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Abstract
Modern text-to-speech voices can convey social cues ideal for narrating multime-
dia learning materials. Amazon Alexa has a unique feature among modern text-to-
speech vocalizers as she can infuse enthusiasm cues into her synthetic voice. In this 
first study examining modern text-to-speech voice enthusiasm effects in a multi-
media learning environment, a between-subjects online experiment was conducted 
where learners from a large Asian university (n = 244) listened to either Alexa’s: 
(1) neutral voice, (2) low-enthusiastic voice, (3) medium-enthusiastic voice, or (4) 
high-enthusiastic voice, narrating a multimedia lesson on distributed denial-of-
service attack. While Alexa’s enthusiastic voices did not enhance persona ratings 
compared to Alexa’s neutral voice, learners could infer more enthusiasm expressed 
by Alexa’s medium-and high-enthusiastic voices than Alexa’s neutral voice. Regard-
ing cognitive load, Alexa’s low-and high-enthusiastic voices decreased intrinsic and 
extraneous cognitive load ratings compared to Alexa’s neutral voice. While Alexa’s 
enthusiastic voices did not impact affective-motivational ratings differently from 
Alexa’s neutral voice, learners reported a significant increase of positive emotions 
from their baseline positive emotions after listening to Alexa’s medium-enthusiastic 
voice. Finally, Alexa’s enthusiastic voices did not enhance the learning performance 
on immediate retention and transfer tests compared to Alexa’s neutral voice. This 
study demonstrates that a modern text-to-speech voice enthusiasm can positively 
affect learners’ emotions and cognitive load during multimedia learning. Theoretical 
and practical implications are discussed through the lens of the Cognitive Affec-
tive Model of E-learning, Integrated-Cognitive Affective Model of Learning with 
Multimedia, and Cognitive Load Theory. We further outline this study’s limitations 
and recommendations for extending and widening the text-to-speech voice emotions 
research.
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1 Introduction

Two iconic, albeit contrasting artificial intelligent voices were conceived and 
depicted in two acclaimed sci-fi movies, capturing the attention and enriching 
the imagination of audiences: HAL 9000 in the film "2001: A Space Odyssey" 
by Stanley Kubrick and Arthur C. Clarke, and Samantha in the movie "Her." 
Although HAL9000’s voice is soft, calm, and conversational, its mechanical 
and emotionless tone induces disquiet and distrust in people. On the other hand, 
Samantha’s voice exudes emotional cues and expressiveness that mimic a natural 
human voice, such that the film’s protagonist expresses amazement: "You seem 
like a person — but you’re just a voice in a computer," and eventually falls in love 
with the artificial entity. Of course, artificial voices do not exist merely in science 
fiction but are pervasive in today’s digital society, although this technology is 
evolving still. Nass and Brave (2005)’s influential book "Wired for speech: How 
voice activates and advances the human–computer relationship" provides compel-
ling data and discourse asserting that artificial voices automatically evoke a wide 
array of social responses from listeners, thereby underscoring the importance of 
designing computer voices to optimize usability and engagement.

Within the educational context, text-to-speech vocalizers have generated artifi-
cial voices to narrate instructional content in multimedia learning environments. 
However, Mayer and his colleagues have cautioned that text-to-speech voices’ 
mechanical and monotonous tone is detrimental to learning (Atkinson et  al., 
2005; Mayer & Dapra, 2012; Mayer et  al., 2003). The researchers put forward 
the voice principle, advocating multimedia learning content to be narrated using 
a friendly human voice. The voice principle derives from the Social Agency 
Theory (Mayer, 2014), which asserts that a warm and familiar human voice can 
convey likable social cues that encourage learners to consider multimedia learn-
ing a genuine social interaction. As a result, learners are motivated to process 
the learning materials more deeply and achieve better learning outcomes. On the 
other hand, a mechanical-sounding text-to-speech voice can not effectively prime 
a sense of social presence. Hence, learners listening to this voice are less inspired 
to perceive the learning as a social engagement, impeding cognitive engagement 
and learning performance.

Nonetheless, contemporary text-to-speech vocalizers have made artificial 
voices sound more natural and human-like (Cambre et al., 2020; Tan et al., 2021). 
Artificial voices in the form of Apple’s Siri, Amazon’s Alexa, and Google Assis-
tant are increasingly ubiquitous in people’s lives and are often treated as intel-
ligent social beings with personality, social, and emotional traits (Cambre et al., 
2020). The preceding conforms with the computers-are-social-actors (CASA) 
paradigm, positing that people respond socially to digital artifacts exhibit-
ing human-like or anthropomorphic cues (Nass & Brave, 2005; Nass & Steuer, 
1993). For multimedia learning, Craig and Schroeder (2017) demonstrated that a 
pedagogical agent’s voice produced with a modern text-to-speech vocalizer (i.e., 
Neospeech voice engine) led to a higher learning transfer performance than the 
voices generated with a classic text-to-speech vocalizer (i.e., Microsoft speech 
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engine) or a human voice. Further, the learners reported similar agent persona 
ratings regarding facilitating learning and credibility to the modern text-to-speech 
and human voices. Craig and Schroeder (2019) conducted a follow-up study fea-
turing a multimedia learning environment without a visible pedagogical agent. 
They found that while a human voice enhanced higher agent persona ratings, par-
ticularly for humanness and engagement qualities than a modern text-to-speech 
voice and a classic text-to-speech voice, there were no differences in learning 
outcomes and cognitive efficiency between the voices. Collectively, these find-
ings imply that modern text-to-speech voice qualities are effective for multimedia 
learning. Thus, educators and instructional designers can leverage modern text-
to-speech vocalizers to conveniently, rapidly, and cost-effectively produce voice-
overs, narrations, or dialogues for multimedia learning materials.

Amazon Alexa has a superior feature compared to other modern speech vocal-
izers insofar as she can imbue her voice with two types of emotional expression— 
enthusiasm and disappointment (Peters, 2019). Synthetic emotional expressions, 
including negative emotional tones, are of interest within the multimedia learning 
context as instructors can convey these emotions strategically to promote learn-
ing in the educational milieu. For instance, expressed disappointment or anger can 
serve as social and feedback cues for learners to acknowledge their performance or 
effort deficiency, prompting them to devote more effort to reduce the gap (Jeong 
et al., 2017; Johnson & Connelly, 2014; Kleef et al., 2011; Liew et al., 2022; Sullins 
et al., 2009; Tunstall & Gsipps, 1996). Notwithstanding, this research focuses on the 
effects of Amazon Alexa voice enthusiasm. Presently, Alexa can convey three levels 
of voice enthusiasm intensity (low-, medium-, and high-enthusiasm) apart from the 
neutral voice (no enthusiasm).

There is a rich literature on expressed enthusiasm in classroom settings (Keller 
et al., 2016), indicating positive effects on learners’ emotional states (Kunter et al., 
2011, 2013), interest and intrinsic motivation (Keller et al., 2014; Kim & Schallert, 
2014; Moè, 2016), attention (Moè, 2016; Moe et al., 2021), and learning achieve-
ment (Frenzel et  al., 2010; Kunter et  al., 2011, 2013; Moe et  al., 2021). Applied 
to multimedia learning environments, enthusiastic human voices can enhance learn-
ing outcomes, emotional states, and perceived speaker’s social and persona ratings 
(Beege et al., 2020; Lawson & Mayer, 2021; Liew et al., 2017, 2020; Wang et al., 
2022). While a human’s voice enthusiasm has been explored for multimedia learn-
ing (Beege et al., 2020; Liew et al., 2017, 2020; Wang et al., 2022), no studies have 
examined the effects of a modern text-to-speech voice enthusiasm. Thus, this study 
aims to fill this research gap by investigating the social, affective-motivational, cog-
nitive, and learning effects of Amazon Alexa’s voice enthusiasm in a multimedia 
learning environment.

2  Research rationale

This study is situated within the multicultural and multilingual Malaysian learn-
ers’ profile. Malaysia has three main ethnic groups: Malays, Chinese, and Indians; 
thus, the Malaysian educational system affords lessons at the primary level in Malay, 
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Mandarin, and Tamil languages. Complementing the Malaysian Language (Bahasa 
Malaysia) as the official language in Malaysia, the English language remains widely 
used in Malaysia, particularly in educational, professional, and business environ-
ments (Thirusanku & Yunus, 2014). English is a compulsory subject in primary and 
secondary school in the Malaysian educational system and is regarded as the primary 
language of instruction in most private colleges and universities (Ali, 2013). While 
most Malaysian students are conversant in English, their English proficiency stand-
ards vary greatly, partly shaped by diverse cultural and socio-economic backgrounds 
and schooling systems, e.g., Malay-medium national schools, English-language 
schools, or vernacular schools such as Chinese-and Tamil-language schools (Pillai 
& Ong, 2018). This, in turn, differently affects comprehension of spoken English 
imbued with varied and unfamiliar vocal prosodic cues (e.g., vowel length, pauses, 
and loudness) across diverse Malaysian learner profiles (Adnan et al., 2019; Raja-
durai, 2006; Yap & Pillai, 2018). Enthusiastic voices exude strong and varied pro-
sodic cues, potentially affecting non-native learners’ comprehension and cognitive 
load within the multimedia learning context (Davis et al., 2019; Liew et al., 2020; 
Matthew, 2020). In light of the preceding, this study can deepen our understanding 
of how a modern text-to-speech synthesizer’s enthusiasm can benefit learners from 
diverse socio-linguistic profiles, which aligns with the research agenda advocating 
inclusive multimedia learning design for non-native English speakers (Brom et al., 
2017; Chan et al., 2020; Lee & Mayer, 2018; Liu et al., 2018; Mayer et al., 2014).

