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Introduction
With the growing use of virtual reality (VR) in areas like education and digital reading, understanding the factors that impact legibility in these environments is crucial. While traditional screen legibility has been extensively studied, the transition to VR requires reevaluation, especially when considering different languages and the distinction between native and non-native speakers.
Method
This study explores font preferences in VR for Chinese, Japanese, and English, focusing on font weight, style, complexity, and viewing distance. Additionally, we employed cross-linguistic VR-based experiments with quantitative assessments and qualitative interviews.
Result
Our findings reveal that font preferences are influenced by a combination of language familiarity (native/non-native), viewing distance, and character complexity (glyph). Therefore, serif fonts enhance the legibility of complex logographic characters at close distances, whereas sans-serif fonts are more effective for alphabetic scripts, particularly at longer viewing distances. Moreover, when processing unfamiliar languages, users tend to shift their evaluation criteria from focusing primarily on legibility to a more balanced assessment that also incorporates aesthetic appeal.
Discussion
These insights underscore the importance of adaptive typographic strategies in VR, offering evidence-based guidelines that can enhance both legibility and user experience for a diverse global audience.
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1 INTRODUCTION
Virtual reality (VR) technology has rapidly advanced, fostering more inclusive and open environments (Sakamoto and Ono, 2024) while expanding its applications across education, training, and digital reading (Cauz et al., 2024; Huang et al., 2021). Previous research has extensively explored the impact of various digital factors on legibility in traditional screen interfaces. Studies have demonstrated that font characteristics, including type, weight, contrast, and character width, significantly affect legibility (Oderkerk and Beier, 2022; Beier and Oderkerk, 2021; Korinth et al., 2020). For instance, bold fonts can enhance letter recognition in small-scale reading contexts (Oderkerk and Beier, 2022), while the complexity and stroke width of character impact word processing efficiency (Ohnishi and Oda, 2021). Additionally, individual factors such as age, vision, and reading disabilities (Calabrese et al., 2016; Rubin et al., 2006; Rello and Baeza-Yates, 2016), as well as the cognitive preferences of native (L1) and non-native (L2) speakers (Chatrangsan and Petrie, 2019; Gauvin and Hulstijn, 2010), play critical roles in shaping font preferences and legibility.
However, the transition to VR presents unique challenges and opportunities, necessitating a reevaluation of these factors within spatial and interactive environments. Traditional flat design principles may require modification due to the shifts in user perspective and interaction modes in VR. For instance, overall font size must be larger than in screen interfaces, and results can vary significantly depending on device resolution. Current research on VR legibility primarily focuses on factors such as device resolution, font type, font complexity, font color, font size, text background, and line spacing (Zhou et al., 2024; Jessner, 2008; Rahkonen and Juurakko, 1998), as well as reading fonts under specific conditions, such as while moving (Matsuura et al., 2019) or from different angles (Rzayev et al., 2021). Despite this, a noticeable gap remains in the literature concerning VR environments, especially regarding font preferences among native and non-native speakers across different languages.
This study addresses this gap in research by investigating the font preferences of native and non-native speakers within VR environments, focusing on three linguistic contexts: Chinese, Japanese, and English. Chinese and Japanese are logographic languages, whereas English is alphabetic, resulting in fundamentally different orthographic characteristics. Understanding these preferences is crucial for developing guidelines that enhance digital reading experiences in VR and accommodate the diverse needs of users from different linguistic backgrounds. By addressing this gap, the study aims to provide scientific evidence for optimizing font design and improving text legibility in VR, ultimately contributing to more effective and inclusive digital reading environments.
2 RELATED WORK
2.1 Digital factors affecting digital reading
Previous studies on screen interfaces have extensively explored the impact of fonts on legibility. Research indicates that font characteristics such as font weight (Oderkerk and Beier, 2022; Minakata and Beier, 2021), glyph contrast (Beier and Oderkerk, 2021), and character stroke width (Korinth et al., 2020; Ohnishi and Oda, 2021) significantly affect legibility. For instance, Oderkerka and Beier (2022) found that bolder fonts can enhance letter recognition in small-scale reading contexts (Oderkerk and Beier, 2022). In contrast, Beier and Oderkerk (2021) suggest that bold fonts with high stroke contrast should not be prioritized in designs where letter recognition is critical (Beier and Oderkerk, 2021). Additionally, changes in character width significantly influence legibility, with wider characters improving word processing (Korinth et al., 2020). However, the difference between serif and sans-serif fonts is minimal (Ali et al., 2013; Arditi and Cho, 2005).
In VR environments, the principles of traditional flat design may require modification due to changes in user perspective and interaction modes. Given the spatial context, the overall font size should be slightly larger than in screen interfaces. Additionally, results can vary significantly depending on device resolution. Current research primarily focuses on factors such as device resolution, font type, font complexity, font color, font size, text background, and line spacing (Zhou et al., 2024; Jessner, 2008; Rahkonen and Juurakko, 1998), as well as reading fonts under specific conditions (e.g., while moving (Matsuura et al., 2019) or from different angles (Rzayev et al., 2021)). For example, Zhou et al. found that higher resolution allows for smaller characters, but for more complex Chinese characters, larger sizes are necessary (Zhou et al., 2024).
2.2 Individual factors affecting legibility
While font characteristics impact individuals differently and no single font suits everyone, the primary factors influencing legibility from a personal perspective include age (Calabrese et al., 2016), vision (Galiano et al., 2023; Rubin et al., 2006), and the presence of reading disabilities (Rello and Baeza-Yates, 2016). Familiarity with the text or font also plays a crucial role (Newbold and Gillam, 2010; Beier, 2009).
For instance, research by AurÃlie CalabrÃStudy on font preferences of native and non-native speakers in a virtual reality environment et al. indicates significant differences in legibility across age groups, specifically among individuals aged 8–16 years, 16–40 years, and over 40 years (Calabrese et al., 2016). Increasing font size, rather than character width, has been shown to effectively aid individuals with low vision in reading (Rubin et al., 2006). For individuals with reading disabilities, sans-serif and monospaced fonts have been found to improve reading performance (Rello and Baeza-Yates, 2016).
However, familiarity with the text or font is multifaceted. For example, readers who are familiar with specific fonts tend to read text faster. Beier, Sofies research found that familiar fonts enhance reading speed, illustrating the importance of exposure to particular font designs (Beier, 2009). Moreover, familiarity with the content of the text can also influence legibility, as readers are better able to anticipate and recognize words and phrases they frequently encounter (Newbold and Gillam, 2010).
