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Abstract
Aims: Users’ empathy towards artificial agents can be influenced by the agent’s expression of emotion. To date, most studies have used a 
Wizard of Oz design or manually programmed agents’ expressions. This study investigated whether autonomously animated emotional 
expression and neural voices could increase user empathy towards a Virtual Human.
Methods: 158 adults participated in an online experiment, where they watched videos of six emotional stories generated by ChatGPT. For 
each story, participants were randomly assigned to a virtual human (VH) called Carina, telling the story with either (1) autonomous expressive 
or non-expressive animation, and (2) a neural or standard text-to-speech (TTS) voice. After each story, participants rated how well the 
animation and voice matched the story, and their cognitive, affective, and subjective empathy towards Carina were evaluated. Qualitative 
data were collected on how well participants thought Carina expressed emotion.
Results: Autonomous emotional expression enhanced the alignment between the animation and voice, and improved subjective, cognitive, 
and affective empathy. The standard voice was rated as matching the fear and sad stories better, the sad animation was better, creating 
greater subjective and cognitive empathy for the sad story. Trait empathy and ratings of how well the animation and voice matched the story 
predicted subjective empathy. Qualitative analysis revealed that the animation conveyed emotions more effectively than the voice, and 
emotional expression was associated with increased empathy.
Conclusion: Autonomous emotional animation of VHs can improve empathy towards AI-generated stories. Further research is needed on 
voices that can dynamically change to express different emotions.
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1. Introduction
The current landscape of embodied conversational agents is rapidly evolving. Before the advent of large language models, agents’ 
scripts were all pre-written by human programmers; now agents’ speech can be generated by large language models, meaning 
conversations can flow more smoothly and responses can be more tailored. Another change has been in agents’ expression of facial 
emotions; in the past, these were predefined by programmers, whereas now agents’ expressions can be automatically generated in 
real-time. A third change has been the development of more natural-sounding artificial voices, known as neural voices. To date, little 
research has examined whether automatically generated language, emotional expressions, and neural voices are perceived as 
accurately matching the agent’s intended emotional state. If there is a perceived mismatch between the agent’s channels of 
emotional expression (i.e. its spoken words, voice, body gestures and facial expressions), users may not be able to feel empathy 
towards the agent, which can negatively affect the relationship between agents and humans. This study aimed to address this gap.

The key contribution of this paper is to test user perceptions of a humanlike agent designed to autonomously express nonverbal 
behaviours that match the content of its speech, using neural and standard voices. The study examines the impact of combining the 
output of large language models, synthetic voices, autonomous expressions of facial emotions and gestures on users’ empathy for six 
different emotions. A user study was conducted with 158 adults who evaluate emotional stories that randomly differ in non-verbal 
animation and voice. The next part of the introduction focuses on related work, describing the background and rationale for the 
study, as well as its aims and scope, research questions, and hypotheses. It sets the context for the study and outlines its importance 

© The Author(s) 2026. This is an Open Access article licensed under a Creative Commons Attribution 4.0 International License 
(https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, sharing, adaptation, distribution and reproduction in 

any medium or format, for any purpose, even commercially, as long as you give appropriate credit to the original author(s) and the source, provide a 
link to the Creative Commons license, and indicate if changes were made.

https://crossmark.crossref.org/dialog?doi=10.70401/ec.2026.0017&domain=pdf
mailto:e.broadbent@auckland.ac.nz
https://doi.org/10.70401/ec.2026.0017
https://creativecommons.org/licenses/by/4.0/


in the field.

2. Related Work
2.1 Definition of empathy
Empathy is commonly defined as ‘understanding others emotionally’ and has both cognitive and affective components[1]. Affective 
empathy refers to the emotions people feel in response to others’ emotions, whereas cognitive empathy refers to the ability to 
understand others’ emotions. Research suggests that empathy has a neurobiological basis[2]. More empathetic people tend to have 
greater unconscious mimicry of the postures, mannerisms, and facial expressions of others, and the same motor and sensory areas 
are activated in the brain.

Empathy is vital in both interpersonal relations and societal roles because it enables emotions to be shared and promotes prosocial 
behaviour[2]. Observing pain in others often motivates compassion and helping behaviour, which promotes the survival of species. 
Empathy is crucial in healthcare, where empathy comprises not just understanding, but also expressing that understanding and 
acting therapeutically. Teaching enhanced empathy skills to healthcare professionals can improve patient satisfaction[3]. In health, 
these skills are referred to as clinical empathy.

2.2 Empathy towards artificial agents
Clinical empathy skills have been applied to a model of social robotics, in which verbal and non-verbal communication are key 
components[4]. Verbal behaviours (humour, self-disclosure, tone of voice) and non-verbal behaviours (eye gaze, body posture, facial 
expressions, gestures) by both humans and robots can improve empathy and impact outcomes[5]. Similarly, both verbal and 
non-verbal communication skills can enhance rapport and relationship quality in interactions with embodied conversational 
agents[6].

