the critical point of
100,000 social interactions. We speculated that, at the beginning of inter-
actions, agents would establish social groups with peers around them,
becoming more like their neighbors. Then, when social groups became
homogenous, the total stigma would approach its peak. Eventually, when
social groups with polarized views interacted, a mix of agents with low and
high social-stigma emerged and, paradoxically, stabilized the population’s
social-stigma.

To answer ResearchQuestion #1, our simulation results indicated that,
on average, vocal stigma increases with larger social groups. However, there
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arenon-trivial trendswhere total stigmadiminishes as social groups become
less polarized. In addition, our results suggested that interactions between
groups are not bottleneckedwith a small set of agents but distributed among
the entire social group. The clusters can exchange information/motivation
withmultiple members of neighboring groups, whichmay ultimately result
in less polarized neighboring groups.

Social network size in relation to each IMB and vocal stigma
components
For Research Question #2, the original hypothesis was that social-stigma
would decreasewhen agentsweremorewilling to socially interact, i.e., lower
social-stigma and higher IMB. This hypothesis was partially supported by
our ABM simulation results in comparing the probability distributions of
final IMBandfinal total stigma scores between the smallest and largest social
networks (50 vs 400 agents) (Fig. 5a, b).

Following a total of 500,000 social interactions, a clear bimodal dis-
tribution of total IMB score was noted in large, but not in small networks
across all three agent populations (Fig. 5a). Of the total IMB score, the first
mode (local maximum) appeared around 60 and 75, whereas the second
mode appeared around 110 in the probability density function. Each IMB
element (information,motivation, and behavioral skills) also appeared to be
highly coupled. That is, an agent population, regardless of its initial social-
stigma, can be sub-grouped into either with low IMB and high IMB. Such
sub-group distinction is much more pronounced in large social networks
than in small ones.

For the total stigma, a bimodal distribution also appeared in large but
not small social networks across all three agent populations (Fig. 5b). Of the
total stigma score, the first mode was centered around 10, whereas the
second mode was around 20 within the data. Each total stigma element
(social- and self-stigma) also displayed two distinctive peaks, but their
distance was more separated in social-stigma score. Additionally,

comparing high-risk VP groups, those with social intervention had overall
lower social-stigma, whereas the maximal mode for the no-intervention
group showed higher social-stigma. Our results indicated that social-stigma
experience has more weight than self-stigma in the total stigma experience.

Further analysis was performed to evaluate the magnitude of changes
in total IMB and total stigma by aggregating VP, non-VP, and general
populations before and after the 500,000 interactions (Fig. 5c, d). For total
IMB, about 35 and 63% of agents showed increases or no changes in their
scores in smaller networks (50 and 100 agents) at the end of simulations.
With larger network sizes (>150 agents), about 36% of agents showed
considerable increases in their total IMB scores with more than two stan-
dard deviations (SD, σ), i.e., between 30 and 40 points increase from initial
values. At the same time, about 39% and 21% of agents showed a reduction
in their IMB scores by more than 1 and 2 SD, respectively, in these larger
networks (Fig. 5c). For total stigma, all agents in smaller networks had
negligible changes of their scores, whilst 25% of them had total stigma
increased by more than six points when they were in larger networks. For
those with high risk and high social-stigma, VP agents were 1.5 times more
likely to experiencemore total stigma if theyhad no intervention, compared
to those with social intervention, when they are in the largest social net-
work (Fig. 5d).

All in all, the aforesaid simulation results confirmed that higher total
IMB was associated with lower total stigma for small networks. Interest-
ingly, IMB outcomes vary across network sizes. Despite minimal change to
total stigma, IMB tended to decrease more for larger social networks, while
IMB for smaller networks tended to increase. The bimodal distribution
noted in large social networks (i.e., 400) may be attributed to the increased
likelihood that extreme values of social-stigma arise in the population. Also,
within a large social network, their social groups tend to be more polarized
with group size, as noted in Fig. 4c, leading to awider separationbetween the
two modes of the bimodal distributions.

