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Limited prior research provides some evidence of the cognitive and learning benefits of employing multiple pedagogical agents,
each assigned to distinct knowledge bases, in a multimedia learning environment. However, follow-up studies and extensions
of these findings remain scarce. To address this gap, we draw on multimedia learning and cognitive models to investigate the
effects of using multiple AI voices as specialist virtual tutors for distinct programming algorithm subtopics on cognitive load
and learning outcomes. A between-subjects experimental design was employed with first-year business undergraduates who
had minimal programming knowledge. Participants engaged with a multimedia learning video, narrated either by a single AI
voice or by three distinct AI voices, each assigned to a different subtopic. Cognitive load was measured via a survey, while
learning outcomes were assessed using immediate and 2-week delayed posttests covering retention, near-transfer, and far-
transfer tasks. Results indicated that participants in the multiple AI voice condition reported significantly lower intrinsic and
extraneous cognitive load compared to those in the single AI voice condition. Furthermore, the multiple AI voice group
outperformed the single AI voice group in both immediate and delayed retention, as well as in immediate far-transfer tasks
and delayed near-transfer. This study empirically extends prior research on the cognitive effects of using multiple AI voices as
virtual tutors in multimedia learning environments. It offers preliminary evidence that using unique voices to distinguish
subtopics can benefit cognitive load and learning outcomes, with theoretical and instructional design implications for
leveraging AI text-to-speech engines to simulate multiple virtual tutors for distinct instructional topics.
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1. Introduction

Learning programming algorithms is challenging for novice
learners [1, 2]. Consider an introductory lesson on three
closely related subtopics: if-statements, if-else statements,
and nested-if statements. Although they share foundational
concepts, these subtopics require learners to grasp subtle dif-
ferences to fully understand distinct algorithmic concepts.
Identifying nuances between different algorithms is crucial
for applying, contrasting, and integrating unique codes to
solve far-transfer problems [3]. However, novice learners

struggle to infer and recognize these differences [2, 4], thereby
hampering the construction of a correct mental model.

Multimedia learning environments are an effective tool
for teaching programming algorithms [5]. They present
instructional content by blending static images, animations,
videos, text, sound, and speech [6]. The advent of generative
AI tools allows instructors to effortlessly, rapidly, and afford-
ably create multimedia learning environments. Virtual
tutors [7–9] can effectively teach programming algorithms
by presenting visual and verbal information in worked-
example formats [10, 11].
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1.1. Cognitive Theory of Multimedia Learning (CTML).
Instructional design principles, rooted in the cognitive archi-
tecture of the human mind, govern the development of mul-
timedia learning videos. The CTML [6, 12, 13] posits that a
deep understanding of instructional material requires
learners to (1) process visual and verbal information from
the multimedia presentation through the visual and verbal
sensory channels (eyes and ears), (2) organize this informa-
tion into a coherent representation, and (3) activate prior
knowledge to establish connections between newly pre-
sented information and existing knowledge schemas. The
dual-channel and limited-capacity assumptions underpin
CTML, suggesting that learners process graphical and audi-
tory/text information through separate but constrained cog-
nitive channels [12, 13].

Cognitive load theory (CLT) identifies three cognitive
demands in the multimedia learning process: intrinsic,
extraneous, and germane load [14–16]. Intrinsic load refers
to the cognitive resources required to comprehend essential
information, which is influenced by subject complexity and
prior knowledge. Extraneous load arises when students
expend cognitive effort on irrelevant details due to poor
instructional design, while germane load involves allocating
cognitive resources to learning strategies such as problem
solving and metacognitive tracking.

According to the triarchic model of cognitive load [17],
intrinsic, extraneous, and germane load correspond to essen-
tial, extraneous, and generative cognitive processing, respec-
tively. Effective multimedia learning design minimizes
extraneous load, optimizes intrinsic load, and promotes ger-
mane load to enhance deep understanding [6, 12, 13].

1.2. AI Voice in Multimedia Learning. According to social
agency theory [18], multimedia learning presentations that
incorporate favorable social cues can elicit positive social
responses from learners [19–22]. This, in turn, encourages
learners to invest greater cognitive effort in understanding
the instructional material. The voice principle advocates
for the use of human-recorded voices rather than
computer-generated voices in narrating multimedia learning
content [21, 23]. The mechanical quality of computer-
generated voices can trigger undesirable social responses
and impede cognitive processing, as learners feel less social
obligation to engage with an unappealing artificial entity.

However, advancements in modern text-to-speech tech-
nology, also referred to as AI voices, have led to more natu-
ral, human-like speech synthesis. Research suggests that
these enhanced AI voices can closely approximate the social
and cognitive effects of human-recorded speech in multime-
dia learning environments [24, 25]. As a result, AI voices can
be effectively employed as virtual tutors in multimedia learn-
ing environments [20].

Despite forming a social connection with an AI voice
tutor [20, 24, 25], sustaining learners’ attention and cogni-
tive effort when processing the virtual agent’s instructions
remains challenging [26–28]. When engaging in a multime-
dia lesson on programming algorithms, learners may ini-
tially expend significant mental effort to follow the AI
voice for the first subtopic but subsequently reduce their

effort and attention for later sections. This decline in engage-
ment may stem from the illusion that understanding one
subtopic implies mastery of the entire lesson [29], a miscon-
ception that often afflicts novice learners who struggle to dis-
tinguish subtle differences between distinct algorithms [1, 2].
Additionally, learners may underestimate the cognitive effort
required to comprehend information in an e-learning envi-
ronment, as they are often misled by the seemingly effortless
consumption of multimedia presentations that integrate
graphical and verbal elements [30].

Novice learners experience cognitive overload [15] due
to the overwhelming influx of unfamiliar and complex pro-
gramming algorithm details [2, 3, 31]. Excessive cognitive
load limits their ability to effectively organize and integrate
verbal and visual information across different algorithm
types within their working memory [6, 13]. This challenge
arises from their lack of prior knowledge schemas, which
prevents them from clearly distinguishing unique program-
ming algorithm types and forming a comprehensive mental
model [2, 3].

1.3. Multiple AI Voices as Specialist Virtual Tutors. This
study is aimed at addressing these issues by employing mul-
tiple AI voices across three distinct programming algorithm
subtopics. Each subtopic is assigned a unique AI voice per-
sona, creating an array of specialist virtual tutors. This
approach is grounded in two distinct yet interconnected the-
oretical propositions.