Empathy is increasingly studied and applied in social robotics, and it has been argued that robots must have both cognitive and 
affective empathy to avoid sociopathic behaviour[7]. There are now conceptual empathy models for conversational AI systems[8]. 
Research has investigated both robots’ and virtual agents’ empathy towards humans, as well as humans’ empathy towards robots and 
virtual agents[9]. Outcomes are more favourable for participants interacting with more empathetic agents (e.g., users like the agent 
more). To date, computational expression of empathy has largely been achieved through facial expressions, head and mouth 
movements, and verbal statements that have been programmed manually. Applications have included games, healthcare, story 
narration, bullying, and intercultural training.

Feelings of empathy towards artificial agents can be influenced by how they are treated. For example, research suggests that people 
feel more negative emotions after watching videos of robots being treated violently compared to when they are treated 
affectionately[10]. Empathy towards robots can also be affected by the robot’s appearance, with more human-like social robots 
evoking more empathy when mistreated[11].

Several previous studies have examined the role of emotional expression in robots and agents as storytellers. One study used manual 
emotional tagging of the story to generate the display of emotions by the robot and virtual agent[12]. It found evidence of listeners’ 
empathy towards the agent through their facial expressions in response to the story, although the study did not examine voices. 
Another study found that empathy was stronger towards a robot telling a story in the first person compared to the third person[13]. 
Other work has shown that robot facial expressions that were manually programmed to be congruent with its story enhance 
listeners’ immersion into the story and robot likability compared to incongruent expressions[14]. In that study, congruent facial 
expressions also improved users’ perceptions of the vocal tone, even though it was identical between conditions.

A major limitation of research in empathetic agent interactions to date is the use of Wizard of Oz and predefined behaviours, and it is 
imperative to build fully autonomous empathetic agents[15]. Wizard of Oz studies are limited because they require a human to operate 
the agent. In many real-world circumstances, this is not practical. Furthermore, Wizard of Oz studies do not reveal any insights into 
the capabilities of real agents.

Only a handful of studies have been published using automated facial expressions in robots and agents; some have used mapping of 
human facial expressions for copying, and others have used the context of the conversation[16]. Automated gesture generation 
software includes rule-based, statistical, and machine-learning generative models[17,18]. These models have been employed on robots 
and virtual agents, mostly for talks and presentations[19]. Recent work created a virtual human that used a large model and embedded 
personality, mood, and attitudes, along with emotional facial expressions. The system was demonstrated to elicit differences in users’ 
valence (but not arousal) for five emotional states[20].

2.3 Agent voice
Research has demonstrated that an agent’s voice is very important in human-robot interaction. Humanlike, happy and empathetic 
voices with high pitch are preferred, and the match between agent appearance and voice is important[21]. Technical progress has 
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been made in the synthesis of natural and empathetic voices. People prefer an empathetic voice compared to a standard voice when 
it is performed by an actor and deployed on a robot[22]. Furthermore, when a synthesized version of the empathetic voice was used, 
participants preferred this over the standard synthetic voice, and rated it as more empathetic[23]. There are 8 emotional voices 
available on Microsoft Azure Neural Text to Speech, including cheerful, angry, terrified and sad[24]. Similarly, Amazon has developed 
neural voices which are designed to be more natural in a number of languages[25].

Neural text-to-speech is an emerging and burgeoning topic, and evaluative studies combining it with gestures in storytelling are 
lacking. Neural text-to-speech systems utilise neural networks to convert text into speech, thereby enhancing the quality and 
naturalness of the resulting speech compared to traditional methods[26]. However, research in this space is limited to date. Related 
research has examined the use of natural (human) versus synthetic speech and gestures in an embodied conversational agent with 
positive, negative, or neutral emotions, finding that natural speech and gestures produced a higher speech-gesture match, as well as 
greater likeability and anthropomorphism[27]. However, this did not examine neural versus standard synthetic voices.

2.4 Aims and scope
The aim of this paper was to evaluate an autonomous agent to see if its verbal and non-verbal expression could elicit empathy. The 
agent used in this study was a virtual human created by Soul Machines Ltd (soulmachines.com, Auckland, New Zealand). These 
artificial intelligence (AI) assistants use live neural networks when interacting with people to make classifications of their emotional 
state, and respond using speech, facial expressions, and body gestures. Their own speech and emotional expressions can be manually 
programmed, but they can also be autonomous. Large language models and advanced AI techniques have enhanced the ability to 
autonomously generate language along with matching gestures and facial expressions. An advantage of using this agent is its high 
degree of realism and ability to display detailed facial expressions and gestures, as well as to choose different voices.

Agents generated by Soul Machines Ltd generate real-time gesturing. Emotional gestures are based on the emotional content of the 
agent’s words (facial expressions, head tilts); symbolic gestures are based on the meaning of the words (such as opening the arms out 
wide when talking about ‘everybody’); and beat gestures are based on the rhythm of the speech (e.g., an arm ‘beats’ for emphasis on 
each word). Animations drive the mouth, lips, and facial muscles aligned with the audio and phonemes. The head and neck move in 
line with the audio. Iconic gestures are based on the meaning of the speech context, for example, showing a heart sign when talking 
about passion or dedication. This real-time gesturing combines all the techniques for the face and body to create synchronised and 
human-like behaviour.