10

15

20

25

30

0 200 400 500
# of interactions (in thousands)

M
ea

n
To

ta
l S

tig
m

a

increasing initial social stigma

Non-VP General Population VP with intervention no intervention

400

350

300

250

200

150

100

50

0 200 400 0 200 400 0 200 400 0 200 400 0 200 400

10
15
20

10
15
20

10
15
20

10
15
20

10
15
20

10
15
20

10
15
20

10
15
20

# of interactions (in thousands)

M
ea

n
To

ta
l S

tig
m

a 
ac

ro
ss

 1
00

 s
im

ul
at

io
ns

400 VP network
100k interactions

Low/average/high social stigma by occupation VP, high risk & high social stigma

in
cr

ea
si

ng
 n

et
w

or
k 

si
ze

c

ba

social
stigma

high

low

after 100,000 interactions400 VP network

Fig. 4 | Total stigma experience as functions of network size and number of
interactions in agents with low, average, and high initial social-stigma.
a Aggregated trends of mean total stigma scores. Each trend aggregated from
100 simulations initialized with social-stigma and network size. bVarying outcomes
ofmean total stigma score from individual simulations for VP agents with a high risk
of voice disorders, high initial social-stigma, and no intervention within the 400-

agent network size. The aggregated trend, the same as the VP group in Fig. 4a, for all
100 simulations is shown in bold. c A representative snapshot of simulated social
networks with 400-VP agents near the maximal total stigma after 100,000 interac-
tions in the 400-VP network. An agent’s social-stigma is color-coded from low
(Green) to high (Red).

https://doi.org/10.1038/s43856-024-00651-3 Article

Communications Medicine |           (2024) 4:228 7

www.nature.com/commsmed


To address ResearchQuestion #2, our results supported the hypothesis
in cases of small networks, i.e., lower social-stigma leads to an overall
decrease in total stigma. Larger networks are far more likely to have
increased total stigma. For high-risk VPs, social interventions might help
mitigate high social-stigma and eventually a reduction in total stigma
over time.

Network structure in relation to total IMB and total stigma
To understand the connections among agents in the social network, the
degree of node and clustering coefficient were computed in relation to the
changes in total IMB and total stigma when the social network was estab-
lished (i.e., after 100,000 social interactions) in all 4000 simulations.

First, the degree of a node represents the number of social links that an
agent has in a social network. (Fig. 6a) The average number of links ranged
from2.5 in the smallest social network (50agents) to 13.5 in the largest social
network (400 agents). This positive linear relationship is expected because
each agent has more peers to interact within their vicinity in larger social
networks. For instance, the relative patch coverage increases from 5% in the
50-agent network to nearly 36% in the 400-agent network.

Second, the clustering coefficient represents how close-knit an agent’s
social group (i.e., cluster) is interconnected in a social network. The clus-
tering coefficient ismeasuredona scale of 0 to 1.A lower cluster coefficient is
when peers are only connected through the agent, whereas a higher cluster
coefficient is when agents’ peers connected independently and create denser
and tighter connections.

Interestingly, the average clustering coefficient for the network does
not show a linear trend with network size (Fig. 6b). A wide spread of
clustering coefficients was observed in small social networks, whereas the
probability distribution approximated to a normal distribution towards a

larger social network.The cluster coefficient is also higher in larger networks
(400 agents; mean (SD) = 0.61 (0.009)) than that of smaller networks (50
agents; mean (SD) = 0.31 (0.086)). In small networks, agents were sparsely
randomized in the simulation space, which geographically favored agents
being connected with their neighboring peers only but not reaching out to
other social groups that are further away.