The present research’s multimedia learning environment demonstrates how a 
denial-of-service attack occurs to business majors learners. A denial-of-service 
attack involves cyber-attackers attempting to disrupt or shut down a server’s ser-
vice by flooding the network devices with fake requests. This computer-related topic 
is significant to integrating Science, Technology, Engineering, and Mathematics 
(STEM) curriculum in business and other non-IT courses, fulfilling the ubiquitous 
demand and necessity for IT-savvy knowledge and skills in today’s digital society. 
A prevalent issue motivates this study: there is a lack of learners’ interest in STEM 
subjects globally and Malaysia (Ramli & Talib, 2017), with STEM subjects often 
perceived as challenging, uninspiring, and boring (Christensen et  al., 2014; Yu, 
2012). This can be especially apparent for business majors who generally hold lesser 
IT-related knowledge and experience, thereby compelling them to feel that such a 
topic is difficult, unfamiliar, and irrelevant to their business environment. Notewor-
thy, instructors’ enthusiasm can positively impact learners’ interest, motivation, and 
learning achievement in STEM subjects (Christensen et  al., 2014; Jungert et  al., 
2020; Ramli & Talib, 2017). It is thus interesting to examine to what extent enthu-
siastic voices can affect the affective-motivational, cognitive, and learning outcomes 
of an IT topic among business majors in this study.

The findings of this work contribute theoretical insights into the scant but emerg-
ing literature on the confluence between artificial voice’s synthetic emotional 
expressions and learning (Fountoukidou et al., 2021; Hillaire et al., 2019; Viegas & 
Alikhani, 2021). From an instructional design perspective, this study offers practical 
recommendations to educators and instructional designers regarding using modern 
text-to-speech with artificial enthusiasm to narrate multimedia learning materials. 
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The following section reviews text-to-speech technology for learning and the effects 
of voice enthusiasm through the lens of the Cognitive Affective Model of E-learning 
(Horovitz & Mayer, 2021; Lawson & Mayer, 2021; Mayer, 2020), Integrated Cog-
nitive-Affective Model of Learning with Multimedia (Plass & Kalyuga, 2019) and 
Cognitive Load Theory (Mayer, 2014).

3  Theoretical framework

3.1  Text‑to‑speech vocalizers

Text-to-speech vocalizers, also known as speech synthesizers, are computer systems 
that artificially produce human speech by converting texts into spoken words. This 
technology is integral in endowing voices and personalities to artificial agents, vir-
tual assistants, and robots (Cambre et al., 2020; Alonso Martin et al., 2020; Poush-
neh, 2021). Several text-to-speech vocalizers avail development and commercial use, 
with popular ones, including Amazon’s Ivona Software used in Amazon devices, 
e.g., Kindle electronic reader, Google Text-to-Speech used in Google Now virtual 
assistant, Microsoft Text-to-Speech used in Cortana virtual assistant, and Nuance 
Real Speak featured in Apple Siri.

Text-to-speech vocalizers have innovatively enriched the educational field. Zhang 
and Zou (2022)’s review showed that text-to-speech technology facilitates language 
learning, particularly for improving speaking and pronunciation (Liakin et al., 2017; 
Qian et al., 2018; Shadiev et al., 2018). The technology has also proliferated learn-
ing via listening to audiobooks narrated by text-to-speech engines, notably during 
the pandemic (Cambre et al., 2020). Text-to-speech vocalizers can aid learners with 
learning disabilities, emotional-behavioral disorders, mild intellectual disabilities, 
dyslexia, and attention-deficit/hyperactivity disorders who struggle with reading and 
writing (Bone & Bouck, 2017; Evmenova & Regan, 2019). Text-to-speech engines 
as assistive technology allow learners to adjust pace, pitch, and speech volume. This 
enables struggling learners to listen to their own words during the writing process, 
facilitating monitoring and revising their writing outcomes. Furthermore, text-to-
speech applications support learners with vision disabilities by reading aloud digi-
tal texts. Adding spoken words to readable texts can mitigate struggles encountered 
by ADHD learners by lessening distractibility and stress, resulting in enhanced 
focus and reduced exhaustion. Last but not least, text-to-speech technology enables 
instructional designers to create spoken words to narrate multimedia learning mate-
rials, whether with visible pedagogical agents or disembodied voice-only agents 
(Atkinson et al., 2005; Craig & Schroeder, 2017, 2019; Fountoukidou et al., 2021; 
Mayer et al., 2003). This research is framed within this technological benefit, utiliz-
ing text-to-speech to generate spoken narrations to complement the visual learning 
information in a multimedia learning environment.

Learning is intrinsically a social process; therefore, learners infer social-emo-
tional cues from the voice acting as the instructional medium. While infusing social-
emotional expressions into text-to-speech voices is essential for learning with digital 
media, text-to-speech technology generally lags in producing natural-sounding voice 
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emotions. A few text-to-speech engines for the English language lead this artificial 
voice emotions technology: Amazon Alexa with enthusiasm and disappointment 
tones, Typecast.AI with happy and angry expressions, and Microsoft Azure with 
excitement, cheerful, hopeful, angry, sad, and terrified voice tones. However, there is 
a lack of research assessing the effects of synthetic voice emotions on learning. This 
study extends recent works on artificial voice expressiveness for learning (Foun-
toukidou et al., 2021; Westlund et al., 2017) to Amazon Alexa’s voice enthusiasm.

3.2  Cognitive affective model of e‑learning

The Cognitive Affective Model of E-learning explains how expressed emotions in 
a multimedia learning environment can influence the instructor’s persona ratings, 
cognitive effort, and learning performance (Lawson & Mayer, 2021; Lawson et al., 
2021a, b, c. As Fig. 1 illustrates, the model posits five sequentially-connected events: 
(1) a pedagogical agent or a human instructor expresses emotions, (2) learners rec-
ognize the expressed emotional tones, (3) learners experience social connection with 
the pedagogical agent or human instructor based on the expressed emotional tones, 
(4) learners exert learning efforts based on the perceived social connection, and (5) 
learners’ learning efforts affect learning performance.

Lawson and her colleagues further derived the Positivity Principle from the Cog-
nitive Affective Model of E-learning; that is, learners can recognize a pedagogical 
agent’s or human instructor’s expressed positive and active emotion tones, which 
elevates the instructor’s persona ratings and learning performance in a multime-
dia learning environment (Lawson & Mayer, 2021; Lawson et al., 2021c). Empiri-
cal studies have demonstrated that learners inferred the instructor’s emotional 
tones comprising valence (positive/negative) and activity (active/passive) (Lawson 
& Mayer, 2021; Lawson et al., 2021a, b, c), and that positive and active expressed 
emotional tones tended to enhance the instructor’s persona ratings (Lawson et  al., 
2021a, b), effort (Lawson et al., 2021a, b), and learning performance on a delayed 
posttest (Lawson et al., 2021b).

Horovitz and Mayer (2021) proposed a slightly different version of the Cogni-
tive Affective Model of E-learning, postulating the following links: (1) learners 
recognize the instructor’s affective states based on their expressed emotional tones, 
(2) learners experience the same affective states following the instructor’s affective 
states, (3) the adopted affective states of learners influence their motivational states, 
and (4) learners’ motivational states affect learning performance (see Fig. 2). Horo-
vitz and Mayer (2021) revealed that learners could recognize displayed emotional 

Fig. 1  Cognitive Affective Model of E-learning emphasizing augmented social connection with a posi-
tive instructor
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tones and that the instructor’s expressed happiness enhanced learners’ affective-
motivational states, thereby endorsing the Positivity Principle.

This study regards Alexa’s text-to-speech voice enthusiasm as a positive emo-
tional cue, following Keller et  al. (2016)’s conceptualization characterizing 
expressed enthusiasm as an affective construct associated with positive and highly 
activating arousal emotions such as joy and excitement, pleasure, and intrinsic moti-
vation concerning a learning topic. Thus, Alexa’s text-to-speech voice enthusiasm 
aligns with the Positivity Principle and is compatible with recent works indicating 
the benefits of positive emotional tones on persona ratings and learning perfor-
mance. Liew et al. (2017) reported that a pedagogical agent who expressed enthu-
siasm through facial expressions, head movements, and vocal parameters, enhanced 
the agent’s persona ratings and learning performance than a pedagogical agent who 
expressed a neutral emotional tone. Across two experiments, an enthusiastic human 
voice elevated social ratings of the speaker (human-like and engaging) and learning 
performance than a calm human voice (Liew et al., 2020). Relatedly, Fountoukidou 
et al. (2021) showed that a text-to-speech voice with expressive vocal qualities than 
a neutral text-to-speech voice accentuated social and persona ratings, that is, imme-
diacy and affective perceptions toward the agent and the learning materials.

3.3  Integrated‑cognitive affective model of learning with multimedia

The Integrated-Cognitive Affective Model of Learning with Multimedia model 
(Plass & Kalyuga, 2019; Plass & Kaplan, 2015) posits that multimedia learning’s 
Selecting, Organizing, and Integrating cognitive processes are entwined with affec-
tive processes. Further, the cognitive-affective processes entail affective processes 
that require cognitive resources and vice-versa. The model emphasizes that multi-
media learning environments can evoke affective responses through visual/verbal 
information — and the affective reactions influence the Selecting, Organizing via 
affect in the form of interest and motivation, and Integration of visual/verbal infor-
mation and affect as emotional schemas stored in long-term memory. Based on the 
Integrated-Cognitive Affective Model of Learning with Multimedia model, Plass 
and Kaplan (2015) put forth the Emotional Design thesis that visual and verbal fea-
tures in a multimedia learning environment can be designed to evoke learners’ affec-
tive-motivational responses for promoting learning.