2.3 Cognitive font preferences of native and non-native speakers
Native (L1) and non-native (L2) speakers exhibit substantial differences in reading and processing visual cues due to cultural and linguistic variations. For instance, studies have shown that British participants find sans-serif fonts easier and less tiring to read, whereas Thai participants prefer serif fonts for the same reasons (Chatrangsan and Petrie, 2019). Moreover, using bold fonts for emphasis can aid L2 learners remember discourse content (Lee and Fraundorf, 2019).
Hanna S. and colleagues compared Dutch (L1) and English (L2) reading, revealing that decreased font legibility affects L2 reading time more significantly than L1 reading time (Gauvin and Hulstijn, 2010). Similarly, Pae, H. et al. examined how Korean and Chinese speakers process English words using normal, alternating, and reversed fonts. They found that Chinese native speakers are more sensitive to visual distortions than Korean speakers, suggesting that the linguistic templates established in L1 play a significant role in processing English vocabulary (Pae and Lee, 2015).
Furthermore, the orthographic features of one’s native language (L1) significantly impact English as a Second Language (ESL) learners’ English acquisition. For example, learners whose native language is logographic (e.g., Chinese) may struggle with recognizing and spelling English words due to the absence of an alphabetic system in their L1. In contrast, learners from alphabetic backgrounds (e.g., French, German) tend to recognize and spell English words more efficiently due to their familiarity with alphabetic systems and spelling rules (Akamatsu, 1999).
2.4 Summary
Language consists of sentences, which are composed of individual words. While research on fonts remains an evergreen topic in both traditional interfaces and VR environments, much of the existing literature has focused on font preferences among native speakers, particularly within the English language. However, Chinese and Japanese are logographic languages, whereas English is alphabetic, resulting in fundamentally different orthographic characteristics. This paper aims to bridge this gap by comparing the font preferences of native and non-native speakers across three linguistic environments: Chinese, Japanese, and English.
3 EXPERIMENT
We designed an experiment to examine the font preferences of L1 and L2, LN speakers in VR. Using the Oculus Quest 3, participants viewed pairs of characters or words with same glyph (content) at four distances (0.5 m, 2.5 m, 5 m, and 10 m) and rated legibility on a 1–5 scale. Participants used the Quest Touch Pro controllers to make their selections. Thirty participants (native Chinese, Japanese, and English speakers) completed tasks in their native language and one randomly assigned non-native language. Finally, we collected both quantitative font scores and qualitative user feedback, analyzing how various parameters such as distance, glyph characteristics, native language, and font type affected font preferences.
3.1 Apparatus
The device used in the experiment was the Oculus Quest 3, paired with the Meta Quest 3 Elite Strap as the head-mounted display. This setup featured two LCD screens with a resolution of 2064×2208 pixels, an approximate pixel density of 25 pixels per degree (ppd), and a refresh rate of 90 Hz. The virtual environment for the experiment was developed using Unity 3D on a Windows 11 PC. The PC was equipped with a 13th Gen Intel Core i7-13700HX CPU, 32 GB of RAM, an NVIDIA GeForce RTX 4060 Laptop GPU, and a 512 GB SK Hynix SSD. Quest Touch Pro controllers were used as input devices, allowing participants to perform tasks using the directional pad and trigger buttons. To minimize non-experimental fatigue and load, the distance of the virtual text box was adjusted based on the camera distance, eliminating the need for participants to maintain a fixed head position. This setup allowed them to engage in the experiment in a relaxed posture.
3.1.1 Text size
To ensure consistent testing conditions, the text size in virtual reality was fixed for this experiment, with the font height set to 70 mm. To address concerns regarding resolution consistency and maintain visual quality, dynamic resolution scaling was activated throughout the experiment. Dynamic resolution adjusts the rendering resolution in real-time based on GPU load, balancing performance and visual clarity. By enabling dynamic resolution, we minimized dependency on the device’s fixed pixel density (ppd), as the system dynamically adapts the resolution to maintain optimal clarity under varying conditions. Before the experiment, a pre-test was conducted to verify that the text clarity at all distances met the visual requirements for the study.
3.1.2 Virtual environment
We created a VR corridor environment measuring 14×2.5 × 2.5 m. The corridor included a virtual text box (650×200 mm) supporting three language versions: Chinese, Japanese, and English. Following previous research (Jankowski et al., 2010), the text box background was set to black with 50% transparency, and the text was rendered in white. The text box displayed either two characters (for Chinese or Japanese) or two words (for English), with all containing identical content. Additionally, a virtual evaluation form, rated from 1 to 5, was positioned below the users camera view. Participants used the directional keys on the left or right Quest Touch Pro controller to select their preferred font. During evaluation, the currently selected option was highlighted in yellow, and after each selection, the rating was reset to the neutral value (3). Directional lighting was used throughout the scene to ensure adequate illumination. An overview of the environment is illustrated in Figure 1.
[image: Schematic diagram of the experimental setup in Chinese, Japanese, and English environments. Each section shows virtual text boxes at varying distances (0.5m, 2.5m, 5m, 10m) and an evaluation form. Users rate font preference on a scale from 1 to 5, indicating "much better" to "much worse". A controller is depicted for user operation.]FIGURE 1 | Schematic diagram of experimental setups for Chinese, Japanese, and English tests.3.2 Participants
We recruited 30 participants through flyers and social media, including 10 native Chinese speakers (6 males, 4 females), 10 native Japanese speakers (5 males, 5 females), and 10 native English speakers (7 males, 3 females). To control for the potential influence of age on font preference, as highlighted in Calabrese et al.’s research on MNREAD Acuity Charts across various age groups (8–16 years, 16–40 years, and over 40 years) (Calabrese et al., 2016), we ensured age consistency among our participants. Consequently, all participants were aged between 20 and 40 years. Among them, eight had no prior experience with VR headsets, while 22 had used VR headsets before. All participants had normal or corrected-to-normal vision, with 11 having normal vision, two wearing contact lenses, and 17 wearing glasses.
3.3 Design
In our study, participants from various native language backgrounds were asked to select their preferred font presentation within a virtual reality environment, where the same glyph (i.e., content) was displayed at a fixed distance. To systematically explore the factors that may influence font preference, we manipulated four primary independent variables:
	• Glyph (6 groups for Japanese, 4 groups for Chinese, and 3 groups for English)
	• Fonts (6 types)
	• Distance (4 distances)
	• Native language (3 types)