1.3.1. Multiple Virtual Tutors Facilitate Organization and
Retrieval of Instructional Content. The first proposition sug-
gests that assigning unique virtual tutors to specific informa-
tion domains fosters instructional content organization and
compartmentalization, which enhances cognitive load man-
agement and learning efficiency [32, 33]. Baylor and Ebbers
[33] found that employing multiple pedagogical agents to
fulfill distinct roles, such as expert and motivator, rather
than having a single agent simulate both roles, led to an eas-
ier learning process and improved learning outcomes. Simi-
larly, Wang et al. [34] demonstrated that learners who
interacted with multiple virtual personas performing distinct
functional roles, such as a moderator and an informational
repository, maintained attention for longer durations and
found it easier to access instructional content compared to
those interacting with a single agent. Both studies credit
these cognitive benefits to the two-agent condition’s ability
to compartmentalize instructional domains, thereby enhanc-
ing cognitive load efficiency and learning efficacy.

This concept aligns with Alpert et al.’s [35] intelligent
tutoring system for programming lessons, which features
domain specialists represented by two virtual tutors: the
Language Guru and the Interface Guru. The interface design
incorporates expertise cues based on social conventions,
where learners typically seek specific domain knowledge
from different professors [36]. Alpert et al. argued that spe-
cialist virtual tutors would be especially beneficial for novice
learners, as they allow instructional content to be presented
within a category-based organizational structure, facilitating
information assimilation and retention [37, 38].
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Additional cognitive psychology mechanisms may
explain how multiple AI voices enhance information pro-
cessing. Research suggests that incorporating intervals—-
such as pauses, delays, and spacing—into presented
content can facilitate memory encoding and retrieval [39,
40]. Additionally, studies highlight the cognitive benefits of
synthetic voice variability; variations in artificial voice traits,
such as pauses and pitch, help organize content, thereby
enhancing both recall and comprehension of auditory infor-
mation [41, 42].

Another cognitive perspective worth exploring stems
from speech processing research. Listeners may encode
voice-specific attributes of speakers when processing spoken
words, which can serve as additional cues for accessing and
retrieving the linguistic and lexical content embedded in
those words [43–45]. Thus, it is plausible that learners
encode and utilize varied voice traits of distinct tutors—such
as pitch, tone, volume, speed, accent, intonation, rhythm,
and emphasis—as cues for integrating, categorizing, and
retrieving domain-specific knowledge.

Given this, multiple virtual tutors specializing in differ-
ent domains can provide structured cues that highlight gaps,
transitions, and shifts across subtopics in a programming
algorithm lesson. By offering specific markers to delineate
information domains, this approach helps novice learners
effectively distinguish, compare, and relate distinct concepts
[46, 47]. Efficiently categorizing information streams [47]
reduces cognitive load, allowing learners to allocate more
mental resources toward retaining, organizing, and integrat-
ing information in working memory [12, 16, 17].

1.3.2. Multiple Virtual Tutors Enhance Attention and
Elaboration of Instructional Content. The second theoretical
proposition relates to the multiple source effect, first iden-
tified in persuasive messaging studies, which suggests that
listeners pay closer attention and scrutinize information
more thoroughly when it is presented by multiple sources
rather than a single speaker [48–50]. The increased cogni-
tive effort required to process messages from multiple
sources occurs because listeners perceive each source’s
content as unique and independent, making it more wor-
thy of deeper analysis [50, 51]. In contrast, when a single
speaker delivers various pieces of information, listeners
may expend less mental effort after processing the initial
content, assuming subsequent information is similar
[48–50]. Given humans’ natural tendency to conserve cog-
nitive resources [52, 53], this phenomenon extends to edu-
cational settings, where learners may adopt a less effortful
cognitive stance and justify it by presuming the instruc-
tional content is repetitive, ultimately leading to an illusion
of understanding [29, 30].

Studies have highlighted the challenge of virtual tutors
in capturing and sustaining learners’ attention [26–28].
While this may be partly due to learners’ naturally short
attention spans, disengagement can also stem from the
monotonous instructional delivery of artificial agents lack-
ing novelty factors. Additionally, virtual tutors’ instruc-
tional prompts do not always promote deeper information
processing, particularly among novices. Instead, a lack of

relevant knowledge schemas and cognitive overload may
lead learners to engage in shallow processing when attend-
ing to virtual tutors’ messages [54].

Furthermore, while AI-generated voices may initially
appear human-like and natural, their synthetic nature often
remains discernible. Under complex learning demands,
these artificial subtleties can reduce cognitive efficiency,
impair recall performance, and lower motivation to remain
engaged with the agents. This decline is attributed to a per-
ceived lack of social cues and mental fatigue resulting from
the suboptimal qualities of AI-generated speech [55, 56].

The preceding issues highlight the potential of the multi-
ple source effect in generating cognitive benefits in multime-
dia learning. Individual source speakers introduce a sense of
novelty, priming listeners to “gear up” when processing
informational content [50]. Incorporating dynamism and
novelty factors can counter inattention and disengagement
in an otherwise monotonous multimedia learning environ-
ment. Thus, employing multiple AI voices as specialist vir-
tual tutors can reduce monotony, fostering sustained
attention and active processing across various learning
topics over an extended period. This approach aligns with
the use of unique virtual educational personas for distinct
instructional roles and content, encouraging learners to pro-
cess information efficiently while also revitalizing their inter-
est and motivation to engage more attentively with the
agents’ message.

2. The Present Study and Hypotheses

While theoretical insights suggest that employing multiple
AI voices as specialist virtual tutors for distinct subtopics
could yield cognitive benefits in multimedia learning, sur-
prisingly few empirical studies have explored this notion.
Limited research provides preliminary evidence that multi-
ple agents can reduce cognitive load and enhance learning
outcomes, credited to their ability to compartmentalize
information presentation [33, 34]. Alpert et al. [35] devel-
oped a two-agent intelligent tutoring system based on the
premise that specialist agents can provide cues for categoriz-
ing information subdomains. However, the researchers did
not conduct an experiment to compare this design against
a control condition (e.g., a single-agent condition), making
it difficult to establish causal effects.

Our comprehensive literature review reveals a lack of
systematic studies investigating the cognitive effects of
assigning specialist virtual tutors to specific subtopics within
a multimedia learning environment. No follow-up research
has extended the findings made over 15 years ago [32–35].
This research gap presents an opportunity to explore the
potential of employing multiple AI voices as specialist virtual
tutors to enhance multimedia learning.