Besides visual aesthetics such as anthropomorphism and warm colors (Brom 
et al., 2018; Wong & Adesope, 2021), social cue qualities like attractiveness, cute-
ness, and emotional expressions of virtual or human characters in a multimedia 
learning environment can also influence learners’ affective-motivational factors 
(Domagk, 2010; Domagk et al., 2010; Horovitz & Mayer, 2021; Plass et al., 2020; 

Fig. 2  Cognitive Affective Model of E-learning emphasizing augmented affective-motivational state with 
a positive instructor
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Schneider et al., 2021). Along this line of reasoning, manipulating voice socio-emo-
tive cues in a multimedia learning environment falls under the Emotional Design 
model (Beege et al., 2020; Liew et al., 2017; Rodero & Lucas, 2021; Wang et al., 
2022). The literature has extolled the benefits of instructors’ displayed enthusiasm 
in promoting learners’ affective-motivational behaviors such as willingness to learn, 
learning enjoyment, and learning performance in classrooms (Keller et  al., 2016; 
Kim & Schallert, 2014; Kunter et  al., 2011, 2013; Moè, 2016; Moe et  al., 2021). 
Recent evidence shows that these affective-motivational benefits of enthusiasm 
cues extend to multimedia learning environments. Liew et al. (2017) found that an 
energetic virtual agent expressing an enthusiastic human voice led to higher posi-
tive affect and intrinsic motivation than an agent conveying a neutral human voice 
and gestures. Beege et al. (2020) showed that an enthusiastic than a neutral human 
voice attached to a virtual agent increased learning performance for learners under 
low load conditions but decreased learning performance for learners under high 
load conditions. Horovitz and Mayer (2021) demonstrated that instructors’ posi-
tive emotional cues, such as voice expressing happiness, evoked learners to expe-
rience higher positive affect (happiness), motivation, and interest than instructors’ 
negative emotional cues, including voice expressing boredom. Similarly, Ba et  al. 
(2021) showed that a pedagogical agent’s voice expressing a positive than a neutral 
emotional tone enhanced learners’ positive affect (pride) and transfer performance. 
Across three experiments, Wang et al. (2022) found that a pedagogical’s agent posi-
tive emotional tone exhibiting a smiling facial expression and an enthusiastic voice 
robustly elevated learners’ positive emotions and motivation than a neutral emo-
tional tone depicting a neutral facial expression and a calm voice.

3.4  Cognitive load theory

Learning with multimedia materials imposes mental processing demands on learn-
ers’ cognitive architecture. The Cognitive Load Theory posits that multimedia learn-
ing occurs with a limited working memory resource and distinguishes three types 
of load: Intrinsic, Extraneous, and Germane (Kalyuga, 2011; Sweller et al., 1998). 
Intrinsic cognitive load is utilized to process information related to a learning sub-
ject and is influenced by the subject’s complexity and learners’ prior knowledge of 
the topic. Extraneous cognitive load is the mental demand imposed by the design 
of learning materials that affect how information is presented to the learners. This 
load does not contribute to learning gains and should be minimized through sound 
instructional design (Mayer, 2014). Germane cognitive load is the mental resources 
used for learning-relevant cognitive functions, such as acquiring and constructing 
schema in the long-term memory, employing learning techniques like pattern-prob-
ing, reconfiguring problem representation to facilitate solving, and metacognitive 
tracking cognition and learning (Debue et al., 2014).

This study considers the cognitive load effects of Alexa’s voice enthusiasm 
through the lens of two theoretical perspectives. The first is guided by Davis et al. 
(2019)’s analysis indicating that voice prosody can influence cognitive load, spe-
cifically germane cognitive load among non-native English speakers. Voice prosody 
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refers to the vocal qualities such as pitch, tempo, stress, intonation, melody, loud-
ness, accent, and pause. They convey critical nonverbal communication beyond a 
sentence’s literal word meaning. The meaning of a sentence can be interpreted or 
understood differently based on voice prosodic variations. However, for non-native 
English speakers, a voice imbued with strong prosodic cues (a strong-prosodic 
voice) can impede fluent understanding of the intended content. This is because 
non-native English speakers are unfamiliar with the prosodic connotations associ-
ated with varied intonation, nuances, pronunciation, and speech rate (Davis et  al., 
2019).

Because non-native English speakers tend to adopt bottom-up processing that 
focuses on words than semantic structures (Osada, 2001), a strong-prosodic narra-
tion can impose more cognitive demands during learning than a weak-prosodic nar-
ration expressing less variability in pitch, intonation, and speech rate (Davis et al., 
2019). The experiment found that non-native English speakers reported higher ger-
mane cognitive load ratings when learning from a weak-prosodic narration than 
a strong-prosodic narration. In this study’s context, an enthusiastic voice is more 
likely to exhibit strong-prosodic cues comprising varied tones, tempo, stress, intona-
tion, and loudness than a neutral voice. Thus, voice enthusiasm can influence ger-
mane cognitive load, particularly among non-native English speakers. This proposi-
tion is supported by Liew et  al. (2020)’s study demonstrating that an enthusiastic 
voice led to lower germane cognitive load ratings than a calm voice among non-
native English speakers.

Secondly, the cognitive load effects of Alexa’s voice enthusiasm can be theorized 
through the Integrated-Cognitive Affective Model of Learning with Multimedia and 
the Emotional Design hypothesis (Plass & Kalyuga, 2019; Plass & Kaplan, 2015). 
The Emotions as Suppressor view suggests that processing emotions can impose 
extraneous cognitive load, which competes for working memory resources during 
multimedia learning (Plass & Kalyuga, 2019). On the other hand, the Emotions as 
Facilitator view associates positive activating emotions (e.g., enjoyment of learning) 
with high motivation and mental effort, building on the Control-Value Theory of 
Achievement Emotions (Pekrun, 2006; Plass & Kalyuga, 2019). Emotional Design 
meta-analyses have indicated that learners tended to report lower perceived difficulty 
with multimedia learning materials augmented with aesthetically-pleasing features 
such as warm colors and anthropomorphic images than the control versions (Brom 
et al., 2018; Wong & Adesope, 2021). Considering voice enthusiasm as an emotional 
design feature, Beege et al. (2020) found that mental load conditions moderated the 
effects of an enthusiastic human voice on cognitive load. When the learners were 
subjected to the low mental load conditions, the enthusiastic than the neutral human 
voice decreased extraneous cognitive load (subsumes processing of learning-irrel-
evant details like the design of learning environment) and increased germane cog-
nitive load (subsumes generative processing contributing to schemata construction 
and understanding of the learning materials). Whereas, for the learners subjected to 
the high mental load conditions, the enthusiastic human voice increased extraneous 
cognitive load while decreasing germane cognitive load. Other studies found that 
while human voices with positive emotional tones such as enthusiasm and happiness 
in a multimedia learning environment enhanced learning performance, perceived 
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difficulty was not impacted by the voices (Lawson et al., 2021b; Liew et al., 2017, 
2020; Wang et al., 2022).

4  Hypotheses

4.1  Alexa’s voice enthusiasm effect on perceived enthusiasm

Findings endorsing the Cognitive Affective Model of E-learning model have indi-
cated that learners could recognize a virtual agent or an instructor’s expressed emo-
tions through nonverbal cues (facial expressions, body gestures, and vocal charac-
teristics) in a multimedia learning environment (Lawson et al., 2021a, b, c). Further, 
Lawson and Mayer (2021) demonstrated that learners could infer the intended emo-
tional tones based on a human voice alone in a multimedia learning environment. 
This study extends the premise to synthetic emotional tones with text-to-speech 
vocalizers by testing the hypothesis that:

H1: Learners listening to Alexa’s enthusiastic voices will infer significantly more 
voice enthusiasm than learners listening to Alexa’s neutral voice.

4.2  Alexa’s voice enthusiasm effect on persona ratings

Supporting the Positivity Principle derived from the Cognitive Affective Model 
of E-learning model, studies have demonstrated that expressed positive and active 
emotional tones were associated with elevated instructor’s persona ratings (Lawson 
et al., 2021a, b). Similarly, Liew et al. (2017) and Liew et al. (2020) showed that a 
virtual agent’s and a speaker’s expressed enthusiasm rather than neutral emotional 
tone enhanced social qualities and persona ratings, whereas Fountoukidou et  al. 
(2021) reported that a synthetic voice expressiveness positively impacted perceived 
immediacy and affective perception toward the instructor. Hence, this study predicts 
that:

H2: Learners listening to Alexa’s enthusiastic voices will assign significantly 
more positive persona ratings to Alexa than learners listening to Alexa’s neutral 
voice.

4.3  Alexa’s voice enthusiasm effect on affective‑motivational ratings

This study regards an enthusiastic voice as an emotional design cue that can induce 
positive emotions and motivations in learners, given that displayed instructor enthu-
siasm comprises positive-activating emotions (Keller et al., 2014, 2016) that elicit 
positive affective-motivational states in learners through the emotional conta-
gion effect (Hatfield et al., 1993; Moè, 2016; Plass et al., 2020). Liew et al. (2017) 
revealed that nonverbal cues, including facial expression, gesture, and voice con-
veying enthusiasm elevated learners’ positive emotions and intrinsic motivation. 
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Likewise, across three experiments, Wang et  al. (2022) found that a pedagogical 
agent’s positive emotional tone exhibiting a smiling facial expression and an enthu-
siastic voice evoked higher positive emotions and motivation than a neutral emo-
tional tone displaying a neutral facial expression and a calm voice. From the Cogni-
tive Affective Model of E-learning model perspective, Horovitz and Mayer (2021) 
showed that an instructor’s expressed happiness was associated with higher learners’ 
positive affect (happiness) and motivation. On the other hand, Beege et al. (2020) 
revealed that an enthusiastic voice than a neutral voice enhanced learners’ positive-
activating emotional states in the pre-study but not in the main experiment. The 
researchers argued that enthusiasm cues through voice alone without other nonver-
bal cues such as facial expression and body gestures might not be strong enough to 
influence learners to report higher positive emotional states consciously. This study 
extends the affective-motivational effects of voice enthusiasm to a modern text-to-
speech voice by testing the following hypotheses:

H3(a): Learners will report significantly more positive emotions than their base-
line positive emotions after listening to Alexa’s enthusiastic voices.
H3(b): Learners listening to Alexa’s enthusiastic voices will report significantly 
more positive emotions after the learning engagement than learners listening to 
Alexa’s neutral voice.
H3(c): Learners listening to Alexa’s enthusiastic voices will report significantly 
higher intrinsic motivation than learners listening to Alexa’s neutral voice.