This study used a voice, an agent, and an LLM using commercially available software. This makes them relevant experimental 
research platforms that readers can use to replicate and extend this work. The Soul Machines platform has the advantage of 
displaying much more detailed humanlike expressions and small movements than commonly used platforms in storytelling research, 
such as Nao, e.g.,[28] allowing richer and more nuanced gestures to be investigated for effects on empathy.

2.5 Research questions
It is critical to test whether people think that autonomously generated facial expressions and body gestures match the emotional 
content of a virtual human’s speech. If the matching is not suitable, this may impair the ability of the user to relate to the agent. It’s 
also important to test whether people think that neural voices match speech content better than standard voices, and whether this 
differs by the emotional content of the speech. More natural agent voices may increase people’s empathy towards an agent. 
Furthermore, it’s crucial to investigate whether users are better able to identify the agent’s emotions (cognitive empathy) and share 
the agent’s emotions (affective empathy) when these techniques are added. Questions also remain as to whether trait empathy 
predicts subjective empathy towards virtual humans, and how much the match of voice and animation to the story can contribute to 
empathy over and above trait levels. Therefore, this study aimed to answer the following research questions:

RQ1. Do autonomous gestures and facial expressions enhance affective, cognitive and subjective empathy towards a storytelling 
agent compared to a non-expressive condition?

RQ2. Do neural voices enhance affective, cognitive, and subjective empathy towards a storytelling agent compared to a standard 
voice?

RQ3. Is subjective empathy enhanced when people think the animation and voice better match (animation matching and voice 
matching) the stories, after controlling for trait empathy?

RQ4. Which cues inform the users’ understanding of the virtual human’s emotional expression, as assessed through qualitative 
analysis?

The hypotheses were that autonomous emotionally expressive animation and neural voices would increase empathy (affective, 
cognitive and subjective) towards the virtual human’s stories compared to the non-expressive animation and standard voice. It was 
also hypothesised that subjective empathy would be enhanced when the voice and face were rated as matching the stories better. A 
qualitative question was included to provide a rich data set and contribute to the development of a conceptual model.
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3. Methods
Twelve emotional stories were generated using ChatGPT with the prompt “Can you tell me a very brief x story about a person in first 
person perspective in less than 80 words?”. Two stories were generated for each emotion; x was replaced with sad, happy, scary, 
angry, surprising, or disgusting. As a manipulation check, the 12 stories were printed and rated by 16 participants for how sad, happy, 
scary, angry, disgusting, and surprising the stories were, from 1 (not at all) to 10 (extremely). These 16 participants were different from 
the participants who watched the videos in the next part of the study. The six stories with the highest corresponding emotional 
ratings were chosen for the study and are listed in Table 1 along with their ratings.

Table 1. Stories generated by ChatGPT used in the study and user ratings of intended emotional content.

Emotion Narrative stimulus
Manipulation 

check (M ± SD)

Anger Fury consumed me as I faced betrayal, a friend turned foe. The lies and deceit sliced through my trust like a 

dagger. How could they? Rage ignited a fire within, burning bridges we once crossed. Their apologies fell on 

deaf ears, for the damage was irreparable. I vowed to rise above the hurt, leaving them to dwell in the ashes of 

my broken loyalty. The anger fueled my determination to rebuild, stronger and wiser, without their toxic 

presence.

8.88 ± 2.45

Disgust As I explored the abandoned basement, I stepped on something squishy. Looking down, horror engulfed me—it 

was a decaying rat. The repulsive stench filled the air, making my stomach churn. Unable to bear it, I ran 

upstairs, battling waves of nausea. The image haunted me for days, a reminder of the revolting encounter with 

death and decay.

8.75 ± 1.98

Happy Sunlight danced through the leaves as I walked hand in hand with my partner. We reached the hilltop, where a 

breathtaking sunset painted the sky with vibrant hues. Heart pounding, I got down on one knee, and with tears 

of joy, asked for forever. Their “yes” echoed through the valley, sealing our love beneath the canvas of the setting 

sun. Time seemed to stand still as we embraced, knowing this was the start of an extraordinary journey 

together.

9.31 ± 1.20

Sad In the hospital room, I held her fragile hand, watching life slip away. Memories of laughter and love flooded my 

mind, but the reality of losing her was unbearable. “Please don’t leave”, I begged, tears streaming down my face. 

Her soft smile comforted me, as if saying goodbye without words. In that moment, my heart shattered, and I 

knew life would never be the same without her.

9.44 ± 1.15

Fear In the haunted house, shadows writhed with eerie life. My heart raced as creaks echoed through the halls, 

footsteps not my own. A chilling whisper brushed my ear, and unseen hands grazed my skin. Panic swirled in my 

mind, urging me to flee, but an invisible force locked the doors. The walls seemed to close in, and I knew I wasn’t 

alone. Terrified, I searched for an escape, praying I’d survive the night in this malevolent labyrinth.

