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Abstract

Health literacy is the ability to understand, process, and obtain health information and make suitable decisions about health care
[3]. Traditionally, text has been the main medium for delivering health information. However, virtual assistants are gaining
popularity in this digital era; and people increasingly rely on audio and smart speakers for health information. We aim to identify
audio/text features that contribute to the difficulty of the information delivered over audio. We are creating a health-related audio
corpus. We selected text snippets and calculated seven text features. Then, we converted the text snippets to audio snippets. In a
pilot study with Amazon Mechanical Turk (AMT) workers, we measured the perceived and actual difficulty of the audio using the
response of multiple choice and free recall questions. We collected demographic information as well as bias about doctors’ gender,
task preference, and health information preference. Thirteen workers completed thirty audio snippets and related questions. We
found a strong correlation between text features lexical chain, and the dependent variables, and multiple choice response, percentage
of matching word, percentage of similar word, cosine similarity, and time taken (in seconds). In addition, doctors were generally
perceived to be more competent than warm. How warm workers perceive male doctors correlated significantly with perceived
difficulty.
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1. Introduction

Improving health literacy is a major national goal in the U.S. Poor health literacy can cost patients thousands
of dollars [5]. Text is a cost-effective and efficient medium for delivering healthcare information and has been the
most common practice for decades. In comparison, interactive videos and other multimedia tools are relatively new.
In recent years, audio information delivery is becoming increasingly popular with patients. The use of virtual assistants
and smart speakers for health-related queries is increasing. By 2021, nearly 91M smart speakers (i.e., Siri, Alexa) will
be used in the U.S. [2, 3], and the adoption rate has increased annually by 30-40%. Hospitals are incorporating smart
speakers into their systems, and patients are using the technology to communicate with clinicians and make queries
[4]. Generally, audio is generated by recording speech and then stored as an audio file [11]. Alternatively, audio can
also be generated by converting text audio, e.g., Microsoft Azure, Amazon Web Services (AWS)) have support to
automatically generate audio from text. The audio can be generated as a male/female voice, accents can be applied,
and emotions can also be added.

In addition to simplified audio information, several other features may influence audio information. Research
focusing on in-person communication provides guidance, e.g., the perception of credibility plays a critical role in
information comprehension [12]. Source credibility encompasses perceptions that the person is an expert and
trustworthy [13]. Factors that foster those perceptions enhance the effectiveness, and factors that reduce them diminish
the impact of information [14]. These principles extend to the dissemination of health information [15]. Further critical
factors of stereotypes are gender, race/ethnicity, and age. According to the stereotype content model [16], the content
of most stereotypes describes a group as warm to cold and as competent to incompetent. Regarding source credibility,
warmth conveys trust, and competence conveys expertise [17, 18]. When patients view professionals as less of an
expert, they may pay attention which can inhibit retention of health information.

One implication of biases is that during an audio delivery of a message, a cue may activate a stereotype —
overgeneralized belief about the traits and attributes of members of social and ethnic groups, leading the target to be
judged and treated in a stereotype-consistent manner [19]. Specifically, when a patient "hears" that the speaker is
female, elderly, or with a regional or international accent, this can activate negative stereotypes, which, if it biases
perceptions of the speaker's expertise or trustworthiness, will reduce the effectiveness of the information [20]. Thus,
the biases that patients hold due to stereotypes moderate the impact of audio delivery of health information.

The main goal of this paper is to examine the first set of features that contribute to the perceived and actual
difficulty of audio health information. We will also examine how patient biases towards doctors play a role in the
perception of health information.

2. Literature Review

The U.S. National Action Plan is to enhance health literacy which specifies the clarity of health-related information,
and the Plain Writing Act urges lucidity in communications. There are many existing guidelines for text, but none
seem to include audio. For example, in the Plain Language Summit in 2019, they showed that plain language can be
easily understood when people read it for the first time [8], but audio was not mentioned. With the growing popularity
of smart speakers and virtual assistants, this promising method must be studied.

Researchers have been trying to figure out how to measure the difficulty of a text. Readability formulas (e.g.,
Flesch-Kincaid) are frequently used to assess the readability of a given text [26]. However, they do not include the
linguistic structure that also contribute to text difficulty [27]. Recent studies have shown that Flesch-Kinkaid is not
useful for text simplification evaluation metrics. [28] Research focused on text simplification shows semantic analysis
to reduce the text difficulty [9], but they do not incorporate audio. Another study showed the association of text
difficulty with the number of nouns, text lengths, and the number of verbs [10], while another suggested that the
lexical chain feature can be used to differentiate between easy and difficult texts [26].