Finally, we analyzed how the number of peer links (i.e., social
partners) affects an agent’s total IMB and total stigma scores when the
social network is stabilized, i.e., all links are maximally connected. For
total IMB, more peer links might relate to a gradual decrease in IMB.
(Fig. 6c) Upon the stabilization of social networks, the IMB increases by
7.6 points in the smallest 50-agent network (1.5 social links); whereas it
decreases by 10.6 points in the largest 400-agent network (12.5 social
links). For total stigma, more peer links might contribute to a slight
increase in total stigma (Fig. 6d). Upon network stabilization, the total
stigma decreases by 1.2 points in the 50-agent network yet increases by
3.5 points in the 400-agent network.

Discussion
By using a prospective survey and network simulations, we were able to: (1)
characterize population behavior related to vocal stigma in professional
vocal performers; (2) identify which IMB and stigma components con-
tributemost to population outcomes; and (3) analyzenetwork structure and
social groups to understand the impact of social interactions on population
outcomes. Our VS-ABM allows each IMB and stigma component to be
examined independently while simultaneouslymodeling how each element
influences others. These components can vary for each individual and
change as individuals interact with peers with distinct IMB and health
profiles.
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Three population behaviors, namely decreasing, increasing, and
chaotic cohorts, were identified across all network sizes. The decreasing
cohort had characteristics that resembled the small network trends, such
that total stigma decreases and quickly stabilizes at a value less than the
original population stigma. The increasing cohort had characteristics that
resembled the large network trends, where total stigma increases to a
maximum and then levels off towards a value larger than the initial stigma
value. Such stigma maxima are seen when the social network of the popu-
lation is fully established, and social groups are largely homogenous.When
polarized homogenous groups start to interact and exert more influence on
eachother, greaterheterogeneity of the groups emerges at a population level.
Lastly, the chaotic set is referred to an oscillatory behaviorwhen total stigma
does not stabilize. Such complex patterns of vocal stigma are not pro-
grammed (i.e., hard-coded) in VF-ABM but rather emerge de novo (i.e.,
emergency) fromdynamical systems.Our simulation outcomesmay also be
in line with the notion of stigmamutation.93 For instance, stigma associated
with COVID-19 has a social-historical context and changes over time in
response to the local and global environment. In our case, agents’ social-
personal backgrounds (e.g., occupation, medical history, and initial social-
stigma) modulate the evolution of their total stigma in a network
environment.

We further investigated which specific IMB and stigma components
drove changes in population outcomes in relation to network size. Overall,
information and behavioral skills tend to be coupled more strongly with
motivation being inversely related, i.e., higher information and behavioral
skills relative to a lowermotivation. Social-stigmahasmore impact than self-
stigma on total stigma. The variance of IMB changes is considerably large
across all network sizes, ranging from−6 to+5 SD changes on average. In
contrast, the variance of total stigma changes remains quite consistent—
around 75–85% of all simulations show less than 1 SD change on average.

Moreover, in larger network sizes, social interactions led to three distinctive
patterns of social-stigma, namely, (1) small decreases in low/ average risk
groups, (2) small increases in high-risk groups; or (3) large increases
regardless of risk group. In particular, larger networks with higher-risk
groups of voice disorders have considerably higher odds of increasing the
total stigma than those of lower-risk groups. Among these higher-risk
individuals, those without medical interventions have higher odds (4:4) to
increase total stigma after social interaction than those who received
treatment (3:4). That is, for large networks (i.e., 400 agents), about 51% of
VP with no intervention are likely to increase their stigma after interacting
with their peers; this likelihood drops to 41% if they receive intervention.

Another key observation is that IMB and stigma do not always have a
directional relationship. For instance, if we looked at simulated populations
whose total stigma changed more than 1 SD with social interactions, their
IMB scores could increase by 20 points at most. For those with changes of
more than 2 SD in total stigma, IMB decreased considerably by 30 points—
in this case, vocal stigma might get worse despite informational and social
intervention. Similar notionswere also confirmed in reducing public stigma
of mental illness, in which stigma is difficult to eliminate, especially if it is
deep rooted in social relationships94.