9.13 ± 1.54

Surprise As I opened the old chest in the attic, my heart skipped a beat. Amongst forgotten belongings, I found a letter 

addressed to me. Confused, I read words penned by a long-lost relative, revealing a hidden inheritance. 

Astonishment washed over me as I learned I was the heir to an extraordinary estate. The news was a delightful 

shock, opening doors to a new life I never knew awaited. With anticipation, I embraced the unexpected journey 

ahead, forever changed by the surprising revelation.

9.13 ± 1.45

Four videos of a virtual human (Carina) telling each story were created with Soul Machines software, using: (1) expressive animation 
and neural voice; (2) expressive animation and standard voice; (3) non-expressive animation and neural voice; and (4) non-expressive 
animation and standard voice. Each video ranged in length from 25 seconds (disgust) to 33 seconds (anger). Figure 1 shows example 
images of Carina for each story in the expressive and non-expressive animation styles. The Supplementary materials provide links to 
each video.

Soul Machines uses a Natural Language Processing classifier to analyse the character’s speech content and adds a chosen style of 
gesturing and facial expressions in real-time. For the expressive animation conditions, the style ‘Friendly’ was chosen with the 
function ‘react to negative speech and face’ was turned on. The ‘Friendly’ style is described as relatable, kind, even-tempered, 
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empathetic, and loves greeting others with a warm smile. The settings for ‘Friendly’ are moderate to high happiness and sensitivity, 
and moderate on energy and formality. The non-expressive animation was created with the ‘Frosty’ style with the option ‘react to 
negative speech and face’ turned off. ‘Frosty’ is described as tense, suspicious, cold, private, and may appear aloof. The settings are 
very low on energy and happiness, high on formality, and moderate to low on sensitivity. The neural voice was Amazon Neural Text 
to Speech Amy Female UK, and the standard voice was Amazon Standard Text to Speech (TTS) Amy Female UK. Standard TTS 
concatenates phonemes of recorded speech, whereas neural TTS converts a sequence of phonemes to spectrograms to produce more 
natural sounding speech.

Figure 1. Images of the virtual human Carina telling each story with expressive animation and non-expressive autonomous animation.
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One hundred and fifty-eight participants were recruited from Prolific (prolific.com), an online research platform. The inclusion 
criteria were adults aged over 16 years, living in the UK, with English fluency. The sample size was calculated using G*Power, with a 
power of .80, an alpha of .05, and an expected effect size of f = .30, based on previous findings[14]. Each participant was paid 1.75 British 
Pounds to complete a survey that took about 12 minutes.

Participants completed a baseline questionnaire to assess age, gender, ethnicity, education, and trait empathy using the 
Interpersonal Reactivity Index (empathic concern subscale)[29]. This subscale has 7 items rated from 1 (does not describe me well) to 5 
(describes me well) and was chosen because it was related to greater hesitation to strike a robot in previous work (i.e. it was related 
to empathy behaviour towards a robot) whereas the other subscales were not[30]. Cronbach’s alpha was .86. Higher scores indicate 
higher empathy.

Participants were then shown one version of each of the videos for each emotion at random (seeing six videos in total). After 
watching each story, the appropriateness of the animation and voice for each story was assessed by asking participants how much 
they agreed t with the statement that Carina’s facial expressions and body gestures matched what she said, using a 5-point Likert 
scale with response anchors (1 = “strongly disagree” to 5 = “strongly agree”). Another item asked whether the emotion of Carina’s 
voice matched what she said using the same response scale.

To assess cognitive empathy, participants were asked to rate how they thought Carina felt in the story from 1 (not at all) to 10 
(extremely) for happy, sad, scared, disgusted, angry, and surprised. To assess affective empathy, participants rated how they felt on the 
same scales. For subjective empathy, participants were asked to rate how empathetic they felt towards Carina’s story on scale from 
1 = “not at all” to 10 “completely”[31]. These measures were custom items, which were created for the study. These items were chosen 
to minimise participant burden and increase specificity.

Lastly, participants were asked, “Overall, please comment on how well you think Carina expressed her emotions in the stories?” They 
were provided a blank box in which to respond. Participants’ answers were copied into an Excel file and analysed with thematic 
analysis. This involved six steps. First, all the answers were read for familiarisation. Next, keywords were selected to identify recurring 
patterns. Third, codes were generated alongside the participants’ answers to identify elements related to the research questions. In 
the fourth step, themes were generated by grouping the codes into meaningful patterns and relationships, offering insights into 
participants’ experiences. The themes were reviewed, defined, and named[32]. The sixth step involved generating a conceptual model. 
An inductive approach was employed, aiming to develop theories from the data. One researcher generated the codes and themes, 
and another researcher then checked and validated these codes and themes. There were no disagreements.