4.4  Alexa’s voice enthusiasm effect on cognitive load ratings

Research has revealed that emotional design features (e.g., warm colors and anthro-
pomorphic images) have a robust effect in decreasing perceived difficulty, plausibly 
due to the "what is beautiful is usable" effect (Tractinsky et al., 2000); that is, the 
attractive aesthetics in a multimedia learning environment compel learners to per-
ceive the learning topics or materials as easier to process (Brom et al., 2018; Wong 
& Adesope, 2021). Enthusiastic voices can be considered an appealing emotional 
design cue (Beege et al., 2020); hence, they may decrease perceived difficulty. How-
ever, the scant research generally demonstrated that voice enthusiasm was not asso-
ciated with reduced perceived difficulty, including intrinsic and extraneous cognitive 
load ratings (Liew et al., 2017, 2020; Wang et al., 2022). Contrariwise, Beege et al. 
(2020) found evidence that voice enthusiasm could lead to decreased extraneous 
cognitive load ratings (perceived difficulty in processing the learning materials due 
to the instructional design features), albeit only for learners experiencing low mental 
load. On the other hand, voice enthusiasm led to increased extraneous cognitive load 
ratings for learners experiencing high mental load. This study observes voice effects 
research (Beege et  al., 2020; Davis et  al., 2019; Liew et  al., 2020) in distinguish-
ing perceived difficulty to intrinsic cognitive load ratings (perceived difficulty based 
on the learning topic) and extraneous cognitive load ratings (perceived difficulty 
based on the instructional design). This study explores the potential of Alexa’s voice 
enthusiasm in reducing perceived difficulty by evaluating the following hypotheses:
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H4(a): Learners listening to Alexa’s enthusiastic voices will report significantly 
lower intrinsic cognitive load ratings than learners listening to Alexa’s neutral 
voice.
H4(b): Learners listening to Alexa’s enthusiastic voices will report significantly 
lower extraneous cognitive load ratings than learners listening to Alexa’s neutral 
voice.

The literature indicates that voice enthusiasm effect on germane cognitive load 
ratings (subsumes generative processing contributing to schemata construction and 
understanding of the learning materials) is not robust and may be susceptible to 
confounding factors. For instance, Beege et al. (2020) revealed that voice enthusi-
asm could enhance germane cognitive load, but only for learners experiencing low 
than high mental load. Wang et  al. (2022) found that a pedagogical agent’s posi-
tive emotional tone, including an enthusiastic voice, was associated with higher ger-
mane load ratings in only one of three conducted experiments. Further, the voice 
enthusiasm effect on germane cognitive load ratings should be considered within a 
non-native language speaker context (see Sect. 3.4). Empirical findings have indi-
cated that multimedia learning narrations using strong-prosodic voices, including an 
enthusiastic voice, were associated with lower germane cognitive load among non-
native English speakers (Davis et al., 2019; Liew et al., 2020). As this study’s design 
involves non-native English speakers engaging with the multimedia lesson delivered 
in English, the following hypothesis will be examined:

H4(c): Learners listening to Alexa’s enthusiastic voices will report significantly 
lower germane cognitive load ratings than learners listening to Alexa’s neutral 
voice.

4.5  Alexa’s voice enthusiasm effect on learning performance

Studies based on the Cognitive Affective Model of E-learning and the Positivity 
Principle revealed that a virtual agent or human instructor’s expressed positive than 
neutral or negative emotional tones in a multimedia learning environment did not 
improve learning performance, plausibly because the immediate posttests were not 
sensitive enough for assessing deep learning effects (Horovitz & Mayer, 2021; Law-
son et  al., 2021a, b; Wang et  al., 2022). Conversely, Liew et  al. (2016) and Liew 
et al. (2020) revealed that voice enthusiasm led to better transfer scores measured 
through immediate posttest. Beege et  al. (2020) found that voice enthusiasm was 
associated with higher learning scores assessed through an immediate posttest; spe-
cifically, recognition posttest (multiple-choice) for learners experiencing low mental 
load. This study aims to contribute insights into the mixed findings by examining 
the following hypothesis:

H5: Learners listening to Alexa’s enthusiastic voices will perform significantly 
better on the posttest than learners listening to Alexa’s neutral voice.
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5  Method

5.1  Research design

This study adopted a between-subjects experimental design in which learners 
engaged with a multimedia learning environment narrated by one of the four Alexa’s 
voices: (1) neutral (no enthusiasm), (2) low-enthusiasm, (3) medium-enthusiasm, 
and (4) high-enthusiasm. The experiment was conducted through Alchemer, an 
online survey tool incorporating the multimedia lesson, survey, and posttest.

5.2  Multimedia learning environment and Alexa’s voices

Adobe Animate was used to develop a 196-s animation explaining how a distributed 
denial-of-service (DDoS) attack occurs (see Fig.  3). The learning content script, 
presented in Appendix A, had a Flesch-Kincaid Grade Level of 9.7, aligning with 
the university student’s comprehension difficulty. We converted the learning con-
tent to Alexa’s spoken voice narrations through the text-to-speech function in the 
Amazon Alexa Developer Console environment (see Fig. 4). We programmed the 
text-to-speech application to set Alexa’s emotional tone to neutral, low-enthusiastic, 
medium-enthusiastic, and high-enthusiastic. The Alexa’s voice samples are pre-
sented below:

1. Alexa’s neutral voice (sample: https:// youtu. be/ pTzkb uVQfOw)
2. Alexa’s low-enthusiastic voice (sample: https:// youtu. be/ 84Reh 8xkxhk)
3. Alexa’s medium-enthusiastic voice (sample: https:// youtu. be/ GJkTw zdVjFs)
4. Alexa’s high-enthusiastic voice (sample: https:// youtu. be/ mIJ_K_ 3evys)

Fig. 3  The multimedia learning environment
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5.3  Instruments

This study utilized a ten-point Likert scale survey for assessing learners’ prior 
knowledge concerning the instructional topic (average of items’ scores) compris-
ing three items: (1) How much knowledge about Distributed Denial of Service 
(DDOS) do you have? (2) How much understanding of Distributed Denial of Ser-
vice (DDOS) do you have? and (3) How much familiarity with Distributed Denial 
of Service (DDOS) do you have? Learners’ English proficiency was measured by 
averaging the items’ scores of a ten-point Likert scale survey with four items: (1) 
"How proficient are you in the English language?" (2) "How skillful are you in the 
English language?,"

(3) "How good are you at understanding the spoken dialogue of the English 
language?," and (4) "How familiar are you with listening to the spoken English 
language?".

Alexa’s perceived voice enthusiasm scores (average of items’ scores) were 
assessed using a ten-point Likert scale asking learners to indicate their agreement 
with the following items: (1) Alexa’s voice was full of enthusiasm, and (2) Alexa’s 
voice showed enthusiasm. Following Emotional Design studies (Liew et al., 2017), 
learners’ positive emotions were measured as a total score based on the ten items 
defining various positive feelings through the Positive Affect Scale (PAS). This 
study used the seven-point Likert scale intrinsic motivation scale consisting of eight 
items to measure learners’ intrinsic motivation scores (sum of all items’ scores) 
(Liew et  al., 2017; Plass et  al., 2020). Similar to recent research examining voice 
effects on cognitive load (Davis et al., 2019), this study utilized Leppink’s eleven-
point Likert scale (Leppink et  al., 2013) to measure intrinsic load (three items), 
extraneous load (three items), and germane load (four items). The reliability analysis 
indicated that all the abovementioned scales were reliable (α > 0.7).

Fig. 4  The Amazon Alexa Developer console
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Learning performance was assessed through immediate retention and trans-
fer posttests. The first retention question asked why a perpetrator would conduct a 
DDoS attack — one score was awarded for each correct answer, including mon-
etary, fun, or political factors. The second retention question asked about the DDoS 
attack’s seven steps, with one score granted for each right step. The transfer test 
comprised the three questions: (1) If you are an attacker, how would you make a 
DDOS attack more effective? (2) If you are a server administrator, how would you 
prevent (avoid) a DDOS attack? and (3) If you are a computer user, how would you 
prevent (avoid) the risk of your personal computers or other personal devices from 
getting infected and becoming botnets? One mark was awarded for each acceptable 
answer, such as infusing a Trojan virus in an unsecured website or on the router 
(transfer question 1); updating antivirus and firewall, promoting security awareness, 
or doing a routine check-up (transfer question 2); and ignoring suspicious emails, 
activating antivirus and firewall, or performing regular updates on antivirus (transfer 
question 3). Two examiners followed a scoring guide rubric to score the answers 
blind to the conditions and resolved any score difference through discussion.