Two standard network measures were analyzed to evaluate how con-
nectedVPswere (i.e., degree of node) andhow close their social groupswere
linked (i.e., clustering coefficient). As the network size increased, a VP agent
had more peers to interact and connect with in their vicinity. That is, for
larger networks, peers had consistently larger social groups. However, as we
simulated hundreds of thousands of social interactions, all agents were able
to eventually interact and connectwith all their potential peers, and all social
groups were maximally interconnected or clustered. As social group net-
works stabilize and becomemaximally connected, a gradual increase in total
stigma and decrease in IMB was evident in larger but not smaller social
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groups. These analytics also provided part of the evidence to answer
Research Question #1, i.e., larger networks stabilized towards more polar-
ized social groups. This observation aligns with similar social network
findings of polarization of political groups and how negativity spreads
through larger social networks faster than positivity95,96.

As far as we are aware, this study investigates vocal stigma, for the very
first time, in the context of social computing with expected technical chal-
lenges. First, our vocal stigma-specific questionnaire was deployed to
Canadians only. Additional data from other countries can be collected to
evaluate the sensitivity and specificity of VS-ABM or if additional organi-
zation or institutional factors (e.g., reimbursement system)will be needed to
be included in future simulations.

Second, personality traits have been linked to the risk of voice
disorders97–101, which in turn may affect a person’s health-seeking
behavior102,103. Compared to those of vocally healthy, singers with vocal
nodules were found to be more impulsive and socially dominant104 Mean-
while, individuals with low levels of neuroticism would likely engage in
proactive health behavior, e.g., seeking health information, social support
etc102 In the current study, individual’s personality was not factored in the
VS-ABM.Onekey barrierwas that empirical associationdata between vocal
athletes’ personality and their health-seeking experience did not exist in the
literature for ourmodel building andverification. Futurework could include
additional survey questions to profile extroversion-introversion and
neuroticism-stability together with vocal stigma experience. The informa-
tion will help decipher how intrapersonal factors (e.g., personality traits)
could contribute to individual differences in the stigmatization process and
health-seeking behavior.

Third, our initial model results suggest the presence of a chaotic set in
the population behavior. Amore rigorous analysis of systems dynamics can
be performed to evaluate when the system is in equilibrium or cycling in
parameter space, which is out of the scope of this paper.

Fourth, causal models can be considered to further examine the
direction and causal relationships between components of IMB and stigma,
since we primarily focused on correlations between these measures. Lastly,
for the network analysis, we took ameasured approach to establish a general
trend for the population dynamics. However, more complex network
measures such as information transmission and node similarity can be
employed to characterize the details of stigma spread through the social
network, instead of focusing on population averages in IMB and stigma.

In conclusion, stigma is a serious, intractable barrier that prevents vocal
performers from seeking vocal healthcare. This study integrated empirical
survey and network simulation approaches to quantify the relationship
between social interaction and vocal stigma. VS-ABM computer models
were built to numerically simulate peer interactions and track person-level
changes in the IMB framework. Our results highlight that an individual’s
social network plays an important role in the experience of vocal stigma.
Especially for vocal performers, social interventions, e.g., close peer support,
may help reduce high vocal stigma over time.

Data availability
All survey and simulation datasets in this study can be accessed via https://
doi.org/10.6084/m9.figshare.27244824105 and https://doi.org/10.6084/m9.
figshare.2540014088, respectively. Raw simulation data for all timepoints are
shared, combined across network size, with all supporting information for
the network. Requests regarding the data can be directed to the corre-
sponding author at nicole.li@mcgill.ca upon reasonable request.

Code availability
The computer code used in this study can be accessed via https://doi.org/10.
6084/m9.figshare.2538833585. All simulations were run using NetLogo
version 6.3.0. All statistical analyses for both empirical data and simulation
data were imported into R (version 4.2.1). Data were summarized via
tidyverse (version 1.3.2), and plotted using a combination of the ggplot2
(version 3.4.2) and ggpubr (version 0.6.0) packages.
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