3.3.1 Glyph
To ground our glyph stimuli in each languages writing system, we selected the smallest meaningful or visually discrete units available. In logographic and mixed-script languages (Chinese and Japanese), individual characters (Hanzi, Hiragana, Katakana, and Kanji) correspond directly to morphemes or syllabic units and remain visually self-contained. In alphabetic English, single letters are graphemes without standalone meaning, whereas single words are the minimal meaningful lexemes. Accordingly, for Chinese and Japanese we presented isolated characters (following (Wang et al., 2020; Zhou et al., 2024)), and for English we presented isolated high-frequency words. Participants never performed any reading or comprehension task; they made purely perceptual legibility judgments, ensuring our results reflect visual distinctions between fonts rather than lexical or semantic differences.
Based on the complexity and characteristics of each language, we grouped the fonts accordingly. For this experiment, the glyphs were categorized into three main groups: kana, Chinese characters (Hanzi and Kanji), and the Latin alphabet, corresponding to Japanese, Chinese, and English respectively. Chinese characters (Hanzi and Kanji) are block characters, while English consists of linear characters.
Because perceived complexity varies within each script, we classified glyphs by visual complexity. The complexity of block characters, such as Chinese characters, primarily stems from the number of strokes, with more strokes typically indicating greater complexity. Various methods have been used to calculate the complexity of Chinese characters, including stroke count, skeleton length (total stroke length) as discussed by Bernard and Chung (2011), the slice method (calculating the frequency of strokes in horizontal, vertical, and diagonal slices, and taking the maximum intersection number) (Majaj et al., 2002), or using the square of the symbol’s perimeter divided by the “ink” area (Vildavski et al., 2022). In this experiment, we adopted a method that combines stroke count and ink area to calculate the complexity of both Japanese and Chinese characters.
Considering the subtle differences between Chinese Hanzi and Japanese Kanji, the Kanji materials used in this experiment were sourced from the commonly referenced Japanese Kanji database (based on the Cabinet notification of 30 November 2010), while the Hanzi were sourced from a GitHub Chinese character database. The stroke count for each character was determined, and the pixel value at 100 pt was calculated using Python’s Pillow library. Character complexity C was calculated as shown in Equation 1:
C=NUMBERμnumber×PIXELμpixels(1)
where “NUMBER” represents the stroke count, “PIXEL” is the pixel value, and μnumber and μpixels are the average stroke count and pixel values, respectively.
The complexity of all characters (including Japanese Kanji, Hiragana, and Chinese characters) was compiled and categorized into four levels: C≤0.5 (very simple), 0.5<C≤2 (simple), 2<C≤4 (complex), and C>4 (very complex). According to these classifications, the glyph conditions were organized as follows:
	• Japanese: 6 groups
	• Chinese: 4 groups
	• English: 3 groups