5.4  Participants and the online experiment

Learners’ diverse cultural traits, linguistic profile, prior subject knowledge, and edu-
cational background can differently influence the effects of features aimed at evoking 
affective-motivational and cognitive changes in a multimedia learning environment 
(Brom et al., 2017, 2018; Davis et al., 2019; Wong & Adesope, 2021). Therefore, 
this study aimed to involve learners with similar educational profiles, linguistic 
ability, and prior knowledge. To this end, we sampled only business majors from 
a large private Asian university that uses English as a medium of instruction. The 
non-IT majors generally had low prior knowledge of the instructional topic (novice 
learners) while sharing similar English proficiency and academic background. Sec-
tion 6.1 describes more thoroughly the demographic data of this study’s learners.

We posted an invitation to participate in the study in exchange for an e-voucher, 
instructions, and the Alchemer’s (online survey platform) access link on the univer-
sity’s business student social media groups on Facebook, Google Classroom, and 
Whatsapp. The instructions asked the learners to: (1) use desktop or laptop instead 
of mobile devices, (2) use headphones, earphones, or high-quality speakers, and (3) 
engage with the learning activity in a non-distractive environment. Business majors 
accessed the link to Alchemer, logon into the online survey platform to engage 
with the multimedia lesson, and completed the self-reported surveys and posttest. 
The following describes in more detail the experimental process via the Alchemer 
platform:

1. The platform had an auto-detection system that authorized only log-on through 
desktop or laptop than mobile devices.

2. Learners log on to Alchemer using their university’s student email account. We 
set the platform to allow only one login per student to prohibit multiple attempts.

3. Learners read and indicated informed consent by clicking on the checkbox.
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4. As an audio test, learners listened to the platform’s spoken code ("LAPPY") and 
must type in the correct code into the system to proceed to the next section.

5. Learners filled out the survey on demographics, DDoS prior knowledge, and 
baseline positive emotions (Positive Affect Scale).

6. Learners were automatically randomized by the platform to engage with either 
one of the four multimedia lessons featuring (1) Alexa’s neutral voice version, 
(2) Alexa’s low-enthusiastic voice version, (3) Alexa’s medium-enthusiastic voice 
version, or (4) Alexa’s high-enthusiastic voice. Learners could replay the multi-
media lesson within ten minutes but could not view it once they had accessed the 
next section.

7. Learners filled out the survey on Alexa’s emotional tone, Alexa’s persona rat-
ings (Agent Persona Inventory), learner’s emotional state (Positive Affect Scale), 
intrinsic motivation, and cognitive load (Leppink’s scale: intrinsic, extraneous, 
and germane load).

8. Learners answered the posttest questions via text box. The time limit for the 
posttest was three minutes for Retention Question 1 and eight minutes each for 
Retention Question 2, Transfer Questions 1, Transfer Questions 2, and Transfer 
Questions 3. This section reminded learners not to acquire answers externally and 
assured learners that their performance would not affect their grades outside of 
the experiment.

9. The last section of the survey platform thanked and debriefed the learners.

Two hundred forty-four (n = 244) valid learner’s data was collected after discard-
ing those who stayed on the respective multimedia lesson section for less than the 
animation’s 196 s. All learners were aged between 17 and 25 and reported business 
majors.

6  Data analyses and results

6.1  Learners’ profile

Table 1 presents the learners’ profiles. The demographics data generally conforms 
with the representative profile of undergraduate business majors in a large Malay-
sian private university sampled in this study. All learners were aged between 17 
and 25. Most of the learners were females, which aligns with the higher number 
of females than male undergraduates within business courses in Malaysian higher 
learning institutions. The majority of this study’s learners were of the Chinese eth-
nicity, cohering with Malaysian private universities and colleges being predomi-
nantly populated with Malaysian Chinese students. The data indicate that about half 
of the learners were pursuing their Diplomas while the others were in their Degree 
programs. Concerning the majors of the business courses, the learners in this study 
mostly reported general business administration (Diploma program), followed by 
banking and finance, international business, marketing, human resource, knowledge 
management, and accounting. Expectedly, the business majors generally had low IT 
knowledge — the data in Sect. 6.3 shows that the mean and median of the learners’ 
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Table 1  Learners’ profile Learners’ profile Percentage

Gender
  Male (n = 77) 31.6%
  Female (n = 166) 68%
  Undisclosed (n = 1) 0.4

Race
  Chinese (n = 203) 83.2%
  Malay (n = 17) 7.0%
  Indian (n = 18) 7.4%
  Other (n = 6) 2.5%

Age
  Range 17–25
  Standard Deviation 1.4
  Average 20 years

Current education level
  Pre-University (n = 2) 0.8%
  Diploma (n = 127) 52.0%
  Bachelor’s Degree (n = 115) 47.1%

Study major
  Accounting (n = 3) 1.2%
  Banking and Finance (n = 42) 17.2%
  Human Resource (n = 18) 7.4%
  International Business (n = 41) 16.8%
  Knowledge Management (n = 12) 4.9%
  Marketing (n = 30) 12.3%
  Business studies (general) (n = 98) 40.2%

State / City
  Johor (n = 58) 23.8%
  Kedah (n = 4) 1.6%
  Kelantan (n = 1) 0.4%
  Melaka (n = 19) 7.8%
  Negeri Sembilan (n = 32) 13.1%
  Pahang (n = 2) 0.8%
  Penang (n = 8) 3.3%
  Perak (n = 5) 2.0%
  Perlis (n = 1) 0.4%
  Sabah (n = 3) 1.2%
  Sarawak (n = 4) 1.6%
  Selangor (n = 69) 28.3%
  Terengganu (n = 4) 1.6%
  Undisclosed (n = 34) 13.9%
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prior knowledge scores regarding the instructional topic of the denial-of-service 
attack were 2.66 (on a ten-point Likert scale), affirming that the participants were 
novice learners.

Approximately 45 percent of the learners were from the southern region of Pen-
insular Malaysia, comprising Johor, Negeri Sembilan, and Melaka states. This geo-
graphical profile aligns with the fact that the university’s campus, which this study’s 
learners were sampled, is located in Peninsular Malaysia’s southern region. About 
28 percent of the learners were from Peninsular Malaysia’s central region, i.e., Sel-
angor state. Seven percent of the learners were from Peninsular Malaysia’s northern 
part comprising Perlis, Kedah, and Penang Perak states. Approximately 3 percent of 
the learners were from Peninsular Malaysia’s east coast region comprising Kelantan, 
Pahang, and Terengganu states. Another 3 percent of the learners were from East 
Malaysia, comprising Sabah and Sarawak states.

As this study’s learners were mostly Malaysian Chinese, it is worth pointing out 
that they are likely to have attended Chinese vernacular schools that observe a pre-
dominant usage of the Mandarin language within the educational settings, despite 
the English language being compulsory taught as a subject. Implicatively, the sam-
ple learners were regarded as mostly non-native English speakers. However, it is 
also worth noting that learners were required to possess International English Lan-
guage Testing System scores ranging from 5.0 to 7.0 or equivalent for admissions at 
the private university. Thus, the sample learners were sufficiently adept in writing, 
speaking, and listening to the English language. The data in Sect. 6.4 support this, 
indicating the mean and median of learners’ self-reported English proficiency scores 
as 5.83 and 5.50, respectively (on a ten-point Likert scale). Nonetheless, the learners’ 
English proficiency standards could vary depending on socio-economic profiles and 
geographical locations. Malaysian learners from middle-upper and upper-income 
backgrounds and major cities or urban areas tend to have higher English proficiency 
than others. In light of this, we examined whether the English proficiency levels dif-
fer between Alexa’s voice conditions in the subsequent analysis (Sect. 6.4) to check 
if English proficiency standards can confound this study’s findings.

6.2  Descriptive data

Table 2 shows the means and standard deviations of the dependent measures.

6.3  Do learners’ prior knowledge about the instructional topic differ 
between the Alexa’s voice conditions?

The mean and median of the learners’ prior knowledge scores were both 2.66 (on 
a ten-point scale), indicating that this study’s participants were novice learners. A 
one-way ANOVA revealed that the learners’ prior knowledge about the instruc-
tional topic did not significantly differ between the four Alexa’s voice conditions, 
F(3,240) = 0.97, p = 0.41. Thus, the random assignment effectively created condi-
tions equivalent in the learner’s prior knowledge about the instructional topic.
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6.4  Do learners’ English proficiency level differ between the Alexa’s voice 
conditions?

The mean and median of learners’ self-reported English proficiency scores were 
5.83 and 5.50, respectively (on a ten-point scale). A one-way ANOVA found that 
the learners’ English proficiency scores did not significantly vary between the 
four Alexa’s voice conditions, F(3,240) = 1.49, p = 0.22. This data implies that the 
random assignment effectively created conditions equivalent in the learner’s Eng-
lish proficiency.

6.5  Do learners’ baseline positive emotions differ between the Alexa’s voice 
conditions?

A one-way ANOVA found that learners’ baseline positive emotions did sig-
nificantly not differ between the four Alexa’s voice conditions, F(3,240) = 0.00, 
p = 0.99. Thus, the random assignment effectively created conditions equivalent 
in the learners’ baseline positive emotions.

6.6  Do learners infer more voice enthusiasm from Alexa’s enthusiastic voices 
than Alexa’s neutral voice

A series of independent-samples t-tests was conducted to compare learners’ per-
ceived Alexa’s enthusiasm between Alexa’s neutral voice and each Alexa’s enthu-
siastic voice (low-, medium-, and high-enthusiasm). Learners did not regard 
Alexa’s low-enthusiastic voice as more enthusiastic than Alexa’s neutral voice, 
t(125) = 0.57, p = 0.57, d = 0.09. However, compared to Alexa’s neutral voice, 
learners reported significantly higher perceived voice enthusiasm for Alexa’s 
medium-enthusiastic voice, t(127) = 1.95, p = 0.05, d = 0.34, and high-enthusias-
tic voice, t(110) = 2.35, p = 0.02, d = 0.45. Thus, learners could infer significantly 
more voice enthusiasm from Alexa medium- and high-enthusiastic voices than 
from Alexa’s neutral voice. However, learners did not sense significantly more 
voice enthusiasm from Alexa’s low-enthusiastic voice than Alexa’s neutral voice. 
H1, which predicted that learners could infer significantly more voice enthusi-
asm from Alexa’s enthusiastic voices than Alexa’s neutral voice, was endorsed for 
Alexa’s medium- and high-enthusiastic voices.