Quantitative data were analysed using SPSS version 28. Six 2 by 2 factorial ANOVAs were conducted with bootstrapping to test main 
and interaction effects of the animation and voice conditions. There was no missing data. Hierarchical linear regression was then 
conducted to see whether perceived matching of the voice and animation predicted subjective empathy after controlling for 
empathic concern in the first step.

This study was approved by the University of Auckland Human Participants Ethics Committee, number UAHPEC23402. Informed 
consent was obtained from all participants.

4. Results
4.1 Sample characteristics
The participants were 87 males, 68 females, and 3 transgender/gender non-conforming participants. The mean age was 43.46 years 
(SD = 14.59). There was a range of education levels: 40 had high school or less, 20 had a trade certificate, 77 had an undergraduate 
degree, and 21 had a postgraduate degree. 117 participants were identified as white British or Irish (74%), 20 as black British, 
Caribbean or African (13%), and 21 as another ethnicity (13%). Mean empathic concern at baseline was 22.65/30 (SD = 4.45).

4.2 Factorial ANOVA for expressive/non-expressive animation and neural/standard voice conditions
Table 2 shows the results of the hypothesis testing. The results indicate that the expressive animations improved ratings of how well 
the animations and voice matched every emotional story, compared to the non-expressive animations.

The presence of expressive animations was also associated with increased subjective empathy towards the virtual human (VH) during 
the anger and disgust stories; increased ratings of the VH’s emotion for the anger, disgust, happy, fear, and surprise stories (cognitive 
empathy); and increased participants’ own emotions for the anger, disgust, and happy stories (affective empathy).

On the other hand, the voice condition only had significant effects for the sad and fear stories. In the sad story, the standard voice 
was rated as matching the animation and voice in the story better, was rated higher for subjective empathy with Carina, and Carina 
was rated as more sad (cognitive empathy). Similarly, the standard voice was rated as matching the fear story better.

There was only one interaction effect; the standard voice with non-expressive animation was associated with the lowest rating of 

Empath Comput. 2026;2:202532 | https://doi.org/10.70401/ec.2026.0017 Page 6 of 13

https://doi.org/10.70401/ec.2026.0017


perceived anger in Carina (cognitive empathy).

Table 2. Mean outcome ratings for each condition and story.

Expressive Animation Non-expressive Animation F  value
Story Outcome

Neural Voice Standard Voice Neural Voice Standard Voice Animation Voice Interaction

Animation matched 3.67 3.58 2.66 2.12 45.08** 2.72 1.52

Voice matched 3.15 2.97 2.36 2.23 12.63** 0.27 0.85

Subjective empathy 5.51 5.69 4.56 4.17 6.31* 0.04 0.33

Cognitive empathy (Carina anger) 6.77 6.79 6.24 4.56 10.47** 3.77 4.01*

Anger

Affective empathy (Participant anger) 2.72 3.2 2.44 1.95 5.44* 0.99 0.14

Animation matched 3.7 4.02 2.21 2.25 93.52*** 1.17 0.71

Voice matched 2.85 3.02 2.29 2.37 9.47** 0.67 0.052

Subjective empathy 5.52 5.52 4.66 4.37 4.35* 0.09 0.09

Cognitive empathy (Carina disgust) 7.72 8.15 5.42 5.75 33.71** 0.87 0.01

Disgust

Affective empathy (Participant 

disgust)

4.65 5.02 3.58 3.27 11.53** 0.93 0.41

Animation matched 4.12 3.77 1.97 2.07 159.36*** 0.65 2.22

Voice matched 3.42 3.05 2.33 2.26 25.12** 2 0.43

Empathy 5.27 5.35 4.22 4.87 2.76 0.61 0.38

Cognitive empathy (Carina happy) 8.27 7.7 5 5.81 43.04*** 0.09 3.12

Happy

Affective empathy (Participant happy) 4.05 4.7 3.2 3.76 5.03* 0.13 0.91

Animation matched 3.4 3.12 2 2.5 41.58*** 8.44* 0.01

Voice matched 2.72 3.07 2.12 2.58 8.01** 6.46* 0.07

Subjective empathy 5.85 7.21 6.17 6.97 0.01 4.55* 0.32

Cognitive empathy (Carina sad) 5.76 7.43 5.47 6.86 1.09 13.75** 0.87

Sad

Affective empathy (Participant sad) 4.65 4.6 4.27 4.71 1.21 3.72 0.72

Animation matched 3.07 3.4 2 2.2 43.83*** 2.39 0.12

Voice matched 2.47 2.95 1.69 2.2 18.18*** 7.87* 0.01

Subjective empathy 4.42 4.42 2.56 3.97 2.09 0.65 0.65

Cognitive empathy (Carina fear) 6.3 6.7 4.35 5.38 14.25*** 2.73 0.53

Fear

Affective empathy (Participant fear) 2.35 2.3 2.05 2.2 0.03 0.08 0.01

Animation matched 3.61 3.71 1.92 2.09 103.28*** 0.72 0.05

Voice matched 3.46 2.97 2.31 2.36 20.31*** 0.27 0.16

Subjective empathy 5.02 4.48 3.82 4.36 2.06 0 1.37

Cognitive empathy (Carina surprised) 7.49 6.59 5.43 5.48 13.43*** 0.97 1.22

Surprise

Affective empathy (Participant 

surprised)