To avoid fatigue and ensure a diverse character group presentations, we selected specific font groups from each category. The detailed classification of the character groups used in this experiment is shown in Table 1.
TABLE 1 | Character Glyph classification by feature across Chinese, Japanese, and English.	Language	Feature	Character sets	Classification basis
	Japanese	Hiragana (J1)	ぬねびひおすしむかち	Simple
	Katakana (J2)	ソンバパフナラガシイ	Simple
	Kanji (C≤0.5) (J3)	山小二又三女大上才十	Simple (C≤0.5)
	Kanji (0.5<C≤2) (J4)	呉茶呂皇果直徒逆造挑	Normal (0.5<C≤2)
	Kanji (2<C≤4) (J5)	格唇渇夏瘍棄徳質塊圏	Complex (2<C≤4)
	Kanji (C>4) (J6)	瞳襲騒麗露璽欄覇観覆	Very Complex (C>4)
	Chinese	Hanzi (C≤0.5) (C1)	乃了一乙入卜工之	Simple (C≤0.5)
	Hanzi (0.5<C≤2) (C2)	汽冉沁由冰决忾汴	Normal (0.5<C≤2)
	Hanzi (2<C≤4) (C3)	鹀奠鸿葛齊疸感庸	Complex (2<C≤4)
	Hanzi (C>4) (C4)	賽闋孽镰鵚騙麋譨	Very Complex (C>4)
	English	0–3 letters (E1)	Go he on me to up cat dog sky big duce bear green sight	Simple
	4–8 letters (E2)	Script crept animal beauty gallery kitchen rehabilitation disappointment communication accomplishment encouragement documentation	Normal
	over 8 letters (E3)	Conference magnificent appreciation conference	Complex