Building on prior research suggesting that multiple vir-
tual agents can enhance learning by reducing cognitive load
through compartmentalized information presentation [33,
34], this study examines how employing multiple AI voices
as specialist virtual tutors influences intrinsic, extraneous,
and germane cognitive load in a multimedia learning envi-
ronment. Theoretical perspectives on cognitive load suggest
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that segmenting instructional content among specialized
tutors may reduce intrinsic load by breaking down complex
information into more manageable parts while minimizing
extraneous load by providing clearer structural cues for
information processing [32, 35]. Furthermore, the use of
multiple AI voices may enhance germane load by helping
learners associate distinct tutors with specific subtopics,
thereby facilitating deeper cognitive engagement and
schema construction. The multiple source effect suggests
that processing information from multiple distinct sources
requires greater mental effort, as each source is perceived
as unique, prompting deeper scrutiny and reducing the like-
lihood of an illusion of understanding [29, 30, 48–51]. By
introducing multiple AI voices as specialist virtual tutors,
instructional variation can sustain engagement, counteract
monotony, and enhance cognitive effort, ultimately fostering
higher germane load. Taken together, we predict cognitive
load benefits of multiple AI voice tutors such that:

H1: Learners interacting with multiple AI voices as spe-
cialist virtual tutors across various subtopics will report
lower intrinsic load (a), lower extraneous load (b), and
higher germane load (c) than learners interacting with a sin-
gle AI voice tutor.

Seminal studies suggest that multiple virtual tutors can
enhance retention and knowledge transfer by compartmental-
izing information and improving cognitive processing [32,
33]. By distributing instructional content across distinct AI
voices, learners may benefit from clearer mental segmentation
of subtopics, which can facilitate retention and transfer of
knowledge, leading to better performance in both immediate
and delayed posttests compared to learners interacting with
a single AI voice tutor. Furthermore, the multiple source effect
suggests that learners exert greater cognitive effort and engage
in deeper analysis when information is presented by multiple
distinct sources rather than a single speaker [48–51], which
may lead to enhanced meaningful encoding and comprehen-
sion of multimedia learning materials.

In contrast, a single tutor delivering all instructional con-
tent may lead to reduced cognitive effort, disengagement,
and shallow processing [26–28], resulting in an illusion of
understanding rather than genuine retention and transfer
of knowledge [29, 30]. Additionally, the distinct voice-
based memory traces formed when listening to multiple AI
tutors can enhance retrieval processes after a delay, preserv-
ing the benefits observed in immediate assessments. As a
result, learners exposed to multiple voices can better recall
and integrate previously learned materials, thereby outper-
forming those who received instruction from a single tutor
on delayed posttests.

H2: Learners interacting with multiple AI voices as spe-
cialist virtual tutors across various subtopics will perform
better on immediate posttest measures of retention (a),
near-transfer (b), and far-transfer (c) than learners interact-
ing with a single AI voice tutor.

Moreover, by distributing subtopics across multiple AI
voices, learners can form distinct voice-specific memory
traces that remain accessible over time, potentially enhanc-
ing both recall and transfer performance in delayed posttests
[43–45]. In line with the categorization of instructional

material [37, 38], the unique voice cues for each content area
may serve as additional retrieval paths, reinforcing long-
term knowledge retention and the ability to apply learned
concepts in novel contexts. As a result, learners are not only
more likely to recall previously learned information but also
to demonstrate improved transfer performance, effectively
applying knowledge to new problem-solving scenarios after
a delay. We submit that this process sustains the benefits
of multiple virtual tutors beyond the immediate learning
phase, translating into positive effects on retention and
transfer outcomes over time.

H3: Learners interacting with multiple AI voices as spe-
cialist virtual tutors across various subtopics will perform
better on delayed posttest measures of retention (a), near-
transfer (b), and far-transfer (c) than learners interacting
with a single AI voice tutor.

3. Method

3.1. Research Design. This study employed a between-
subjects experimental design, in which participants inter-
acted with a multimedia learning video narrated by either
a single AI voice tutor or three AI voice tutors. The experi-
ment was conducted in a controlled laboratory setting. Par-
ticipants completed a cognitive load survey and an
immediate posttest to assess retention, near-transfer, and
far-transfer performance. A delayed posttest, evaluating the
same outcomes, was administered 2 weeks later.

3.2. Sampling. Using a purposive convenience sampling
method, we recruited first-year business undergraduates from
a private Asian university, where English is the primary lan-
guage of instruction. Since these students were not specializing
in information technology (IT), they likely had minimal prior
knowledge of programming algorithms. Before the experi-
ment, all participants confirmed their lack of programming
knowledge through preexperiment self-assessments. Partici-
pation in the experiment was offered as an optional activity
within their introductory computer applications course.
Researchers briefed students on the study’s purpose, emphasi-
zing that participation was voluntary.

3.3. Multimedia Learning Environment. We developed a
multimedia learning environment to teach three program-
ming algorithm concepts: if-statement, if-else, and nested-
if statements. The video includes two worked-example pre-
sentations for each algorithm, featuring narration, high-
lights, arrows, and animations overlaid on sample
program code and a corresponding flowchart, as illustrated
in Figure 1. These presentations are designed to help stu-
dents interpret the output based on initial values, vari-
ables, conditions, and statements within the algorithms.
Across the three algorithm subtopics, the lesson comprises
six worked-example presentations, totaling about 25min of
multimedia instruction.

3.4. AI Voices as Virtual Tutors. We used Newscaster Vocal-
izer software to generate AI voices powered by neural net-
works. While these AI voices exhibit human-like inflection,
they retain slight synthetic qualities yet remain clear and

4 Human Behavior and Emerging Technologies
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easy to understand. To select the most suitable voices for our
content, we recruited five business major undergraduates
(not involved in the main experiment) to listen to sample
narrations produced using various AI voices. Based on pilot
test participants’ consensus, we identified the top three pre-
ferred AI voices: Sonia (female), Mark (male), and Sue
(female).

In the single virtual tutor multimedia learning environ-
ment, we used Sonia’s voice. She introduced herself as a virtual
tutor, provided an overview of the lesson, and guided learners
through the three programming algorithm subtopics. In the
multivirtual tutor condition, we employed three AI voices—-
Sonia, Mark, and Sue—each introducing themselves as virtual
tutors and providing an overview of the lesson. Sonia covered
the if-statement, then introduced Mark, who led the if-else
statement. Mark then introduced Sue, who took over the final
subtopic, the nested-if statement.