6.7  Do learners report higher Alexa’s persona ratings with Alexa enthusiastic 
voices than Alexa’s neutral voice?

This study conducted a series of independent-samples t-tests to compare Alexa’s 
persona ratings per the Agent Persona Inventory’s four subcomponents (Bay-
lor & Kim, 2009) between Alexa’s neutral voice and each Alexa’s enthusiastic 
voice (low-, medium-, and high-enthusiasm). Compared to Alexa’s neutral voice, 
Alexa’s low-enthusiastic voice did not significantly enhance Alexa’s persona 
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ratings concerning facilitating learning, t(125) = 0.13, p = 0.89, d = 0.03; credibil-
ity, t(125) = 1.29, p = 0.2, d = 0.23; human-like, t(123.6) = 0.85, p = 0.4, d = 0.15; 
and engaging, t(125) = 0.386, p = 0.7, d = 0.07. Similarly, learners did not accord 
Alexa’s medium-enthusiastic voice with significantly more positive persona rat-
ings regarding facilitating learning, t(125.92) = 0.21, p = 0.83, d = 0.05; credibil-
ity, t(127) = 1.21, p = 0.23, d = 0.22; human-like, t(127) = 0.69, p = 0.49, d = 0.12; 
and engaging, t(127) = 1, p = 0.32, d = 0.18 than Alexa’s neutral voice. Lastly, 
Alexa’s high-enthusiastic than Alexa’s neutral voice did not affect Alexa’s per-
sona ratings differently for facilitating learning, t(110) = 0.15, p = 0.88, d = 0.03; 
credibility, t(110) = 0.06, p = 0.96, d = 0.02; human-like, t(110) = 0.24, p = 0.81, 
d = 0.04; and engaging, t(110) = 0.46, p = 0.65, d = 0.09. Collectively, these 
results did not support H2, which predicted that Alexa’s enthusiastic voices could 
lead to significantly more positive Alexa’s persona ratings than Alexa’s neutral 
voice.

6.8  Do learners report higher affective‑motivational ratings with Alexa 
enthusiastic voices than Alexa’s neutral voice?

This study conducted a series of paired-samples t-tests to assess whether Alexa’s 
voices could prompt learners to report an increase of positive emotions from their 
baseline positive emotions. The results indicated that learners did not experience 
significantly more positive emotions after engaging with the multimedia lesson fea-
turing Alexa’s neutral voice, t(61) = 1.37, p = 0.14, d = 0.11, low-enthusiastic voice, 
t(64) = 1.37, p = 0.17, d = 0.12, and high-enthusiastic voice, t(49) = 1.57, p = 0.12, 
d = 0.13. On the other hand, compared to the learners’ baseline positive emotions 
before the learning engagement, there was a significant increase in learners’ positive 
emotions after engaging with the multimedia lesson that featured Alexa’s medium-
enthusiastic voice, t(66) = 2.99, p = 0.00, d = 0.23. In other words, learners who lis-
tened to Alexa’s medium-enthusiastic voice reported a significant increase of posi-
tive emotions from their baseline positive emotions; thus, H3(a) was only confirmed 
for Alexa’s medium-enthusiastic voice but not for Alexa’s low- and high-enthusiastic 
voices.

Next, we conducted a series of one-way analyses of covariance (ANCOVA) with 
learners’ Positive Affect Scale scores measured before the learning engagement 
added as a covariate to compare learners’ Positive Affect Scale scores measured after 
the learning engagement between Alexa’s neutral voice and each Alexa’s enthusias-
tic voice (low-, medium-, and high-enthusiasm). The results revealed that in com-
parison with Alexa’s neutral voice, Alexa’s low-enthusiastic voice, F(1,124) = 0.04, 
p = 0.84, ηp

2 = 0.00, medium-enthusiastic voice, F(1,126) = 1.27, p = 0.26, ηp
2 = 0.01, 

and high-enthusiastic voice, F(1,109) = 0.07, p = 0.79, ηp
2 = 0.00, did not evoke sig-

nificantly higher positive emotions. Collectively, these results refuted H3(b) that 
learners listening to Alexa’s enthusiastic voices would report significantly more pos-
itive emotions than learners listening to Alexa’s neutral voice.

This study performed a series of independent-samples t-tests to compare learn-
ers’ intrinsic motivation scores between Alexa’s neutral voice and each Alexa’s 
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enthusiastic voice (low-, medium-, and high-enthusiasm). The results demonstrated 
that compared to Alexa’s neutral voice, learners did not report higher intrinsic 
motivation with Alexa’s low-enthusiastic voice, t(125) = 0.99, p = 0.32, d = 0.17, 
medium-enthusiastic voice, t(126.4) = 0.99, p = 0.87, d = 0.10, and high-enthusiastic 
voice, t(110) = 0.16, p = 0.55, d = 0.02. Collectively, these findings rejected H3(c) 
that Alexa’s enthusiastic voices than neutral voice would significantly enhance 
learners’ intrinsic motivation ratings.

6.9  Do learners report different cognitive load ratings with Alexa enthusiastic 
voices than Alexa’s neutral voice?

A series of independent-samples t-tests was conducted to compare learners’ cogni-
tive load ratings via Leppink’s scale differentiating intrinsic, extraneous, and ger-
mane cognitive load ratings (Leppink et al., 2013) between Alexa’s neutral voice and 
each Alexa’s enthusiastic voice (low-, medium-, and high-enthusiasm). The results 
showed that compared to Alexa’s neutral voice, Alexa’s low-enthusiastic voice sig-
nificantly lowered learners’ intrinsic cognitive load ratings, t(125) = 2.18, p = 0.16, 
d = 0.39. However, Alexa’s medium-enthusiastic voice, t(127) = 1.42, p = 0.16, 
d = 0.25, and Alexa’s high-enthusiastic voice, t(83.03) = 1.48, p = 0.14, d = 0.29 did 
not differently impact learners’ intrinsic cognitive load ratings than Alexa’s neutral 
voice. Thus, H4(a), which predicted that Alexa’s enthusiastic voices than neutral 
voice would significantly reduce learners’ intrinsic cognitive load ratings, was only 
endorsed for Alexa’s low-enthusiastic voice.

Compared to Alexa’s neutral voice, learners’ extraneous cognitive load ratings 
were significantly decreased with Alexa’s low-enthusiastic voice, t(125) = 2.26, 
p = 0.03, d = 0.40, and with Alexa’s high-enthusiastic voice, t(110) = 2.21, p = 0.03, 
d = 0.42. However, Alexa’s medium-enthusiastic voice did not affect learners’ extra-
neous cognitive load ratings differently than Alexa’s neutral voice, t(117.76) = 1.50, 
p = 0.13, d = 0.27. Hence, H4(b), which predicted that Alexa’s voice enthusiasm 
would significantly reduce learners’ extraneous cognitive load ratings, was only 
affirmed for Alexa’s low-enthusiastic voice and Alexa’s high-enthusiastic voice.

Compared to Alexa’s neutral voice, learners’ germane cognitive load ratings were 
not impacted differently by Alexa’s low-enthusiastic voice, t(125) = 0.01, p = 0.99, 
d = 0.00, medium-enthusiastic voice, t(127) = 0.80, p = 0.42, d = 0.14, and high-
enthusiastic voice, t(110) = 0.76, p = 0.45, d = 0.14. Therefore, these results refuted 
H4(c), which predicted that Alexa’s enthusiastic voices would significantly reduce 
learners’ germane cognitive load ratings than Alexa’s neutral voice among non-
native English speakers.

6.10  Do learners perform better on the posttest with Alexa enthusiastic voices 
than Alexa’s neutral voice?

This study performed a series of independent-samples t-tests to compare learners’ 
retention scores and transfer scores between Alexa’s neutral voice and each Alexa’s 
enthusiastic voice (low-, medium-, and high-enthusiasm).
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Concerning retention scores, learners did not perform better with Alexa’s low-
enthusiastic voice, t(120.11) = 0.33, p = 0.74, d = 0.06, medium-enthusiastic voice 
t(127) = 0.30, p = 0.76, d = 0.05, or high-enthusiastic voice, t(83.10) = 1.14, p = 0.26, 
d = 0.22, than Alexa’s neutral voice. Likewise, for transfer scores, Alexa’s low-
enthusiastic voice, t(125) = 0.33, p = 0.35, d = 0.17, medium-enthusiastic voice 
t(127) = 0.24, p = 0.82, d = 0.04, and high-enthusiastic voice, t(110) = 0.55, p = 0.59, 
d = 0.10, did not lead to better performance than Alexa’s neutral voice. These results 
rejected H5 that Alexa’s enthusiastic voices would significantly enhance learners’ 
posttest performance than Alexa’s neutral voice, plausibly because using immedi-
ate rather than delayed posttest may not provide adequate sensitivity to discern deep 
learning effects (Horovitz & Mayer, 2021; Lawson et  al., 2021a, b; Wang et  al., 
2022).

6.11  Summary of findings

Table  3 summarizes Alexa’s voice enthusiasm effects on social, affective-motiva-
tional, cognitive, and learning outcomes.