3.3.2 Fonts
Fonts play a crucial role in how easily readers can recognize and process text, whether on a screen or in print. In typography, faces are broadly divided into sans-serif (uniform stroke widths, minimal decoration; often used for digital interfaces and on-screen body text) and serif (clear contrast between strokes, small “feet” or flares at line ends; inherited from traditional printing and frequently chosen for print materials, headings, or long passages to aid readability). Within each style, weight variants (Thin/Light, Medium, Black/Bold) further influence legibility by altering stroke thickness.
In this experiment we focus on four scripts Latin letters, Chinese characters, hiragana, and katakana and their distinguishing features are highlighted in red in Figure 2: in the sans-serif examples, strokes remain nearly constant in width and lack terminals; in the serif examples, you can see pronounced contrasts between horizontal and vertical strokes and decorative serifs (subtle hooks or wedges at stroke ends). Note also that in Noto Serif the Latin and Chinese glyphs adopt a crisp, woodblock-print aesthetic, whereas its kana glyphs retain softer, brush-inspired terminals. To cover the wide range of stylistic differences across languages, we selected the universally adopted Google Noto fonts (Noto Sans, Noto Sans JP, Noto Sans SC, Noto Serif, Noto Serif JP, Noto Serif SC). In the Example column of Figure 2 we show representative glyphs at increasing complexity levels English cases E1–E3, Chinese cases C1–C4, and Japanese cases J1–J6 to give readers an immediate, intuitive sense of each scripts visual characteristics.
[image: A table compares sans-serif and serif fonts across different weights: thin/light, medium, and black/bold. Each font style includes examples in English, Chinese, and Japanese characters, with abbreviations. Visual font style features are illustrated next to each example. The weights are matched with specific font names such as Noto Sans and Noto Serif, with variations for different languages.]FIGURE 2 | Font style features and classification of Google Noto fonts.3.3.3 Distance
Alger et al. highlighted that in VR, information should not be placed at distances shorter than 0.5 m or longer than 20 m (Alger, 2015). Therefore, we defined four distances within the virtual environment: 0.5 m (D1), 2.5 m (D2), 5 m (D3), and 10 m (D4). These distances correspond to: the minimum distance at which characters are still recognizable, a comfortable reading distance for near sighted individuals, a suitable reading distance for farsighted individuals, and the maximum distance at which character outlines are barely distinguishable.
The purpose of setting these distances was to maximize the contrast in font preference at comfortable, near, and far distances across different fonts and glyphs.
3.3.4 Native
Since this experiment involves native languages, second languages, and unstudied languages, it is important to clarify the terminology used. For native languages and second languages, we adhere to the standard definitions: L1 refers to the native language, and L2 is the second language acquired sequentially (Jessner, 2008). However, in this study, Chinese is considered an unstudied language for some Japanese and native English speakers, and there is no standardized term for such scenarios. Some researchers refer to these as “L3, L4–Ln” (Rahkonen and Juurakko, 1998) or “Additional Languages” (Gardner, 1983). For the purposes of this experiment, we will temporarily classify these as “No Prior Exposure to the Language” (LN).
Before participating in the experiment, participants completed a basic information form to self-assess their proficiency in their L1, L2, and LN. The form categorized languages based on features such as “familiarity with Chinese characters (Hanzi), recognition of Chinese characters (Kanji), knowledge of Japanese Kana, and familiarity with English words.” Each proficiency level was assessed using a four-tier scale. If a participant selected “none” do not recognize any characters for a language, it was classified as LN.
For clarity, we distinguish between native and non-native speakers using the designations provided. According to our statistics, the final language distribution among participants is as follows: Chinese (CL1: 10 participants, CL2: 13 participants, CLN: 7 participants); Japanese (JL1: 10 participants, JL2: 19 participants, JLN: 1 participant); and English (EL1: 10 participants, EL2: 20 participants, ELN: 0 participants).
3.4 Task
Participants were presented with a series of trials in which they viewed pairs of glyph sets, each containing identical content but rendered in two different fonts. For each trial, the glyph sets were displayed at one of four fixed distances (0.5 m, 2.5 m, 5 m, or 10 m). Participants were asked to compare the two fonts and rate their relative legibility on a 1–5 scale, with 1 indicating a strong preference for the font on the left, 5 indicating a strong preference for the font on the right, and 3 representing a neutral stance. In addition to these comparisons, each participant completed the task twice once in their native language and once in a randomly assigned non-native language. This design allowed us to systematically assess how factors such as glyph characteristics, font type, viewing distance, and native language influenced font preferences.
3.5 Procedure
Upon arrival at the experiment site, participants were welcomed by our research team. We provided a comprehensive introduction to the purpose, procedure, and important considerations of the experiment. After reading and signing the informed consent form to confirm their voluntary participation, participants underwent brief training on how to use the VR equipment. This training included instructions on wearing the VR headset, using the Oculus controllers, and adjusting the equipment for comfort and proper interpupillary distance. The experiment was available in Japanese, Chinese, and English versions.
Participants selected their native language version and were then randomly assigned to one of the other non-native language versions. Each language experiment included 10 native and 10 non-native participants, with 5 participants from each of the other two language groups. Informed consent was obtained in accordance with the Institutional Review Board of Hokkaido University1.
After practicing until they felt confident in understanding the requirements and mastering the procedure, the experiment began. The character canvas and evaluation interface were presented to the participants. The character canvas displayed two glyph sets with the same content but different fonts at randomly selected distances of 0.5 m (D1), 2.5 m (D2), 5 m (D3), and 10 m (D4). Participants used the direction keys on the Oculus controller to compare and evaluate the legibility and weight of the fonts. The evaluation scale ranged from 1 to 5, with options from “left font is much better” to “right font is much better.” To minimize fatigue, the evaluation scale was reset to the middle position (3) after each selection. To address potential visual fatigue from repeated selections, we conducted semi-structured interviews with a subset of 13 participants. The detailed interview records, with all names edited into numbers, can be found in the GitHub repository. Participants were encouraged, but not required, to explain why they found one font more readable than another. After completing the evaluation, a thank you screen appeared. Participants were given a 2–3 min rest while the data was compiled and confirmed. They were then asked to complete the same test in different non-native language. The entire experiment took less than 30 min. Finally, participants removed the VR equipment and were invited to verbally share their experiences, feelings, and subjective assessments of the experiment. The research staff then accompanied participants out of the lab, ensuring they left smoothly and contentedly.
The overall flow of the experiment and the detailed task steps are illustrated in Figure 3, which outlines both the main procedural steps and the individual tasks that participants completed during the experiment.
[image: Experiment flowchart with two sections: "Experiment flow" and "Task flow". In "Experiment flow," steps include introduction, consent, familiarization, conducting native (L1) and non-native (L2 or LN) language experiments, completing a questionnaire, and ending the experiment. "Task flow" involves selecting languages (Japanese, Chinese, English) and evaluating glyph legibility on a scale of one to five, and completing the glyph task.]FIGURE 3 | Experiment flow and task flow diagram.3.6 Data analysis and processing
3.6.1 Data collection
At the conclusion of the experiment, we collected a comprehensive dataset for each glyph presented during the trials, which included the following independent variables:
	• Distance (4 levels)
	• Glyphs (6 groups for Japanese, 4 groups for Chinese, and 3 groups for English)
	• Fonts (6 types)
	• Native language (3 types)