While it is important to examine the text and audio features that contribute to the difficulty of health information,
it is equally important to examine human factors that influence the retention of audio information. One factor includes
biases of listeners and how it affects the credibility of the audio source. Bias occurring during an audio delivery of
health information may activate negative stereotypes toward certain groups of people. For instance, when a listener
hears health information delivered by someone who is the subject of negative stereotypes, it may bias the listener’s
perception of the speaker’s expertise or trustworthiness and thus reduce the effectiveness of the health information.
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The stereotype content model posits that higher-status groups, such as doctors, are generally perceived to be high
in competence and lower in warmth, while lower-status groups are perceived to be lower in competence and higher in
warmth [21]. In most cultures, men possess greater structural power than women and belong to high-status groups
across economic, political, and social institutions. They are perceived as higher in competence but lower in warmth
than women [22]. The stereotypes toward men and women can be defined as paternalistic and envious stereotypes,
respectively [17]. Paternalistic stereotypes typically describe a group that is pitied and not respected and carry
overtones of compassion, sympathy, and tenderness. This stereotype is evident in gender, age, race, and accent
prejudice. Women, the elderly, racial minorities, and those with a foreign accent are often the targets of paternalistic
stereotypes. Interestingly, non-traditional women, such as carecer women, are targets of envious stereotypes and are
perceived as competent but not warm. As career women, female doctors are seen as highly competent and
hardworking, are envied and seen as too ambitious, but simultaneously characterized as cold and aloof.

Given the biases that patients hold due to the stereotypes that laypeople hold towards certain groups, it is important
to understand its influence and impact on the delivery of health information.

3. Methods
3.1 Study Design
Demographic and Bias Questions

Standard questions assessed respondents’ age, gender, race, educational attainment, and amount of English spoken
at home. We also included a six-item measure of need for cognition to evaluate participants’ baseline tendency to
engage in information [23]. Ratings were made on a 7-point scale, with higher scores indicating a greater propensity
to think about information without being prompted.

The competency and warmth scales were taken from a previous study [24]. Participants were also asked to rate the
competence and warmth of physicians on a scale of 1 to 7. There were four groups of physicians: male, female, racial
minority, and those with a foreign accent. Seven attributes related to competency (four) and warmth (three) were
captured. Specifically, attributes related to competency include competent, unintelligent, unskilled, and not trained
well. Attributes related to warmth include friendly, warm, and snobby. In this pilot, the snobby attribute was not
measured for doctors with a foreign accent.

Audio/Text Generation

We collected health-related text on common diseases from the Mayo Clinic website. We used ICD-10
(International Statistical Classification of Diseases and Related Health Problems) codes to list 147 diseases.
Subsequently, we randomly selected ten text snippets from these different topics and generated audio snippets using
those text snippets. We used the Microsoft Azure text-to-audio tool to generate the audio snippets. Microsoft Azure
has a wide variety of features for audio generation from texts. It supports various accents and male/female voices for
audio generation. In this pilot study, we used the U.S. male voice.

For all text used in our study, we calculated text features that we have found to influence actual and perceived
difficulty in prior work [10], i.e., Google frequency, percentage of nouns, percentage of verbs, percentage of adverbs,
percentage of function words, percentage of adjectives, and several lexical chain features. Table 1 provides the details
of the text features that were calculated.

Table 1. Text features for pilot study

No Topic Google Percentage Percentage Percentage Percentage Percentage Number of

frequency of Nouns of Verbs of Adverbs of Function of Adjective  Lexical
Words Chains

1 Acne 5426733903 60 10 0 10 20 1

2 Microcephaly 5389831840  32.10 16.24 2.54 13.20 17.259 14

3 Brucellosis 8930577709  51.85 11.11 3.70 11.11 14.81 0

4 Diverticulitis 5992601531  43.10 9.48 1.72 17.24 18.10 8

5 Measles 6225998400  24.63 15.94 4.35 13.04 21.73 5

6 Cirrhosis 6421494525  42.85 9.183 4.08 20.41 15.30 4
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7 Scabies 5617736519  29.63 14.81 7.40 22.22 18.51 1
8 Emphysema 6069903857  36.67 28.33 0 18.33 6.66 4
9 Dystonia 6563083195  43.54 15.65 1.36 12.93 14.29 4
10 Pseudogout 6040037769  36.36 18.18 2.72 15.45 18.18 7

Question generation

We chose ten topics (diseases) randomly from the text corpus. Then we selected text snippets from these topics
and created four types of multiple-choice questions about the cause, risk, signs or symptoms, and medication of the
disease.

Perceived and Actual Difficulty Measures

Participants were asked to rate on a scale of 1 to 5 how difficult they perceived each audio to be. A score of 1
indicates very difficult, and a score of 5 indicates very easy. An average perceived difficulty score was calculated for
each participant, with higher scores indicating lower perceived difficulty, meaning audio was easier to understand.