This design was aimed at providing clear transitions
between subtopics, helping to delineate and categorize the
various programming algorithms. Apart from the virtual
tutor introductions and distinct AI voice traits, the instruc-
tional content remained identical between the single virtual
tutor and multivirtual tutor learning environments.

3.5. Dependent Measures

3.5.1. Cognitive Load Survey. We adopted Leppink et al.’s
[57] 11-point Likert scale cognitive load survey to assess
intrinsic load (three items), extraneous load (three items),
and germane load (four items). The average scores of the rel-
evant items represented each learner’s cognitive load out-
come. The internal consistency for each cognitive load
scale was high, with Cronbach’s alpha (α) exceeding 0.80.
Table 1 presents the survey items and their corresponding
Cronbach’s α values.

3.5.2. Immediate Posttest. The immediate posttest was
administered after learners interacted with the multimedia
learning environment and completed the cognitive load
survey. It assessed retention, near-transfer, and far-transfer
performance. The retention test (11 marks) comprised 11
questions, each worth 1 point. Learners were instructed to
recall fundamental elements and terms related to algorith-
mic program codes and flowcharts, such as identifying flow-
chart components, types of program statements, possible
outcomes, and key terms in program codes. The near-
transfer test (10 marks) included 10 program codes, each
representing one of the three algorithms. Learners were

tasked with interpreting the code output, earning 1 point
per correct answer.

The far-transfer test (15 marks) consisted of three ques-
tions requiring learners to apply different algorithms to write
program codes for specific objectives. For instance, in the
first question, learners developed a program to calculate
and display the correct BMI category based on a person’s
weight. The second question involved programming an air
conditioning system to display and automatically adjust
temperature settings. The third question required learners
to design mobile game controls for combative moves based
on specific button inputs. These tasks assessed learners’ abil-
ity to differentiate between algorithms, select the most
appropriate one, and, when necessary, integrate multiple
algorithmic codes to achieve the objectives. Each far-
transfer question was worth up to 5 points, based on the
accuracy and quality of learners’ algorithmic statements,
values, and conditions, for a total of 15 marks. Sample ques-
tions for each test are provided in Appendix A.

3.5.3. Delayed Posttest. The delayed test was administered 2
weeks after the experiment and assessed retention, near-
transfer, and far-transfer performance, with the number
of questions and scoring system identical to the immediate
posttest. While the delayed retention questions remained
the same as those in the immediate posttest, the 10
delayed near-transfer questions featured different program
codes. Similarly, the far-transfer questions in the delayed
test were modified. The first question required learners
to program an intelligent washing machine to display
and automate functions. The second task involved devel-
oping a system to assess weight and determine product
shipment costs. The third task required learners to classify
individuals into generational demographic cohorts based
on age. Sample questions for each test are provided in
Appendix A.

3.6. Sampling, Participants, and Experimental Procedure.
This study employed purposive convenience sampling to
recruit first-year business undergraduates from a large pri-
vate Asian university, where English is the primary language
of instruction. A total of 42 students (19 males, 23 females),
aged 18–22 years (M= 20 5, SD = 1 3), participated in the
experiment. As non-IT majors, these students had minimal
prior exposure to programming concepts, making them an
ideal group for examining the cognitive effects of AI voice-
based tutoring in an introductory learning context.

Prior to the experiment, all participants confirmed their
lack of programming knowledge through preexperiment
screening, ensuring a novice-level baseline for the study.
Participation was voluntary and offered as an optional activ-
ity within their introductory computer applications course.
To encourage participation, partial course credit was pro-
vided, though students were assured that their decision to
participate or withdraw would not affect their academic
standing. Since novice learners often struggle to distinguish
subtle differences between algorithm types, business stu-
dents were intentionally selected over computer science
majors. This ensured that learners did not rely on

Figure 1: Multimedia learning environment.
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preexisting schemas, allowing for a more precise evaluation
of how AI voice–based instructional segmentation influences
cognitive load and learning outcomes.

Participants were ushered into a computer laboratory
and seated at desktop computers equipped with headphones.
Researchers briefed them on the study’s purpose, empha-
sized voluntary participation, and facilitated the completion
of informed consent forms. Participants were then randomly
assigned to either the single virtual tutor or multiple virtual
tutor multimedia learning environment. The multimedia
lesson lasted approximately 25min, after which participants
completed the cognitive load survey.

Following the survey, participants completed the imme-
diate posttest in a paper-and-pencil format, assessing reten-
tion, near-transfer, and far-transfer performance. The
retention test had a time limit of 3.5min, the near-transfer
test was allotted 10min, and each far-transfer test question
was given 3.5min. Experimenters collected each answer
sheet after the allocated time and distributed new questions
accordingly. Including a debriefing session, the entire exper-
iment lasted approximately 1 h.

After a 2-week interval, 41 participants (with one par-
ticipant absent) returned to the same computer laboratory
for the delayed posttest. The testing procedure, time limits,
and protocols remained identical to the immediate post-
test, covering retention, near-transfer, and far-transfer
assessments. Two authors of this study scored all posttests
using a rubric and answer scheme, with the scorers

blinded to experimental conditions. Any minor discrepan-
cies in scoring were resolved through consensus between
the scorers.

4. Data Analyses and Results

4.1. Descriptive Data. Table 2 shows the means and standard
deviations of the cognitive load measures and learning
outcomes.

4.2. Data Screening and Normality Check. Prior to con-
ducting our primary analyses, we examined the distributions
of all outcome measures to assess normality and to identify
any potential ceiling or floor effects. The outcomes included
intrinsic load, extraneous load, and germane load; immedi-
ate retention, immediate near-transfer, and immediate far-
transfer; and delayed retention, delayed near-transfer, and
delayed far-transfer. For each variable, we performed
Kolmogorov–Smirnov (K–S) and Shapiro–Wilk (S–W) tests
separately for the single AI voice tutor (control) and mul-
tiple AI voice tutors (experimental) conditions, and we
inspected Q‐Q plots and histograms to supplement these
formal tests.

The analyses revealed certain deviations from normal-
ity, potentially reflecting ceiling and/or floor effects. In
the multiple AI voice tutors (experimental) condition,
germane load significantly deviated from normality (S–
W p = 0 001), exhibiting a pronounced negative skew

TABLE 1: Cognitive load survey items and Cronbach’s alpha (α).

Items Cronbach’s alpha (α)

Intrinsic
• The content of this activity was very complex.
• The topics covered in this activity were very complex.
• The activity content was very complex.