The dependent variables collected for each trial included:
	• Semi-structured interviews data (13 person in total)
	• User evaluation results (Will be converted to the score of each font in terms of distance, font, and native speaker conditions)

In total, we collected 12,476 valid datasets, comprising 5,802 sets for the Japanese experiment (6 glyph groups × 4 distances × 6 fonts × 20 participants), 3,834 sets for the Chinese experiment (4 glyph groups × 4 distances × 6 fonts × 20 participants), and 2,840 sets for the English experiment (3 glyph groups × 4 distances × 6 fonts × 20 participants). Although our experimental design anticipated these exact counts, slight discrepancies between the expected and actual numbers emerged due to the random combination approach and unavoidable system-related factors during data collection. It is important to note that the distribution of all variables remained nearly uniform, ensuring that these minor deviations did not compromise the overall balance or representativeness of the dataset. Additionally, qualitative data from the interviews were included to supplement and interpret the quantitative findings, providing a more comprehensive understanding of participants performance and cognitive processes during the experiment.
3.6.2 Data pre-processing
The randomized stimulus presentation in our full factorial design led to minor frequency imbalances across font comparison conditions. To establish comparable metrics, we implemented a normalized scoring system translated the 5-point evaluation scale into comparative scores for each font. Participants’ ratings were converted as follows:
	• 1: 2 points for the left font
	• 2: 1 point for the left font
	• 3: no points for either font
	• 4: 1 point for the right font
	• 5: 2 points for the right font

This trichotomous scoring system (0, 1, or 2 points per comparison) operationalized three distinct preference levels:
	• 0 point: Absolute neutrality or participants chosed another font.
	• 1 point: This font is little better than the other font
	• 2 points: This font is very good than the other font

To disentangle the effects of font preference, glyph, distance, and native language, our analysis progressed through four investigative phases.
First, We ran separate General Linear Models (GLM) the full dataset and to each distance (D1–D4) to test main effects (Font, Distance, Glyph Complexity, Native Language) and interactions (Font × Distance, Font × Glyph, Font × Distance × Native, etc.).
Next,. for items showing significant effects, such as Distance × we visualized the results using error bar plots (displaying mean values along with their 95% confidence intervals) and conducted univariate tests and used Estimated Marginal Means (EMM) for pairwise post hoc (Tukey’s HSD) comparisons for each group to observe trends in font styles (sans and sans-serif) and font weights across different distances. Then, for more detailed variable combinations, such as Font × Distance × Glyph and Font × Distance × Native, we similarly used error bar plots displaying mean values along with their 95% confidence intervals to observe trends both within each group and overall. Notably, 65.1% of the scores were 0 points, 26.1% were 1 point, and only 8.8% were 2 points. Since most font scores were concentrated at the lower end, the overall mean was relatively low. To better capture the trends in the data, we adjusted the y-axis scaling of the plots to highlight subtle differences among groups. Subsequent analyses included ANOVA and Tukeys HSD post hoc tests for each group to evaluate statistical significance.
Finally, to present our findings more clearly, we recalculated the winning rates (the number of times a font was selected divided by the total number of trials) for data showing significant trends and converted them into probabilities for better observation and visual representation.
4 RESULTS
4.1 Semi-structured interview analysis
During the experiment, early participants (IDs 02, 05, 06, 10) reported issues related to distraction and boredom, stemming from the repetitive nature of the selection tasks. To address the potential cognitive fatigue induced by these repetitive choices, we conducted semi-structured interviews with a targeted subset of 13 participants during the mid-to-late stages of the experiment. The primary objective of these interviews was to gain deeper insights into participants’ cognitive processes, subjective experiences, and any challenges they encountered throughout the experiment.
The interview questions were designed to explore several key areas, including, but not limited to:
	• Personal Preference: Do you have any specific fonts that you prefer in your daily life?
	• Reason for Choice: What makes the current font more readable to you?
	• Emotional Response: How does this font affect your feelings or emotional response?
	• Challenges: What difficulties or challenges did you experience during the experiment?