4.12 3 3.1 3.39 0.65 1.14 3.25

*p < .05, **p < .01, ***p < .001.
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4.3 Regressions for effects of trait empathy, perceived matching of animation and voice on subjective empathy
For the anger story, empathic concern predicted 15% of the variance in subjective empathy towards the agent in the first step of the 
regression, F(1,156) = 27.23, p < .001, R2 = .15. In the second step of the regression, an additional 20% of the variance in subjective 
empathy was explained by ratings of the match of the face and voice to the story, over and above empathic concern, 
Fchange(2,154) = 24.07, R2 = .35. In the final model, both empathic concern and ratings of the voice matching the anger story were 
significant predictors.

In the first step of the regression for the disgust story, empathic concern predicted 13% of the variance in subjective empathy, 
F(1,156) = 23.35, p < .001, R2 = .13. In the second step, an additional 25% of the variance was explained by the ratings of the match of the 
face and voice to the story, Fchange(2,154) = 31.23, R2 = .38. In the final model, empathic concern, ratings of the voice matching the 
story, and ratings of the animation matching the story were all significant predictors.

For the fear story, the first step of the regression showed empathic concern predicted 11% of the variance in subjective empathy, 
F(1,156) = 19.17, p < .001, R2 = .11. An additional 25% of the variance was explained by the match of the face and voice to the story, 
Fchange(2,154) = 30.93, R2 = .36, in the second step of the regression. In the final model, empathic concern and ratings of the voice 
matching the fear story were significant predictors.

In the first step of the regression for the happy story, empathic concern predicted 10% of the variance in subjective empathy, 
F(1,156) = 17.13, p < .001, R2 = .10. In the second step, an additional 22% of the variance was explained by ratings of the match of the 
face and voice to the story, Fchange(2,154) = 24.70, R2 = .32. In the final model, empathic concern and ratings of the voice matching the 
happy story were significant predictors.

For the sad story, the first step showed that empathic concern predicted 14% of the variance in subjective empathy, F(1,156) = 25.32, 
p < .001, R2 = .14. An additional 16% of the variance was explained by ratings of the match of the face and voice to the story, 
Fchange(2,154) = 17.47, R2 = .30, in the second step. In the final model, empathic concern and ratings of the voice matching the sad story 
were significant predictors.

For the surprise story, the first step of the regression showed that empathic concern predicted 11% of the variance in subjective 
empathy, F(1,156) = 18.48, p < .001, R2 = .11. In the second step, an additional 19% of the variance was explained by ratings of the match 
of the face and voice to the story, Fchange(2,154) = 20.76, R2 = .30. In the final model, empathic concern and ratings of the voice 
matching the surprise story were significant predictors.

4.4 Qualitative results
Four themes were identified. The first theme illustrated a mixed experience for participants due to the different amounts of 
expression in each video. The second theme focused on how emotions were expressed through voice, face, and gestures, which were 
further broken down into four subthemes, as detailed below. The third theme related to the words of the stories, and the fourth 
theme centred on empathy and how people related to Carina’s stories.

4.4.1 Theme 1: a mixed experience
It was clear that participants could distinguish between the videos with emotional expression and those without. For example, 
“Carina’s reactions felt and looked expressionless in half of the videos I viewed, and in the other half, her expressions seemed to be 
legitimate regarding the scenarios she illustrated” (participant 20). “Some videos were more expressive than others.” (participant 158).

4.4.2 Theme 2: emotional expression
This theme describes how people perceived emotions in the face, gestures, and voice, and had three subthemes. The first sub-theme 
was that the voice was expressionless and monotone. Some quotes for this theme are: “The voice often lacked emotion” 
(participant 17); “The tone of her speaking was flat and emotionless” (participant 28). The second subtheme was that the face and 
gestures were better, which helped create empathy: “I think the vocal intonation stayed (sic) pretty similar in all the videos i.e. 
mechanical and monotone, however the facial reactions and body language were more nuanced to the circumstances, that gave a 
different feel to the story and therefore my reactions changed ever so slightly in each scenario” (participant 1); “I think her voice 
sounded robotic and emotionless and didn’t change throughout as you’d expect, but there were some facial triggers which matched 
what she was saying in some instances” (participant 8).

Breaking down comments about the gestures in more detail, some participants said that the emotional expressions in her face 
matched her words and aided emotional expression, whereas others thought her facial expressions were hard to read. One 
participant said that Carina’s eyes were enough to convey the scared emotion without other gestures “The cold look was eerie 
enough to sell the story”. Some people suggested that the body gestures (arm and head) made a big difference, made her come alive, 
and kept the attention of the audience. Others thought the gestures were unnatural or did not match the stories, or that the arms 
should move more. Finally, one participant commented that the symbolic gesture of waving goodbye to someone who was dying was 
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not appropriate.