For measuring the actual difficulty of the given audio information, we used the response of the multiple choice and
a free recall question asking participants to write what they remembered from the text/audio. For free recall responses,
we measured the percentage of similar words (worker’s response similar to the actual information), the percentage of
matching words (exact match of the worker’s response to the actual information), and cosine similarity between the
worker’s response and the actual information.

3.2 Study Procedure

Participants were recruited from Amazon Mechanical Turk. They were first asked demographic questions and bias-
related questions. We used Qualtrics for these questions. After successfully submitting the demographic and bias
questions, they received a six-digit code to enter on AMT to continue the study. They were then invited to complete
as many human intelligence tasks (HITs) as were available (the common approach on AMT). The workers received
$0.25 per HIT. Each HIT was presented to three different AMT workers and consisted of one audio snippet played,
and then workers answered the perceived and actual difficulty questions.

4. Results
4.1 Demographic and bias result

Table 2 below shows participants' demographic information. Thirteen workers completed the thirty HITs. 54% of
the participants were female. Participants were given the option to choose multiple races, and the majority identified
as white (77%), with the second largest group being Asian (15%). The education level of participants was skewed
towards most having a high school diploma as their highest degree (62%), followed by a bachelor’s degree (23%).

Table 2: Participant Demographic Information

Variable Choice Count (%)
Sex
Female 7(54)
Male 5(38)
Other 1(8)
Race (Multiple options possible)
American Indian or Alaska Native 1(8)
Asian 2 (15)
Black or African American 1(8)
White 10 (77)
Education Level
High school diploma 8 (62)
Associate degree 1(8)
Bachelor's degree 3(23)

Master's degree 1(8)
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Age
Younger than 30 years old 4 (31)
31-40 years old 431
41-50 years old 2 (15)
51-60 years old 2 (15)
71 years old or better 1(8)
Language Spoken at Home
Mostly English 10 (77)
Only English 3(23)
Need for Cognition High vs. Low
Low (1) vs. High (7) 5.31

Participants’ age levels were well represented, with the majority being either younger than 30 years old (31%) or
between 31 to 40 years old (31%). All participants spoke mostly English at home (77%).

The mean level of need for cognition (M = 5.31, SD = 1.25) was above the scale midpoint, indicating that
participants generally had a modest baseline tendency to think about information without prompting.

4.2 Participant Biases
Tables 3 and 4 below show the competence and warmth responses by participant demographics. Overall, doctors

Table 3: Competency responses by participants demographics
Doctors who are

Participants by Male Female Racial Minority Foreign Accent
Gender

Male 5.95 6.10 6.15 6.15

Female 5.00 6.18 6.11 6.29

Other 5.00 4.75 6.00 4.75
Age

Younger than 30 5.63 6.00 6.00 6.00

years

31 —40 years 5.94 5.94 6.00 6.19

41 — 50 years 6.00 5.88 6.50 5.88

51— 60 years 6.00 6.00 6.00 6.00

71 years or better 7.00 7.00 6.50 7.00
Race

Asian 5.50 6.25 6.25 6.25

Asian/White 6.00 6.00 6.00 6.00

American 5.75 5.75 6.00 6.00

Indian/Native

Alaskan

Black or African 6.00 6.75 6.75 6.75

American

White 6.00 5.97 6.06 6.06
Education

High School 6.31 6.38 6.34 6.72

diploma

Associate degree 6.00 6.00 6.00 6.00

Bachelor’s degree 5.00 4.92 5.33 4.92

Master’s degree 5.75 6.75 6.75 5.00
Language

Mostly English 5.08 533 5.42 5.42

Only English 6.20 6.25 6.33 6.33

were judged as more competent than warm. For male doctors, there was a significantly higher competence score (M
=5.94, SD = 0.84) than warmth score (M = 4.59, SD = 1.33), ¢ (12) = 4.35, p <.05). For female doctors, results also
indicated a significantly higher competence score (M = 6.04, SD = 0.93) than warmth score (M = 5.23, SD = 1.11),
t(12) = 2.83, p <.05). Racial minority doctors also had higher competence score (M = 6.12, SD = 0.81) than warmth
score (M =5.05,SD =1.08), #(12) =3.62, p <.05); and doctors with a foreign accent as well [competence (M = 6.12,
SD = 0.98), warmth (M =5.00, SD =1.17), «(12) = 3.37, p < .03)].
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4.3 Perceived and Actual Difficulty

There were no significant correlations found between the perceived difficulty measures and the text features. The
average accuracy for multiple choice questions was 84%. The average percentage of matching words was 17%, the
average percentage of similar words was 22%, and the average percentage of cosine similarity was 16%.

The number of lexical chains strongly correlates with actual difficult measures. The number of lexical chains
positively correlate with the percentage of matching words and time taken and negatively correlates with multiple
choice response, percentage of similar words, and cosine similarity, which can be considered a factor that can be used
to measure text difficulty. Table 5 contains the correlation results of the text features with the dependent variables.