These interviews were systematically recorded and transcribed, followed by a thematic analysis to identify recurring themes and patterns. The analysis revealed that, while legibility was the primary concern for most participants aligning with the core objective of our experimental design some participants were also influenced by their emotional preferences, such as a preference for thin or bold fonts. Additionally, a small subset of participants prioritized aesthetic appeal over legibility in their font choices.
The thematic analysis of the interview data highlighted several critical insights:
4.1.1 Language-specific differences
	• Chinese and Japanese: At the closest distances (D1), participants generally found serif fonts more readable than sans-serif fonts, although overly bold fonts were considered inappropriate. As the viewing distance increased (D2 to D4), the influence of font type diminished, while the impact of font weight became more pronounced. For complex glyphs(2<C≤4,C>4), thinner fonts were preferred for legibility, whereas for simpler glyphs, bolder fonts were favored.
	• English: Thin sans-serif fonts were found to be more readable at close distances (D1), while thin serif fonts were preferred at a comfortable near distance (D2). At the farthest distances (D4), bold fonts were easier to read. One participant noted that short words were readable in any font, but longer words were more legible in thinner fonts.

4.1.2 Font aesthetics vs. legibility
	• Close Distances: At the nearest and comfortable near distances (D1 and D2), participants showed a preference for font aesthetics. For Chinese and Japanese text, serif fonts were more popular, whereas for English text, sans-serif fonts were favored. Font weight preferences varied depending on the complexity of the glyphs.
	• Far Distances: As the distance increased (D3 and D4), the emphasis shifted from aesthetics to legibility. Participants exhibited a growing preference for sans-serif fonts for Chinese and Japanese text, and for serif fonts for English text.

The interview results provide valuable background information and insights that supplement and help in interpreting the experimental results.
4.2 Analysis of individual factors
Our experiment was conducted across three different language environments. Participants, whose native languages varied, completed tasks in both their native language and a non-native language. In each experiment, six distinct fonts were evaluated under varying viewing distances and levels of glyph complexity. Overall, as shown in Figure 4, English fonts received the highest scores, while Chinese fonts scored the lowest. Pairwise comparisons revealed significant differences: (CN vs. EN: MeanDifference(MD)=−0.22,p<0.001; CN vs. JP: MD=−0.05,p<0.001; EN vs. JP:MD=0.17,p<0.001).
[image: Line graph showing average font scores with 95% confidence intervals for CN, JP, and EN categories. Scores increase from CN to EN, and all pairwise comparisons show significant differences, marked by asterisks.]FIGURE 4 | Overall font preferences of Chinese, Japanese, and English Experiments. The x-axis represents different language experiments (CN = Chinese, JP = Japanese, EN = English), and the y-axis shows the mean font scores (with 95% confidence intervals). Significant differences are marked by “*”.(∗p<0.05,∗∗p<0.01,∗∗∗p<0.001).In our experimental design, two fonts were presented in random pairs, and participants were asked to choose the more legible font under the given conditions. The selected font received either 1 or 2 points, whereas the non-selected font received 0 points. If participants judged the two fonts to be equivalent, both fonts were assigned 0 points. Consequently, the overall results can be interpreted in two ways. First, the influence of font characteristics on legibility may vary by language: English fonts received higher scores compared to Chinese or Japanese fonts. Second, participants performance on non-native language tasks may have had a strong influence. Specifically, since nearly all non-native speakers (CL1 and JL1) were L2 speakers in the English experiment, while the non-native groups in the Japanese and Chinese experiments comprised both L2 and LN participants, preferences for unfamiliar scripts may differ substantially from those of native speakers particularly in the Chinese experiment.
Next, we conducted between-subjects tests on both the main effects (Font, Distance, Glyph, and Native Language) and their interaction terms for each language experiment (CN, EN, JP), as summarized in Table 2. Although the main effects showed high levels of significance, our focus was on the more complex interaction effects (i.e., two-way and three-way interactions). Therefore, the following discussion emphasizes the group-level effects of these interaction variables across the different language conditions.
TABLE 2 | Tests of between-subjects effects by Glyph, font, distance, and native language.	Experiment	Case	Sum of squares	Df	Mean square	F	Sig	Partial η2
	Chinese	Font	40.134	5	8.027	27.557	0.000	0.030
	Distance	49.753	3	16.584	56.936	0.000	0.037
	Glyphs	0.744	4	0.186	0.638	0.635	0.001
	Native	0.815	2	0.408	1.399	0.247	0.001
	Native × Font	19.101	10	1.910	6.558	0.000	0.015
	Font × Distance	27.779	15	1.852	6.358	0.000	0.021
	Font × Glyphs	24.751	20	1.238	4.249	0.000	0.019
	Native × Font × Distance	13.787	30	0.460	1.578	0.024	0.011
	Native × Font × Glyphs	17.353	40	0.434	1.489	0.025	0.013
	Font × Distance × Glyphs	21.616	60	0.360	1.237	0.105	0.016
	Japanese	Font	79.568	5	15.914	44.090	0.000	0.030
	Distance	13.368	3	4.456	12.345	0.000	0.005
	Glyph	3.918	7	0.560	1.551	0.145	0.002
	Native	36.253	2	18.126	50.220	0.000	0.014
	Distance × Font	28.031	15	1.869	5.177	0.000	0.011
	Glyphs × Font	37.325	35	1.066	2.955	0.000	0.014
	Native × Font	36.654	10	3.665	10.155	0.000	0.014
	Distance × Glyphs × Font	36.598	105	0.349	0.966	0.581	0.014
	Distance × Native × Font	25.792	30	0.860	2.382	0.000	0.010
	Glyphs × Native × Font	37.676	70	0.538	1.491	0.005	0.014
	English	Font	120.156	5	24.031	51.059	0.000	0.089
	Distance	2.141	3	0.714	1.516	0.208	0.002
	Glyph	3.899	2	1.950	4.142	0.016	0.003
	Native	15.700	2	7.850	16.679	0.000	0.013
	Font × Distance	52.596	15	3.506	7.450	0.000	0.041
	Font × Glyphs	2.433	10	0.243	0.517	0.879	0.002
	Font × Native	13.097	10	1.310	2.783	0.002	0.010
	Font × Distance × Glyphs	17.249	30	0.575	1.222	0.189	0.014
	Font × Distance × Native	27.148	30	0.905	1.923	0.002	0.022
	Font × Glyphs × Native	10.258	20	0.513	1.090	0.353	0.008