A third subtheme was the overall impression of the emotional expressions, and this varied greatly between participants. For example, 
“She expressed them extremely well. She was almost perfect” (participant 157); “I thought the different expressions fit well with what 
she was saying in general” (participant 113); “fairly well” (participant 64); “I didn’t think they were expressed very well” 
(participant 115); “quite poorly, she remained neutral” (participant 85). The fourth subtheme related to how lifelike and humanlike she 
was, e.g., “very well, very lifelike” (participant 35); “As the videos progressed, it became more realistic” (participant 135); “Very well, it 
felt quite humanlike” (participant 21).

4.4.3 Theme 3: the words
This theme related to how the words and stories themselves were perceived. Some people felt the words were good, whereas others 
felt they could have been better. e.g., “…the words were better than the expressions” (participant 33); “Words used were too flowery 
or OTT (over the top)” (participant 99); “Verbally Carina expressed her emotions well; she used good vocabulary and sentence 
structure” (participant 155); “Her choice of words wandered (sic) into the verbosity and weirdness - very unnatural for emotional 
situations” (participant 127); “It was good, but I felt I was listening to Carina reading a story rather than telling me about her 
experiences” (participant 72).

4.4.4 Theme 4: empathy
This theme describes how people felt towards Carina and her stories. Some felt empathy and others felt she lacked empathy. For 
example, “…would occasionally have some moments of emotion which made me feel a bit more empathy towards her” 
(participant 46); “She expressed them to the point where I could feel what she was feeling, but I feel like there could be a bit more 
enthusiasm and emotion in her voice to empathise with certain words or how she feels, but it was easy to understand how she was 
feeling” (participant 26); “The whole thing lacked empathy or enthusiasm and was machine like” (participant 13); “The expressions are 
too smooth and don’t really replicate human emotion so much as imitate it. I find it uncanny.” (participant 24); “Her voice never 
changed to match the tone of the story she was telling, and most of her facial expressions and gestures were either non-existent or 
over the top. I found her very hard to relate to” (participant 24). “Very well, the content of each video changed some, I don’t know if 
her tone did, but her expressions changed, her eyes, the delivery of content, she got a little excited, I think placing myself in these 
scenarios may have altered my perception. My own feelings seen in her ...” (participant 133).

4.5 Conceptual model
Overall, the qualitative analysis showed a wide range of experiences, which may reflect that people saw different combinations of 
videos. There was a consistent theme that the voice was expressionless and did not relate to the stories; many felt that the facial 
expressions were better. Empathy was most commonly noted when people could see her emotional expressions. Some people felt 
that the stories were more about others than about Carina’s own experiences, and the words were unnatural. The data inform a 
conceptual model in which users employ a range of cues to infer agents’ emotions, which include their voice, gestures, facial 
expressions, and words. Users found it difficult to feel empathy when emotional expression was lacking or too mechanical.

5. Discussion
This study adds to previous research by investigating the effects of an artificial agent’s animation and voice on user empathy for 
different emotional stories. The main contributions of this study are that it investigated the effects of autonomous emotional 
animation (rather than Wizard of Oz or manual labelling) and employed both quantitative and qualitative methods. This helped to 
combat the limitations of previous work[15]. The stories themselves were generated by AI, which adds a further autonomous 
component. The findings provide insights into how humans react to AI generated stories and autonomous emotional expressions in 
agents. The inclusion of measures for different types of empathy (affective, cognitive and subjective) is a further strength. The study 
investigated six different emotional stories so that effects could be studied by emotion type. Triangulation was used by collecting 
both quantitative and qualitative data.

In terms of research question 1, the results showed that people felt greater empathy towards a virtual human with autonomous 
expressive animation compared to a non-expressive animation. Specifically, people were better able to recognise emotions when 
expressive animation was used in every story except the sad story (cognitive empathy). Participants’ feelings of emotion after the 
anger, disgust, and happy stories were also enhanced by expressive animation (affective empathy). The animation also increased 
subjective ratings of empathy for the anger and disgust stories.

The slight differences in results for the different emotional stories may be due to several factors. First, the stories differed in how 
much they contained other emotions and the strength of the emotional content. For example, the surprise story included words 
relating to joy as well as surprise, and the sad story contained the words ‘smile’ and ‘comfort’. Second, the ability of the digital human 
to portray different emotions on her face and through body gestures might differ. Third, some gestures may have been inappropriate 
to the context, e.g., saying “goodbye” in the sad story was accompanied by a big wave gesture. Last, the content of some of the stories 
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may have resonated with people better than others. Recent research has found greater empathy towards human-written stories than 
AI-written stories[33].