0.88

Extraneous
• The instructions and/or explanations during the activity were very unclear.
• The instructions and/or explanations were, in terms of learning, very ineffective.
• The instructions and/or explanations were full of unclear language.

0.83

Germane

• The activity really enhanced my understanding of the topics covered.
• The activity really enhanced my knowledge and understanding of the topics covered.
• The activity really enhanced my understanding of the content covered.
• The activity really enhanced my understanding of the concepts covered.

0.86

TABLE 2: Means and standard deviations of the dependent measures across the conditions.

Dependent measures
Multiple AI voices

n = 20
M (SD)

Single AI voice
n = 21
M (SD)

Cognitive load

Intrinsic 3.07 (1.98) 4.67 (2.17)

Extraneous 2.43 (1.01) 3.35 (1.22)

Germane 7.85 (2.00) 7.32 (1.63)

Immediate posttest

Retention (max possible score = 11) 8.15 (2.30) 6.43 (2.75)

Near-transfer (max possible score = 10) 8.05 (2.33) 7.00 (3.54)

Far-transfer (max possible score = 15) 10.18 (3.72) 7.40 (4.85)

Delayed posttest

Retention (max possible score = 11) 3.95 (2.10) 2.64 (1.96)

Near-transfer (max possible score = 10) 8.45 (2.61) 6.86 (3.41)

Far-transfer (max possible score = 15) 7.18 (4.92) 5.71 (4.35)
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and a median near the scale maximum, suggesting a
strong ceiling effect. Immediate near-transfer scores devi-
ated significantly from normality in both conditions
(p < 0 001 in the single AI voice tutor condition and p
between 0.001 and 0.003 in the experimental condition),
indicating that many participants scored near the upper
bound. Immediate far-transfer scores were also nonnor-
mal in the experimental condition (K–S p = 0 005, S–W
p = 0 014) despite being normally distributed in the single
AI voice tutor condition. Among the delayed measures,
delayed retention in the single AI voice tutor condition
was nonnormal (S–W p = 0 020). Delayed near-transfer
scores significantly deviated from normality in both con-
ditions, with a strong negative skew in the experimental
group (skewness = –2 298), while delayed far-transfer
scores remained normally distributed in both groups.

These ceiling and floor effects may be attributed to inher-
ent task and measurement scale characteristics. For instance,
the near-transfer tasks appeared relatively easy for many par-
ticipants, resulting in scores clustering at the upper limit,
while the delayed retention task proved more challenging
for a subset of participants, leading to scores near the lower
bound. Despite statistical evidence of nonnormality, visual
inspection of Q‐Q plots and histograms did not reveal
extreme outliers. Given our balanced sample sizes (approxi-
mately 20–21 participants per condition) and the robustness
of ANOVA and MANOVA to moderate departures from
normality, we proceeded with parametric analyses. However,
we acknowledge that the observed ceiling and floor effects
may have influenced variability and effect size estimates,
and we interpreted our results accordingly in light of these
distributional characteristics.

4.3. Hypothesis Testing. This study predicts that multiple AI
voices, acting as specialist virtual tutors across various sub-
topics, will result in lower intrinsic load, lower extraneous
load, and higher germane load compared to a single AI voice
tutor. Additionally, it is hypothesized that multiple AI voices
will lead to better immediate and delayed learning perfor-
mance than a single AI voice tutor.

To test these predictions, we conducted a series of
MANOVAs to compare cognitive load, immediate post-
tests, and delayed posttests across conditions. This
approach accounts for the interrelated nature of the
dependent variables and the need for a comprehensive sta-
tistical method. Cognitive load (intrinsic, extraneous, and
germane) is conceptually linked, as are the immediate
posttest components (retention, near-transfer, and far-
transfer) and the delayed posttest components measuring
the same outcomes over time. Given these interdepen-
dencies, MANOVA was chosen to analyze multiple out-
comes simultaneously while minimizing the risk of Type
I errors from conducting separate ANOVAs.

For significant MANOVA results, we conducted post hoc
analyses using Storey’s False Discovery Rate (FDR) procedure
in R [58] to control for multiple comparisons while preserving
statistical power. This approach has become increasingly prev-
alent in educational research [59–61], particularly when sam-
ple sizes are limited. It serves as an alternative to family-wise

error rate (FWER) corrections, such as the Bonferroni method,
which, while effective in controlling Type I errors, can be
overly conservative, increasing the risk of Type II errors and
potentially obscuring meaningful effects.

Storey’s FDR method first computes one-tailedp values
for each hypothesis, reflecting the directional nature of the
tests, and then estimates the proportion of true null
hypotheses by analyzing the p value distribution and
selecting a threshold (λ) to distinguish signal from noise
[58]. Using this estimate, q-values are calculated to deter-
mine the minimum FDR at which a hypothesis is deemed
significant. Unlike p values, which assess individual tests, q
-values adjust for multiple comparisons, ensuring a data-
driven significance threshold that preserves statistical
power [62].

In this study, Storey’s FDR was applied via the q-value
package in R, with q-values computed based on the observed
p value range as the λ parameter. A result was deemed sig-
nificant if both the one-tailedp value and the corresponding
q value were below 0.05, balancing Type I and Type II error
control [63]. This approach effectively adjusts for multiple
comparisons while avoiding the overly conservative nature
of FWER corrections [62, 63], making it particularly advan-
tageous in studies where preserving statistical power is
critical.

4.3.1. Cognitive Load Ratings. A one-way MANOVA was
conducted to examine the effect of AI voice condition (mul-
tiple AI voices as specialist virtual tutors vs. a single AI voice
tutor) on cognitive load ratings (intrinsic, extraneous, and
germane cognitive load). Box’s test of equality of covariance
matrices was not significant (M= 5 57, F 6, 11288 73 =
0 85, p = 0 52), and Levene’s test for equality of error vari-
ances was also not significant for all dependent variables
(F ≤ 0 21, p ≥ 0 65), indicating that the assumptions of
homogeneity of covariance matrices and error variances
were met. A statistically significant effect of AI voice
condition on cognitive load was detected (Wilk’sΛ = 0 790,
F 3, 38 = 3 37, p < 0 05, η2 = 0 21).

Following this significant multivariate result, separate
univariate ANOVAs were conducted for intrinsic, extrane-
ous, and germane cognitive load, yielding one-tailed p values
of 0.0055, 0.009, and 0.1595, respectively. The effect sizes
(Cohen’sd) indicated a moderate-to-large effect on intrinsic
load (d = 0 78) and a large effect on extraneous load
(d = 0 85), suggesting that multiple AI voices significantly
reduced cognitive load for these variables. However, the
effect on germane load was small and nonsignificant
(d = 0 32).