Table 4: Warmth responses by participants’ demographics
Doctors who

are
Participants Male Female Racial Minority Foreign Accent
by
Gender
Male 4.67 5.60 5.00 5.40
Female 4.62 5.05 5.14 4.71
Other 4.00 4.67 4.67 5.00
Age
Younger than 4.50 4.67 4.50 4.75
30 years
31 —40 years 3.83 5.58 5.17 4.63
41 — 50 years 5.50 5.83 5.83 6.00
51— 60 years 4.17 4.17 4.17 4.25
71 years or 7.00 7.00 7.00 7.00
better
Race
Asian 4.00 3.67 4.00 4.00
Asian/White 4.00 4.00 4.00 4.00
American 2.33 6.00 4.00 5.00
Indian/Native
Alaskan
Black or 5.00 6.00 5.00 6.00
African
American
White 4.93 5.37 541 5.11
Education
High School 4.79 5.75 5.46 5.31
diploma
Associate 433 4.33 433 4.50
degree
Bachelor’s 4.00 4.22 4.22 4.33
degree
Master’s 5.00 5.00 5.00 5.00
degree
Language
Mostly 3.44 4.56 4.00 433
English
Only English 4.93 543 5.37 5.20

4.4 Bias with Perceived Difficulty

We calculated a Pearson correlation coefficient to assess the linear relationship between average perceived
difficulty and warmth scores for male doctors. There was a moderately positive correlation between the two variables,
(r (11) =.56, p = .048). The warmth of male doctors correlates with the perceived difficulty of the text. Specifically,
the warmer participants found the doctors, the less difficult they perceived the information.

Table 5. Correlation of text features with dependent variables
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Google Percentage  of Percentage of Percentage of Percentage Percentage Number of
frequency Noun Verb Adverb of of Lexical
Function adjective Chains
Word
Google 1.00
frequency
Percentage  of 0.32 1.00
Noun
Percentage  of -0.19 -0.47 1.00
Verb
Percentage  of 0.13 -0.52 -0.25 1.00
Adverb
Percentage  of -0.28 -0.46 0.17 0.48 1.00 -
Function Word
Percentage  of -0.25 -0.09 -0.63 0.40 -0.25 1.00
adjective
Number of -0.44 -0.41 0.15 -0.17 -0.03 0.09 1.00
Lexical Chains
Perceived 0.04 -0.08 0.00 0.07 0.18 0.09 -0.12
difficulty score
Multiple choice 0.18 0.17 0.04 -0.17 -0.12 0.00 -0.30 **
response
Percentage  of 0.23 0.10 -0.21 0.40 ** 0.05 0.16 0.43 **
Matching word
Percentage  of 0.11 0.15 -0.15 0.25 -0.06 0.16 -0.39 **
similar word
Cosine 0.57 ** 0.54*%* -0.16 -0.02 -0.35 -0.11 -0.59 **
Similarity
Time taken (in -0.02 -0.06 -0.06 -0.15 -0.06 0.01 0.53 **
Seconds)

* Correlation is significant at the 0.05 level (1-tailed).
** Correlation is significant at the 0.01 level (1-tailed).

5. Conclusion

We are developing an audio corpus for healthcare-related text with information about diseases’ cause, risk, signs,
and medication. We found a significant correlation between one text feature (lexical chain) and actual difficulty. The
results are in line with earlier work focusing on text simplification. As we have limited data points for this study, we
expect to find additional interesting findings in our next full-length study.

Our study results also support the stereotype content model that higher-status groups are perceived as higher in
competence than warmth. Our findings suggest that doctors, generally seen as a group of high status, were rated more
competent than warm. This is consistent across all doctor groups, including females, racial minorities, and those with
a foreign accent.

We looked at the correlation and perceived difficulty of the audio. Male doctors' competence and warmth scores
were correlated with the participants’ perceived difficulty with the audio. We found a moderate correlation where the
colder one finds the doctor, the more difficult one perceives the audio to be. When participants found the voice warm,
they tended to find it easier to understand the audio.

6. Future Work

This is the first audio corpus with measurements for the perceive and actual difficulty of health information. In
future work, we will introduce additional questions. i.e., cloze test, select all that apply, true-false, etc., to get a
robust result from which we can identify the helpful text features which will solidify our current findings. In this
study, we only use the text collected from the Mayo Clinic. In our next full-scale study, we will use text from
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various sources i.e., Wikipedia, Cochrane, PubMed, and other health-related websites. Additionally, we intend to
develop a metric to measure the difficulty of information in the future.

On the bias findings, we hope to replicate the findings we have in this study with a bigger dataset as well as to
expand and include audios of different genders, ethnicities, and accents in the future. An interesting direction would
be to add emotion and intonation to the audio, making it even more natural sounding.
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