7  Discussion

Extending the Cognitive Affective Model of E-learning model to modern text-to-
speech voice, this study found that learners inferred more expressed enthusiasm pro-
jected by Alexa’s medium- and high-enthusiastic voices than Alexa’s neutral voice. 
Noteworthy, the learners did not assign higher enthusiasm ratings for Alexa’s low-
enthusiastic voice than Alexa’s neutral voice. Therefore, a modern text-to-speech 
voice enthusiasm’s intensity seems to be a significant factor. Alexa’s low-enthusi-
astic voice might not have exhibited a strong enough enthusiasm cue for learners to 
recognize the emotional tone differently from Alexa’s neutral voice. Generally, this 
study highlights the modern text-to-speech vocalizer’s potential in conveying syn-
thetic emotional cues, such as voice enthusiasm, that are sufficiently natural, realis-
tic, and expressive for learners to decipher the emotional tones accurately.

However, Alexa’s voice enthusiasm did not enhance Alexa’s persona ratings as 
predicted by the Positivity Principle (Lawson & Mayer, 2021), which was surpris-
ing in light of recent studies highlighting the prospect of positive and active emo-
tional tones (such as enthusiasm) for elevating instructor’s persona ratings compared 
to negative and passive emotional tones (Lawson et al., 2021a, b) and neutral/calm 
emotional expression (Liew et al., 2017, 2020). This observation could be attributed 
to the notion that while Alexa’s neutral voice does not exude high-activating (high-
arousal) emotional expression like Alexa’s enthusiastic voices, the neutral voice, 
regardless, has a warm and friendly tone expressing positive valence and favorable 
social signals to the learners, thereby eliciting similar persona ratings for Alexa’s 
enthusiastic and neutral voices. Indeed, learners assigned Alexa’s persona ratings 
relatively high for facilitating learning, credibility, human-like, engaging across all 
of Alexa’s voices (means indicating above 3.5 out of 7), thereby substantiating the 
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premise that learners could build positive social connections with contemporary 
text-to-speech voices, irrespective of synthetic enthusiasm cues. Implicatively, an 
instructor’s persona ratings may not necessarily be influenced by arousal (active/pas-
sive) as much as valence (positive/negative) cues expressed by a modern text-to-
speech voice.

Based on the Integrated-Cognitive Affective Model of Learning with Multimedia 
(Plass & Kaplan, 2015), voice enthusiasm can be regarded as an emotional design 
feature in a multimedia learning environment that potentially evokes more positive 
emotions and intrinsic motivation in learners (Beege et al., 2020; Liew et al., 2017; 
Wang et al., 2022). This premise resonates with the literature on instructor’s enthu-
siasm in classroom settings where an enthusiastic teaching style exudes positive-
activating emotions such as joy, excitement, and pleasure toward the learning sub-
ject (Keller et al., 2016), subsequently impacting learners’ emotional states, interest, 
and motivation (Keller et  al., 2014, 2016; Kunter et  al., 2011, 2013; Moè, 2016). 
However, this study’s results rendered partial empirical support for this notion. 
Notably, while Alexa’s medium-enthusiastic voice prompted learners to report a sig-
nificant increase in positive emotions compared to their baseline positive emotions, 
each Alexa’s enthusiastic voice did not cause learners to experience more positive 
emotions compared to Alexa’s neutral voice. At the same time, Alexa’s enthusias-
tic voices did not elevate learners’ intrinsic motivation ratings compared to Alexa’s 
neutral voice. Collectively, this findings contravene prior research demonstrating 
that learners’ positive emotions and intrinsic motivation could boost when a peda-
gogical agent expressed more enthusiastic than neutral/calm non-verbal cues (Liew 
et al., 2017; Wang et al., 2022). On the other hand, this study parallels Beege et al. 
(2020)’s main experiment revealing that an enthusiastic voice than a neutral voice 
did not lead learners to report higher positive-activating emotions. As noted by 
Beege et  al. (2020), enthusiasm cues derived from voice alone may not be strong 
enough to prompt learners to consciously perceive and thus assign more positive 
affective-motivational ratings, unlike enthusiasm cues exhibited through full-range 
nonverbal expressions encompassing facial display, voice, and body gesture (Liew 
et al., 2017; Wang et al., 2022).

This study revealed a nuanced picture concerning the cognitive load effects of 
Alexa’s voice enthusiasm. More specifically, Alexa’s low-enthusiastic voice reduced 
learners’ intrinsic cognitive load and extraneous cognitive load ratings compared to 
Alexa’s neutral voice. Whereas, Alexa’s high-enthusiastic than neutral voice contributed 
to lower learners’ extraneous cognitive load ratings. Interestingly, similar effects were 
not manifested with Alexa’s medium-enthusiastic voice; that is, the medium-enthusi-
astic voice did not differently affect learners’ perceived difficulty ratings regarding the 
learning topic (intrinsic cognitive load) and how the information was presented (extra-
neous cognitive load) compared to Alexa’s neutral voice. Situated within the Emotional 
Design model, learners might have perceived Alexa’s low- and high-enthusiastic voices 
as aesthetically pleasing, prompting the learners to superficially regard the instructional 
subject and the multimedia presentation as easier to understand due to the "what is 
beautiful is usable" bias (Brom et al., 2018; Tractinsky et al., 2000). Nevertheless, the 
Emotional Design interpretation can not be regarded as definitive, constrained by the 
weak effects of Alexa’s voice enthusiasm on learners’ affective-motivational ratings. 

1479Education and Information Technologies (2023) 28:1455–1489



1 3

Thus, Alexa’s voice enthusiasm effects in decreasing perceived difficulty (intrinsic and 
extraneous cognitive load ratings) might also be attributed to other mechanisms, such 
as the Dr. Fox effect, in which an enthusiastic instructor’s charisma and expressiveness 
can "seduce" learners to believe superficially that they have learned significantly from 
the course (Keller et al., 2016) or that voice enthusiasm can capture learners’ attention 
more effectively while reducing their tendency to become distracted by other stimuli 
(Moe et al., 2021). The latter point might be particularly relevant to this online study’s 
context (non-laboratory experiment), in which learners might have been exposed to 
environmental distraction that competes for cognitive resources during the learning 
engagement, thereby influencing intrinsic and extraneous cognitive load ratings. This 
study demonstrated that Alexa’s voice enthusiasm did not impact learners’ cognitive 
germane load ratings, failing to reproduce prior findings that strong-prosodic voices 
(e.g., enthusiastic voice) than weak-prosodic voices (e.g., calm voice) could decrease 
germane load among non-native English speakers (Davis et  al., 2019; Liew et  al., 
2020). Hence, this finding implies that the voice enthusiasm effect on germane cogni-
tive load may not be robust due to susceptibility to confounding factors. In support of 
this point, Wang et al. (2022) found that voice enthusiasm influenced learners’ germane 
cognitive load ratings in one experiment but not in the other two experiments, signify-
ing an inconsistent enthusiasm effect on germane cognitive load.

Alexa’s enthusiastic voices did not lead to better learning performance than 
Alexa’s neutral voice. From the Cognitive Affective Model of E-learning model and 
the Positivity Principle perspective (Lawson & Mayer, 2021; Lawson et al., 2021a, 
b, c), Alexa’s voice enthusiasm did not lead to more positive social connections and 
therefore did not lead to enhanced learning performance. On the other hand, this 
finding could also be considered through the Integrated-Cognitive Affective Model 
of Learning with Multimedia and Emotional Design hypothesis (Beege et al., 2020; 
Domagk et al., 2010; Liew et al., 2017; Plass & Kaplan, 2015). Alexa’s voice enthu-
siasm did not evoke more positive emotions and intrinsic motivation and thus did 
not promote learning performance. While Alexa’s voice enthusiasm influenced 
intrinsic and extraneous cognitive load ratings to some degree, Alexa’s enthusiastic 
voices did not lead to better learning performance than Alexa’s neutral voice, even 
though there were significant correlations between intrinsic and extraneous cogni-
tive load ratings and retention scores. Noteworthy, this study’s finding could have 
been attributed to the immediate posttest, which might not have effectively detected 
voice enthusiasm effects on learning outcomes (Wang et al., 2022). A delayed post-
test may be more sensitive for discerning voice effects on learning performance con-
cerning deep learning (Lawson et al., 2021b) and long-term knowledge acquisition 
(Davis et al., 2019).

8  Implications for theory and practice

This study offers a first look into the social, affective-motivational, cognitive, 
and learning effects of a modern text-to-speech voice enthusiasm. As presented 
in Table 3, the data showed that different Alexa voice enthusiasm intensities pro-
duced distinct multimedia learning benefits and outcomes. In summary, Alexa’s 
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low-enthusiastic voice was not inferred by learners as more enthusiastic but could 
positively affect learners’ intrinsic and extraneous cognitive load than the neutral 
voice. Alexa’s medium-enthusiastic voice was recognized as more enthusiastic than 
the neutral voice and could induce learners to experience more positive emotions 
upon the learning engagement compared to their baseline positive emotions. Alexa’s 
high-enthusiastic voice was inferred as more enthusiastic and could positively affect 
learners’ extraneous cognitive load than the neutral voice.

Overall, the research outcomes contribute to contemporary theories surrounding 
voice effects in multimedia learning. First, our findings support an essential con-
jecture in the Cognitive Affective Model of E-Learning by affirming that learners 
can recognize expressed emotional tones by artificial text-to-speech voice, which 
extends from similar effects through human voice emotions (Lawson & Mayer, 
2021). Based on the Social Agency Theory, the original voice principle opposes 
using robotic and monotonous voices produced by classical text-to-speech systems 
as they cannot evoke a sense of social presence in learners (Atkinson et al., 2005; 
Mayer, 2014). However, our findings reinforce Craig and Schroeder (2017)’s and 
(2019)’s proposition that modern text-to-speech engines can now effectively prime 
social connections with learners. From the Integrated-Cognitive Model of Learning 
with Multimedia theory perspective (Plass & Kaplan, 2015), our study renders ini-
tial support for framing synthetic text-to-speech voice enthusiasm as an Emotional 
Design feature because of its ability to elicit changes in learners’ emotional states. 
The artificial voice enthusiasm decreased the learners’ cognitive load, thereby sup-
porting the Emotions as Facilitator perspective that emotional design attributes can 
promote multimedia learning while not imposing nonessential cognitive load (Plass 
& Kalyuga, 2019; Plass & Kaplan, 2015).