To account for multiple comparisons, Storey’s FDR
method was applied. When compared to an α level of 0.05,
the results confirmed that the effects on extraneous and
intrinsic load remained statistically significant (p < 0 05),
whereas the effect on germane load was not significant
(p > 0 05). Taken together, these findings partially support
H1, as multiple AI voices acting as specialist virtual tutors
across subtopics resulted in lower intrinsic and extraneous
load compared to a single AI voice tutor. However, germane
load was not enhanced as expected.

7Human Behavior and Emerging Technologies
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4.3.2. Immediate Posttest Scores. A one-way MANOVA was
conducted to examine the effect of AI voice condition (mul-
tiple AI voices as specialist virtual tutors vs. a single AI voice
tutor) on immediate posttest scores, measured by retention,
near-transfer, and far-transfer performance. Box’s test of
equality of covariance matrices was not significant
(M= 10 49, F 6, 11288 74 = 1 61, p = 0 14), indicating that
the assumption of homogeneity of covariance matrices was
met. However, Levene’s test of equality of error variances
indicated a violation for near-transfer (F 1, 40 = 12 40,
p = 0 00), while variances for retention (p = 0 22) and
far-transfer (p = 0 12) were not significantly different
across groups. Despite this partial violation, the overall MAN-
OVA was statistically significant (Wilk’sΛ = 0 81, F 3, 38 =
2 99, p < 0 05, η2 = 0 19).

Following this significant multivariate result, separate
univariate ANOVAs were conducted for retention, near-
transfer, and far-transfer, yielding one-tailed p values of
0.0135, 0.1655, and 0.024, respectively. The effect sizes
(Cohen’sd) indicated a moderate-to-large effect on retention
(d = 0 73) and far-transfer (d = 0 64), suggesting that multi-
ple AI voices significantly enhanced these learning out-
comes. However, the effect on near-transfer was small and
nonsignificant (d = 0 31).

To account for multiple comparisons, Storey’s FDR
method was applied. When compared to an α level of 0.05,
the results confirmed that the effects on retention and far-
transfer remained statistically significant (p < 0 05), whereas
the effect on near-transfer was not significant (p > 0 05).
Thus, these analyses provide partial support for H2, as mul-
tiple AI voices acting as specialist virtual tutors across sub-
topics resulted in higher immediate retention and far-
transfer scores but did not enhance near-transfer scores
compared to a single AI voice tutor.

4.3.3. Delayed Posttest Scores. A one-way MANOVA was
conducted to examine the effect of AI voice condition (mul-
tiple AI voices as specialist virtual tutors vs. a single AI voice
tutor) on delayed posttest scores, measured by delayed recall,
delayed near-transfer, and delayed far-transfer performance.
Box’s test of equality of covariance matrices was not signifi-
cant (M= 8 14, F 6, 10942 89 = 1 24, p = 0 28), indicating
that the assumption of homogeneity of covariance matrices
was met. However, Levene’s test of equality of error vari-
ances revealed a violation for delayed near-transfer
(F 1, 39 = 4 65, p = 0 04), while the variances for delayed
recall (p = 0 42) and delayed far-transfer (p = 0 34) were
not significantly different across groups. Despite this partial
violation, the overall MANOVA based on Wilk’sΛ was
statistically significant (Λ = 0 87, F 3, 37 = 1 91, p < 0 05,
η2 = 0 13).

Following this significant multivariate result, separate
univariate ANOVAs were conducted for delayed recall,
delayed near-transfer, and delayed far-transfer, yielding
one-tailed p values of 0.02, 0.05, and 0.15, respectively. The
effect sizes (Cohen’sd) indicated a moderate-to-large effect
on delayed recall (d = 0 66) and a moderate effect on delayed
near-transfer (d = 0 54), suggesting that multiple AI voices
significantly enhanced these learning outcomes. However,

the effect on delayed far-transfer was small and nonsignifi-
cant (d = 0 32).

To account for multiple comparisons, Storey’s FDR
method was applied. When compared to an α level of 0.05,
the results confirmed that the effects on delayed retention
and delayed near-transfer remained statistically significant
(p < 0 05), whereas the effect on delayed far-transfer was
not significant (p > 0 05). Hence, the data partially sup-
ported H3, indicating that multiple AI voices acting as spe-
cialist virtual tutors across various subtopics enhanced
delayed retention and near-transfer scores but did not
improve delayed far-transfer scores compared to a single
AI voice tutor.

4.3.4. Hypothesis Result Summary. Table 3 summarizes the
hypothesis testing results, comparing the effects of multiple
AI voices versus a single AI voice tutor on cognitive load
components, including intrinsic load, extraneous load, and
germane load, as well as learning outcomes, including
immediate and delayed retention, near-transfer, and far-
transfer performance. Effect size interpretations are pro-
vided to indicate the magnitude of the observed differences
across these measures.

5. Discussion

This study explored the cognitive benefits of assigning
multiple AI voices as specialist virtual tutors to specific
programming algorithms to enhance multimedia learning
outcomes. Inspired by prior research, which advocates
for multiple virtual tutors to represent distinct roles and
knowledge domains rather than relying on a single tutor
[32–35], this study examined whether AI voice–driven
instructional segmentation improves learning efficiency. Our
findings suggest that multiple AI voices tailored to specific
programming algorithm subtopics can optimize cognitive load
and enhance learning outcomes in a multimedia learning
environment.

Our data demonstrated that multiple AI voices as spe-
cialist virtual tutors had a positive impact on cognitive
load. Learners who engaged with the multiple virtual tutor
interface reported significantly lower perceived difficulty
related to subject complexity and instructional presenta-
tion, with medium and large effect sizes, respectively.
The cognitive load reduction observed in this study aligns
with prior findings, where learners reported an easier
learning experience and improved information accessibility
when using a two-agent interface compared to a single-
agent design [33, 34]. These findings suggest that imple-
menting multiple AI voices can effectively manage cogni-
tive load across multiple subtopics, a critical factor in
successful multimedia learning.