In terms of research question 2, there was no evidence that the neural voice enhanced empathy towards a virtual agent in the 
storytelling scenario. In fact, the agent’s voice had the greatest effect on the sad story, where, contrary to hypotheses, the standard 
voice was rated as matching the story better. The standard voice improved ratings of whether the animation matched the sad story, 
created greater subjective empathy towards Carina, and greater perceptions of Carina as sad. The standard voice was also rated as 
matching the fear story better. Although not statistically significant, the standard voice had a slightly higher mean for matching the 
disgust story than the neural voice. The reason might be that the neural voice had a higher and more variable pitch, and the standard 
voice was flatter. A flat voice may be better suited to sad and scary stories. Previous research has shown that when reading aloud sad 
and happy book excerpts, readers’ voice pitch tends to be higher for happy text, and pitch variability tends to be lower for sad 
excerpts[34]. Together, these results suggest that the neural voice used in the study still struggled with the dynamic prosody required 
for emotional storytelling.

The finding that expressive animation affected how both the animation and the voice were perceived supports previous research and 
extends it to autonomous animation rather than manual[14]. To the best of our knowledge, the finding that the voice affects how a sad 
animation is perceived is novel for TTS voices. Previous work found that voice alone was sufficient to convey emotions compared to 
an agent plus voice for three of four emotions in a learning context[35]. However, the voice in that study was human, and the 
animations were based on human recordings.

For research question 3, trait empathy was a predictor of subjective empathy towards the virtual human across all stories. Above the 
trait level, how well people perceived that the voice and animations matched the stories further predicted subjective empathy. The 
coefficients demonstrated that ratings of voice matching were a consistently significant predictor for all the stories, whereas ratings 
of animation matching were only significant for the disgusting story. This suggests that the perceptions of the agent’s voice are 
critical to subjective empathy.

The qualitative findings add to the quantitative results by showing that most people thought that the virtual human’s voice did not 
express her emotions well, and that the animations were more expressive. There was wide variation, with some people saying she 
was very good at expressing emotions and others saying she was poor. Those who reported empathy towards her tended to 
comment on being able to identify or feel her emotions in some of her stories and relate to them. Most people did not comment on 
the stories that were generated by ChatGPT, although a few commented that the words were strange, unnatural, or over the top. The 
conceptual model informs theories of the importance of verbal and non-verbal cues to emotional expression and empathy towards 
artificial agents. One cannot ignore any of the components (face, gestures, voice, and words), because when one of these is 
misaligned, it affects the development of empathy. This aligns with a proposed Empathy-GPT system, which builds embodied 
conversational agents with empathic capacity[36].

5.1 Limitations
This study has several limitations. It was performed with people from the UK, and the results may not generalise to other countries. 
Furthermore, the virtual human appeared as a white female, which introduces potential cultural and gender biases. The universality 
of the results across different ethnic backgrounds and cultural understandings remains unverified. Further research could test virtual 
humans with male, or gender neutral, or different ethnic appearances, or with physical robots. This study chose to show people all 
the stories with a random combination of conditions. Future work could perform a similar study in which the participants are 
randomised to see all stories with the same combination of animation and voice, and explore effects on other outcomes. Another 
limitation was that the study had limited interactivity; however, this is not dissimilar to other published storytelling studies[37]. 
Participants watched pre-recorded videos, and therefore the results may not generalise to more interactive conversational AI 
scenarios. Future research could be performed using a more interactive approach. Soul Machines software can analyse the emotional 
content of the user’s face and speech, and can produce facial expressions in reaction to the user. Adding interactivity would 
complicate the research because the agent’s expressions would be driven not only by the agent’s own words but also by the facial 
reactions of each individual user. An interactive study would be a very interesting next step, but this study is a necessary first 
approach. Additionally, future research could investigate TTS voices that can dynamically adjust pitch and tone in response to the 
emotional content of spoken words. A further limitation is that the six stories may differ in linguistic complexity emotional intensity, 
which may potentially confound emotion-specific results; this variation was not controlled for. Finally, facial expressions and body 
gestures were studied together because the software automatically combines them. It may be useful in future research to test these 
variables separately to investigate their individual contributions to empathy.

5.2 Implications
It is impractical to pre-program the emotional expression of artificial agents in long-term, evolving relationships in real-world 
applications. This study provides evidence that the automatic generation of emotional expressions can enhance humans’ perceptions 
of emotions and empathy towards agents. Agents that can create natural-sounding conversations, with detectable and suitable facial 
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expressions of emotion and gestures, as well as a matching vocal tone, will facilitate more empathetic interactions. The work adds to 
previous research demonstrating the feasibility and potential to deploy virtual humans in practical applications, such as business, 
healthcare, and education[20].

6. Conclusion
Autonomously generated expressive animation can improve cognitive, affective, and subjective empathy towards virtual humans 
compared to neutral expressions. Manual emotional markup may no longer be necessary to program robots and virtual humans to 
portray emotions through facial expressions and gestures. Some neural voices may not be as effective as standard voices for 
portraying emotions such as sadness and fear, as the neural voices’ higher pitch and greater pitch variation do not accurately match 
these emotions. Despite the voices being rated poorly for emotional expression, matching the voice to the story was important for 
subjective empathy, over and above trait empathy.
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