At this juncture, we acknowledge that the study’s findings and theoretical scope 
did not provide additional insights into why and how different Alexa’s voice enthu-
siasm intensities can elicit distinct social, affective-motivational, cognitive, and 
learning outcomes. Further theoretical exploration should be conducted to extend 
this study. Social cue’s intensity or strength in a multimedia learning environment 
can influence learners’ social schemata activation differently, consequently leading 
to diverse effects on cognitive load and the selection, organization, integration, and 
retrieval processes during multimedia learning (Schneider et  al., 2021). A text-to-
speech voice enthusiasm intensity may be somewhat linear to a predicted outcome 
— for instance, this study’s learners could infer more enthusiasm tone from Alexa’s 
medium- and high-enthusiastic voices but not from Alexa’s low-enthusiastic voice. 
On the other hand, the data indicate that voice enthusiasm intensity effects on cog-
nitive load factors are less straightforward, thereby warranting further empirical 
research to clarify the theoretical link between cognitive load and voice enthusiasm.

From an educational praxis perspective, Alexa’s persona ratings data gener-
ally support that modern text-to-speech voices can effectively prime learners to 
build social connections with the instructor in the multimedia learning environ-
ment, irrespective of enthusiasm cues. Hence, contemporary vocalizers could be 
acknowledged as ideal for multimedia learning (Craig & Schroeder, 2017, 2019). 
Modern text-to-speech voice can replace human-recorded speech for an easier, more 
rapid, and cheaper multimedia learning production, especially amid the COVID-19 

1481Education and Information Technologies (2023) 28:1455–1489



1 3

pandemic that catalyzes an escalating e-learning demand. Amazon Alexa is pres-
ently one of the scant English language text-to-speech engines that can infuse nat-
ural-sounding emotional tones like enthusiasm and disappointment emotional tones 
into the artificial voice. It is worth noting that the text-to-speech function is nes-
tled within the Amazon Alexa Developer Console environment primarily used by 
developers working on AI voice assistants. Therefore, it is currently not packaged 
as an easy-to-use vocalizer system for general commercial use. Nonetheless, Ama-
zon probably would extend Alexa’s text-to-speech vocalizer service beyond the AI 
voice assistant developers’ sphere for the broader consumer market in the future. 
Emerging text-to-speech service providers (e.g., Typecast.AI and Azure Neural 
Text to Speech) deliver high-quality synthetic emotional voices, including positive 
expressions representing happiness, hope, and excitement, as well as negative tones 
exuding sadness, anger, and terrified state. Because learning is fundamentally social, 
this technological advent potentially augment learning environments with synthetic 
voice emotions, including enthusiasm and disappointment, to align with how human 
instructors strategically express positive and even negative emotional tones for pro-
moting learning in traditional classrooms (Keller et  al., 2016; Kleef et  al., 2011; 
Liew et al., 2022; Tunstall & Gsipps, 1996).

9  Limitations

This study’s findings should be considered in light of this study’s scope and limita-
tions. First, this study employed an online instead of a laboratory experiment. While 
the online experiment promotes higher ecological and external validity, this method 
generally holds lower control for removing extraneous factors that can influence the 
findings. Thus, future laboratory experiments can deliver high internal validity in 
providing precise assessment regarding text-to-speech voice enthusiasm effects on 
social, affective-motivational, cognitive, and learning outcomes. Additionally, repro-
ducing text-to-speech voice enthusiasm with a longer-duration multimedia learn-
ing material can clarify whether extended exposure to a text-to-speech enthusiastic 
voice can cause habituation (Beege et al., 2020) or adverse effects due to learners 
perceiving the synthetic emotion as annoying, uncanny, or fake (Liew et al., 2016).
Future studies in this research stream should consider utilizing a delayed posttest, 
which is more sensitive than an immediate posttest for measuring voice effects on 
deep learning and long-term knowledge acquisition (Davis et al., 2019; Horovitz & 
Mayer, 2021; Lawson et al., 2021b).

We also recognize the research scope and drawbacks of our learners’ profile. 
As this study’s sample learners comprised mostly Malaysian Chinese who are 
non-native English speakers, the findings cannot be generalized to other cultures 
or native English speakers. We collected information about learners’ English pro-
ficiency using a self-reported survey rather than an objective fluency test. This 
may not indicate a sufficiently accurate representation of the learners’ English 
competence. Further, we did not ask about learners’ familiarity with using and 
listening to text-to-speech voices, although this factor may influence the research 
outcomes differently. Because voice effects and sociocultural and linguistic 
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factors are concentric (Davis et al., 2019; Mayer et al., 2003; Rey & Steib, 2013; 
Schneider et al., 2015), further research is needed to explore how text-to-speech 
voice enthusiasm affects learners from diverse cultures and demographic profiles 
differently.

10  Future outlook

We outline some research avenues for expanding the confluence between text-to-
speech technology and multimedia learning. This research specified the text-to-
speech technology’s scope to create a speech for narrating a multimedia learning 
environment. Apart from this function, one of our reviewers pointed out that text-
to-speech applications framed as assistive tools can be particularly valuable for 
special-needs learners with reading and writing challenges (Bone & Bouck, 2017; 
Evmenova & Regan, 2019). This domain advances new questions on how text-
to-speech voice enthusiasm or other emotional tones can benefit and affect these 
learners’ affective-motivational, cognitive load, and learning outcomes. Further-
more, text-to-speech applications have facilitated pronunciation and speaking 
exercises for language learning (Liakin et  al., 2017; Qian et  al., 2018; Shadiev 
et  al., 2018; Zhang & Zou, 2022). Therefore, future research can explore how 
artificial voice emotions can aid language learning.

We recommend future works exploring other text-to-speech emotional tones, 
including negative ones, such as Alexa’s synthetic disappointed or angry voice 
tones for multimedia learning. This recommendation hinges on the emerg-
ing literature accentuating the potential benefits of negative emotional tones in 
augmenting learning effort and performance in a multimedia learning environ-
ment (Jeong et al., 2017; Liew et al., 2022; Sullins et al., 2009), which simulates 
instructors’ strategic use of positive and negative emotional expressions to pro-
mote learning in the educational milieu (Tunstall & Gsipps, 1996; Van Doorn 
et  al., 2014). The state-of-the-art synthetic voice engines like Amazon Alexa, 
Typecast.AI, and Microsoft Azure, which provide myriad artificial emotional 
tones, open up prospects for researchers and practitioners to enrich multimedia 
learning through socio-emotional cues.

The voice principle discourages using foreign-accented voices because learn-
ers may negatively perceive these voices, consequently impeding learning (Mayer, 
2014; Mayer et al., 2003). Nonetheless, an essential caveat is that the voice principle 
considers learners’ linguistic and cultural profiles. Voice dialects can convey famili-
arity cues to learners with specific linguistic and cultural traits, enhancing learning 
interest, effort, and performance (Rey & Steib, 2013). Modern text-to-speech tech-
nologies, e.g., Vonage and Sanas enable natural-sounding voice variants with a wide 
array of dialects and accents (Dale, 2022). Thus, this technology advent gives rise to 
interesting opportunities for researchers and practitioners to explore how matching 
artificial voice accents and dialects with distinct learner linguistic and cultural traits 
can promote affective-motivational, cognitive, and learning outcomes in multimedia 
learning environments.
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Appendix A: Narrated content in the multimedia lesson

Hi! I am Alexa, your virtual tutor!
In this video, we will learn what DDOS is and how DDOS attacks servers. DDOS 

refers to distributed denial of service. DDOS is a cyber-attack on a specific server or 
network to disrupt daily operations by sending fake requests to overwhelm the server 
or network. The reason causing DDOS is that the attacker does it for financial reasons, 
stealing classified data for sale to other parties, or political reasons like the attacker 
does not like the target, or the attacker does it for fun.

In this section, we will learn how DDOS attacks a server. Here we have a web 
server. This web server could be owned by companies that sell their products or show 
information about their company over the internet. Here we have some clients search-
ing the website for a product, service, or information.

To begin a DDOS, the attacker will develop malicious software as a trojan horse 
and embed it into an email attachment. Then the attacker starts sending large volumes 
of infected emails to all addresses. If a user opens the email attachment, the trojan will 
infect the PC and spread through the internal network without warning. So now, all 
infected PCs will become an army of other infected devices to perform a DDOS attack. 
This army of infected devices is called botnets. Botnets could be hundreds or thousands 
of infected devices scattered worldwide.

Now, these botnets can be controlled like an army and waiting to receive instructions 
from the attacker, like a centralized command and control center. Then the attacker can 
send out attack commands to the controller that controls the botnets. The attacker can 
give an order to the controller to tell the botnets to attack a server at a specific time and 
date. Once the set time reaches, the attack will begin. The botnet will start constantly 
sending fake synchronize message requests to the server.

Once the server receives the spoofed synchronize, the server will send a synchronize 
acknowledge back. We know that the synchronize requests sent by the botnets are fake. 
Synchronize acknowledgments sent by the server will go to an unknown place, and the 
connections could not establish. This action will eat up server resources like CPU and 
network bandwidth. In the end, the server breaks down. At this moment, the attacker 
has access to the server to steal classified company information, purchasing records, or 
customer data stored in that server.
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