Beyond cognitive load reductions, the cognitive benefits
of employing multiple AI voices as specialist virtual tutors
extend to learning performance. In the immediate posttest,
learners in the multiple virtual tutor condition demonstrated
higher retention scores than those in the single virtual tutor
condition, with a moderate to large effect. This superior
retention persisted in the 2-week delayed posttest, despite
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the expected memory decay over time. Notably, learners in
the multiple virtual tutor environment continued to outper-
form their single virtual tutor counterparts, with a moderate
effect for both delayed retention and delayed near-transfer.
These findings collectively highlight the robust impact of
multiple AI voices on learning performance, reinforcing
prior research that found higher recall performance with a
two-agent interface compared to a single-agent inter-
face [33].

In detail, both immediate and delayed near-transfer scores
followed different patterns across conditions. While immediate
near-transfer scores did not significantly differ between the
multiple virtual tutor and single virtual tutor conditions,
delayed near-transfer scores revealed a significant advantage
for learners in the multiple AI voice condition. Learners in both
conditions initially achieved relatively high scores on the imme-
diate near-transfer test, suggesting that the questions may have
been too easy, leading to a potential ceiling effect. However, in
the delayed test, learners who engaged with multiple AI voices
demonstrated superior near-transfer performance, indicating a
long-term learning benefit. Conversely, the far-transfer test
was more challenging, requiring learners to identify, contrast,
compare, correlate, and integrate different algorithms to com-
plete tasks dissimilar to those presented during the learning
phase. Learners who engaged with multiple AI voice tutors out-
performed those in the single AI voice condition on the imme-
diate far-transfer test, showing amedium effect size, though this
effect did not persist in the delayed posttest.

While the cognitive benefits associated with cognitive
load and learning outcomes derived from multiple AI voices
align with prior findings [33, 34], it is important to highlight
the unique aspects of this study. Baylor and Ebbers [33] and
Wang et al. [34] employed multiple embodied virtual agents
to simulate differential roles, such as domain expertise infor-
mation, motivational support, or moderation prompts. In
contrast, our multivirtual tutor design focused on delivering
specific domain information segmented by subtopics rather
than assigning different instructional roles. Another distinct
feature of this study is the use of Leppink et al.’s [57] scale,
which allowed us to decompose cognitive load effects into
intrinsic, extraneous, and germane loads, thereby providing
greater clarity on how multiple AI voices influence different
types of cognitive load in multimedia learning.

Furthermore, by dividing the posttest into retention,
near-transfer, and far-transfer assessments, we gained a
more detailed understanding of how multiple AI voices
influenced learning outcomes. The inclusion of a far-
transfer test allowed for a more sensitive evaluation of
learners’ depth of understanding, while the delayed posttest
enabled us to assess long-term retention effects. Synthesizing
these posttest data highlights three key learning benefits of
multiple AI voices: (1) enhanced retention, linked to
improved encoding, storage, and retrieval of algorithmic
concepts; (2) improved near-transfer performance, particu-
larly in the delayed posttest, suggesting that multiple AI
voices facilitated sustained application of learned concepts
over time; and (3) superior far-transfer performance,
observed in the immediate posttest, where learners were bet-
ter able to adapt and apply different algorithms to novel
tasks. Taken together, this study builds on prior research
by providing empirical evidence that utilizing multiple AI
voices as specialized virtual tutors across subtopics offers
cognitive benefits by reducing difficulty ratings related to
subject complexity (intrinsic load) and instructional presen-
tation (extraneous load) while enhancing retention, delayed
near-transfer, and immediate far-transfer performance.

From a theoretical perspective, the cognitive load
reduction and enhanced learning performance facilitated
by multiple AI voices support the proposition that assign-
ing virtual tutors as specialists across subtopics promotes
information organization and compartmentalization
[32–35]. By orchestrating three AI voices as distinct virtual
tutor personas, each introducing themselves, teaching a
specific algorithm, and passing the next algorithm topic
to the next tutor, learners are guided to infer gaps, transi-
tions, and contrasts across subtopics. This structure pro-
motes memorization of information chunks and
assimilates new knowledge [46, 47].

Additionally, drawing from speech processing research
[44, 45], it can be theorized that the unique voice qualities of
specialist virtual tutors are encoded alongside instructional
material, serving as cues for content categorization and facili-
tating information retrieval from long-term memory. In line
with CLT [16, 17], these factors may assist in managing essen-
tial and generative cognitive processing in multimedia learn-
ing, optimizing cognitive resources for deeper processing of

TABLE 3: Summary of hypothesis testing results.

Hypothesis Prediction Results Effect size

H1
Multiple AI voices > single AI voice

Intrinsic load ↓ Supported Moderate to large effect

Extraneous load ↓ Supported Large effect

Germane load ↑ Not supported Small effect

H2
Multiple AI voices > single AI voice

Immediate retention ↑ Supported Moderate-to-large effect

Immediate near-transfer ↑ Not supported Small effect

Immediate far-transfer ↑ Supported Moderate-to-large effect

H3
Multiple AI voices > single AI voice

Delayed retention ↑ Supported Moderate-to-large effect

Delayed near-transfer ↑ Supported Moderate effect

Delayed far-transfer ↑ Not supported Small effect

Note: The arrows (↑, ↓) indicate the predicted direction of change in the measured variable. “↑” denotes a predicted increase, whereas “↓” denotes a predicted
decrease.
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instructional material [13, 47]. This, in turn, enhances reten-
tion and far-transfer performance while leading to lower
intrinsic and extraneous load ratings.

Another theoretical perspective that may explain the
cognitive benefits of multiple AI voices in this study is the
multiple-source effect [48–50]. This theory aligns with the
superior retention and far-transfer scores observed in
learners who interacted with multiple AI voices. Learners
may perceive instructional content delivered by distinct vir-
tual tutors as unique and worthy of closer scrutiny, prompt-
ing greater attention and deeper elaboration on the three
algorithms. This process discourages the illusion of under-
standing, encouraging learners to deliberate on each algo-
rithm individually [29, 30].

The increased mental effort in elaborating on each algo-
rithm likely enabled learners in the multiple virtual tutor con-
dition to excel in identifying, contrasting, comparing,
correlating, and integrating different algorithms in the far-
transfer task. Additionally, it is plausible that learners who lis-
tened to a single AI voice experienced dissonance and fatigue
due to the perceived artificiality of the voice or the monotony
of the presentation—both of which could negatively impact
cognitive load and learning outcomes [55, 56]. In contrast,
introducing novel personas through multiple AI voices may
dispel monotony, sustain learner interest, and revitalize moti-
vation, ultimately enhancing cognitive load management and
improving learning outcomes across subtopics.

6. Practical Implications for Education

Considering the cognitive advantages of multiple AI voices,
it is essential to shift the discussion toward practical consid-
erations for leveraging AI voices to enhance multimedia
learning. Modern text-to-speech vocalizers offer a diverse
array of AI voice personas, enabling instructional designers
to create engaging multimedia lessons. Notably, the multiple
virtual tutor interface is particularly useful for multimedia
lessons on highly concentric subtopics, such as program-
ming algorithms. This recommendation is based on the
principle that multiple AI voices as specialist virtual tutors
help learners distinguish nuanced differences among sub-
topics while fostering sustained attention and active engage-
ment with instructional materials over time.

Another practical consideration involves the selection of
AI voices for multimedia learning. Choosing AI voices that
align with learners’ expectations is crucial for evoking favor-
able social, emotional, and motivational responses. This
includes various voice traits such as pitch, tone, volume,
speed, accent, intonation, rhythm, and emphasis, which col-
lectively shape a tutor persona that enhances the learning
experience. Additionally, different demographics may
respond differently to various voice traits and personas,
making it essential to tailor AI voice choices to match the
preferences and characteristics of target learners.

Instructional designers should also ensure dissimilarity
among AI voice profiles to create distinct virtual personas. This
diversity allows each virtual tutor to provide unique cues that
aid learners in categorizing information, encoding content,
and retrieving knowledge from memory. By optimizing cogni-

tive load processing, this approach enhances learning outcomes
and promotes more effective multimedia instruction.

7. Limitations and Future Outlook

This study, while providing insights into the cognitive bene-
fits of employing multiple AI voices as specialist virtual
tutors, is not without limitations. One key constraint is its
specific subject domain of introductory programming algo-
rithms, which may not directly translate to other subjects
or educational levels. Additionally, the sample size was rela-
tively small, comprising first-year business undergraduates
from a private Asian university where English is the primary
language of instruction. This narrow demographic focus
limits the generalizability of the findings to other cultures,
age groups, or academic disciplines.

Future research is needed to address these limitations and
further explore the long-term effects of learning with multiple
AI voices beyond a single engagement session. This could pro-
vide insights into whether habituation effects might influence
the instructional strategy’s impact. While this study offers
empirical support for cognitive psychological propositions
regarding the interplay of multiple AI voices and multimedia
learning processes, our experimental design does not fully
unravel the exact mechanisms contributing to cognitive load
reduction and learning outcome improvements. Future stud-
ies should investigate alternative learning theories, particularly
those focusing on social and affective constructs related to AI
voice variability. Additionally, exploring the effectiveness of
this approach across different disciplines and more diverse
learner populations would be valuable.

Despite its limitations, this study contributes to the exist-
ing body of research on multimedia learning by examining
the use of multiple AI voices as specialist virtual tutors.
The findings suggest that this approach reduces cognitive
load and enhances learning outcomes, encouraging further
exploration of multimedia learning strategies that leverage
technological advancements in generative AI tools, such as
AI voice synthesizers.

Appendix A: Sample Posttest Questions for
Retention, Near-Transfer, and Far-Transfer

1. Retention question

Label the following components in the program:

2. Immediate near-transfer test

Based on the following source code, determine and write
the expected output.

3. Immediate far-transfer test

Imagine you are a game developer working on a mobile
fighting game featuring a hero fighter. The game includes

10 Human Behavior and Emerging Technologies
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three action buttons: “X,” “Y,” and “Z,” each triggering a
special attack when pressed multiple times.

In this game, if the “X” button is pressed more than two
times, the screen will display “Attack Damage: 120” followed
by “DAMAGE.” If the “Y” button is pressed more than three
times, the screen will display “Attack Damage: 300” followed
by “DAMAGE.” Similarly, if the “Z” button is pressed more
than five times, the screen will display “Attack Damage:
1000” followed by “DAMAGE.”

Your task is to write a simple C program that simulates
the hero’s attack system. The program should prompt the
player to enter the number of times they pressed each button
(X, Y, or Z) and then determine and display the appropriate
attack damage based on the given conditions.

4. Delayed near-transfer

Based on the following source code, determine and write
the expected output.

5. Delayed far-transfer

A modern IoT-enabled smart washing machine uses sen-
sors to detect laundry weight and display appropriate mes-
sages. By default, the screen shows “Ready Standby” followed
by “Please load clothes.” If the detected weight reaches or
exceeds 30kg, the display changes to “Load nearing full capac-
ity” followed by “Please remove excess clothes if needed.”

As a programmer, write a simple C program that
prompts the user to enter the laundry weight, checks if it is
30 kg or more, and displays the correct message. Use condi-
tional statements to ensure accurate output.

Data Availability Statement

The data that support the findings of this study are available
from the corresponding author upon reasonable request.

Ethics Statement

This study was conducted in accordance with the ethical
principles outlined in the Helsinki Declaration, ensuring
the protection of participants’ rights, dignity, and privacy.
In line with national regulations and institutional policies,
formal ethical approval was not required, as the study did
not involve the collection of personally identifiable or sensi-
tive data. All participants provided informed consent elec-
tronically before participation. They were fully briefed on
the study’s objectives, procedures, and their rights, including
their right to withdraw at any time without penalty or con-
sequences. Additionally, the study complied with the Per-
sonal Data Protection Act (PDPA), ensuring that all
collected data was handled securely, used exclusively for
research purposes, and protected against unauthorized
access or misuse through strict confidentiality measures.

#include <stdio.h>
int main()
{

int heartbeat = 85;
if (heartbeat > 100)
{

printf("Your heart rate is above normal.\n");
printf("Please consult a doctor.\n");

}
else if (heartbeat < 60)
{

printf("Your heart rate is below normal.\n");
printf("Please consult a doctor.\n");

}
else
{

printf("Your heart rate is within the normal
range.\n");

}
printf("Thank you.\n");
return 0;

}

Code 2

int main ()
{

int temperature = 25;
if (temperature >= 30)
{

printf("It's a hot day!");
}
printf("Stay hydrated.");

}

Code 1

#include <stdio.h>
int main()
{

int blood_pressure = 110;
if (blood_pressure >= 120)
{
printf("Blood pressure is normal.\n");
printf("Please see the nurse for a routine check-

up.\n");
}
else if (blood_pressure < 90)
{
printf("Blood pressure is too low.\n");
printf("Please seek medical attention.\n");

}
else
{
printf("Blood pressure is slightly low.\n");
printf("Please monitor your health.\n");

}
printf("Thank you.\n");
return 0;

}

Code 3

11Human Behavior and Emerging Technologies
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