In the Chinese group, significant interactions were observed for:
	• Font × Distance (F=6.358, p<0.001, η2=0.021)
	• Font × Glyphs (F=4.249, p<0.001, η2=0.019)
	• Font × Native (F=6.558, p<0.001, η2=0.015)
	• Native × Font × Distance (F=1.578, p<0.05, η2=0.011)
	• Native × Font × Glyphs (F=1.489, p<0.05, η2=0.013)

In the Japanese group, significant interactions included:
	• Font × Distance (F=5.177, p<0.001, η2=0.011)
	• Font × Glyphs (F=2.955, p<0.001,η2=0.014)
	• Native × Font (F=10.155, p<0.001, η2=0.014)
	• Native × Font × Distance (F=2.382, p<0.05, η2=0.010)
	• Glyphs × Native × Font (F=1.491, p<0.05, η2=0.014)

For the English group, significant interactions were found for:
	• Font × Distance (F=7.450, p<0.001, η2=0.041)
	• Nation × Font (F=2.783, p<0.01, η2=0.010)
	• Font × Distance × Native (F=1.923, p<0.01, η2=0.022)

Notably, in the English experiment, the interaction between Font and Glyphs did not reach statistical significance (p>0.05), nor did any other interactions.
Although some of these interaction effects exhibit medium effect sizes, the complexity of these interactions coupled with the sensitivity of font evaluation requires a comprehensive interpretation. Therefore, we classified the experiments by language and performed detailed comparisons of the various parameter combinations within each language environment.
4.2.1 Chinese experiment
Figure 5 illustrates the overall comparative relationships among fonts in the Chinese experiment at different distances. We focus first on these global patterns. For more detailed analysis especially the complex interactions of font × native and font × glyph at each distance we fit separate GLM models per distance to examine between-group effects. Whenever a complex interaction effect reached significance at a given distance, we first conducted a univariate test on the interaction term to confirm an overall group effect (Univariate Tests) for example, when the SaB font yielded a significant result with a non-negligible effect size (η2=0.023,p<0.05) then applied Estimated Marginal Means (EMM) to carry out pairwise comparisons. For instance, under the SaB condition, native English speakers (EL1) showed greater acceptance of that font than native Japanese speakers (JL1) (EL1>JL1,p<0.05). To maintain readability, we reported only the direction of the mean difference like “EL1 > JL1,” and its p-value, and interpreted each comparison in light of its practical relevance for VR text legibility. This procedure allows us to retain the broad trends while providing finer-grained case analyses. All statistical outputs for the Chinese GLM (including Univariate Tests and EMM contrasts) are provided in the Supplementary Material - GLM Model Result - CN. pdf.
[image: Eight line graphs, labeled (a) to (h), compare average font scores in the Chinese experiment across different font names and styles (Black, Middle, Thin, Sans-serif, Serif). Different colors represent datasets D1 to D4. Asterisks indicate varying significance levels: * (p < 0.05), ** (p < 0.01), *** (p < 0.001). Error bars represent 95% confidence intervals.]FIGURE 5 | Legibility comparisons across Chinese font styles and weights at four viewing distances. (a–d) present serif vs. sans-serif contrasts under each weight category, while (e–h) present weight contrasts (Black, Middle, Thin) within each font styles; the x-axis lists font names, and the y-axis shows mean performance scores (0–2) with 95% confidence intervals; post hoc pairwise comparisons (EMM) are indicated by asterisks (∗p<0.05;∗∗p<0.01;∗∗∗p<0.001).Based on the between-group effects at each distance, at D1 and D2 the font × glyph interaction (F(15,1010)=1.97,p<0.05,η2=0.031 in D1; F(15,974)=1.97,p<0.001,η2=0.046 in D2) and the font × native interaction (F(10,1010)=3.527,p<0.001,η2=0.036 in D1; F(10,1010)=2.41,p<0.01,η2=0.026 in D2) were both significant. We therefore compared the EMM results for D1 and D2. In contrast, at D3 and D4 the between-group effects of these interaction terms were not significant (p>0.05), so we do not discuss their details for those distances.
4.2.1.1 Serif Font vs. Sans-Serif Font
As shown in Figures 5a–d, for D1–D3 (panels abc) the bold serif font (SeB) tended to yield higher scores than the bold sans-serif font (SaB). Moreover, at D1 we found that JL1 and CL1 showed greater acceptance of SeB compared to EL1 (p<0.01,η2=0.01) (JL1>EL1,p=0.01; CL1>EL1,p<0.01). At D4 (panel d), although all fonts performed poorly overall, the medium-weight sans-serif font (SaM) outperformed the medium-weight serif font (SeM).
4.2.1.2 Font weight comparisons
As shown in Figures 5e–h, at close distances D1 and D2 (panels ef) the medium weights (SaM, SeM) performed best. However, neither the font × glyph nor the font × native interaction reached significance for SaM and SeM (p>0.05), so we do not report further pairwise contrasts for them. Although SaT and SeE showed slightly better performance at D1, from D2 onward they lagged behind the medium and bold weights. According to the EMM results, at D1 and D2 within SaT and SaE the more complex glyphs performed better (D1: C1 < C2 & C3 & C4, p<0.01 in SaT; C1 < C3, p<0.05, C1 < C4, p<0.01 in SeE; D2: C1 & C2 < C3 & C4, p<0.01 in SaT). By contrast, at D2 in SeB the simpler glyphs were favored (p<0.05,η2=0.01; C1 > C2, p<0.05; C1 > C3, p<0.01; C1 > C4, p=0.01).
At far distances D3–D4 (panels gh), particularly at D3, SaM and SeB yielded the highest scores. Although D4 scores were generally low, the trend across weights mirrored that of D3 (panels g–h) i.e., SaM outperformed SaT, and serif fonts showed increasing scores from light to bold. Since the interaction effects at D3 and D4 were not significant (p>0.05), we refrain from further specific comparisons.
In summary, for Chinese characters at close viewing distances (D1–D2), the bold serif font (SeB) is most legible especially for the JL1 and CL1 groups and simple glyphs pair best with SeB, whereas complex glyphs benefit more from lighter weights such as SaT or SeE. This may be because at close range the visual system prefers a balance between glyph complexity and font weight: highly complex characters require lighter weights to avoid visual overload, while very simple characters need slightly heavier weights to enhance clarity. Additionally, close viewing makes fine details more discernible, so decorative strokes in simple glyphs may confer greater comfort for native readers (CL1 and JL1).
4.2.2 Japanese experiment
Figure 6 illustrates the overall font performance in the Japanese experiment at four viewing distances. Subplot layout and parameter settings match those of the Chinese experiment. As in the Chinese analysis, we first assess global font effects see Figure 6, then fit separate GLM models per distance to test font × native and font × glyph, and font × native × glyph interactions, following up significant interactions with Univariate Tests and EMM-based post hoc contrasts, using the same data structure as described in Section 4.2.1. All Japanese GLM outputs are provided in the Supplementary Material - GLM Model Result - JP. pdf.
[image: Eight graphs labeled (a) to (h) show average font scores in the Japanese experiment for different font styles: Black, Middle, Thin, Sans-serif, and Serif. Each panel compares four datasets (D1 to D4) marked by colors: green, blue, purple, and red. Statistical significance is indicated by asterisks, with varying levels (*, **, ***). Score ranges from 0.00 to 2.00 with error bars for confidence intervals.]FIGURE 6 | Legibility comparisons across Japanese font styles and weights at four viewing distances. (a–d) present serif vs. sans-serif contrasts under each weight category, while (e–h) present weight contrasts (Black, Middle, Thin) within each font styles; the x-axis lists font names, and the y-axis shows mean performance scores (0–2) with 95% confidence intervals; post hoc pairwise comparisons (EMM) are indicated by asterisks (∗p<0.05;∗∗p<0.01;∗∗∗p<0.001).Based on between group tests of interaction terms at each distance:
	• D1: Font × Native (F(10,1438)=4.388,p<0.001,η2=0.032) and Font × Glyph × Native (F(50,1438)=1.564,p<0.01,η2=0.056) were significant.
	• D2: Font × Native (F(10,1450)=2.359,p<0.01,η2=0.017) and Font × Glyph (F(25,1450)=2.180,p<0.001,η2=0.039) were significant.
	• D3: Font × Native (F(10,1468)=4.319,p<0.001,η2=0.031), Font × Glyph (F(25,1468)=2.138,p<0.001,η2=0.038) and Font × Glyph × Native (F(50,1468)=1.405,p<0.05,η2=0.049) were significant.
	• D4: Font × Glyph was significant (F(25,1446)=1.638,p<0.05,η2=0.030).

4.2.2.1 Serif Font vs. Sans-Serif Font
At D1 (panel a), SeB scored significantly higher than SaB. MM comparisons show that Japanese natives (JL1)(p<0.001,η2=0.051) preferred SeB over SaB (SeB>SaB,p<0.001). In the three way Font× Native Glyph contrasts, JL1 at glyph J1(p<0.001,η2=0.028) showed an even stronger SeB preference (SeB>SaB,p<0.01).
By D3 and D4 (panels cd), SaM outperformed SeM, especially for glyph J3 (D3:p<0.001,η2=0.039;D4:p<0.05,η2=0.023) (D3: SaM > SeM, p < 0.001; D4: SaM > SeM, p < 0.05). English natives (EL1) at D3 (p<0.001,η2=0.042) also significantly favored SaM over SeM(SaM>SeM,p<0.001). This pattern suggests that decorative serifs enhance legibility at close range but impose visual clutter at greater distances.
4.2.2.2 Font weight comparisons
In panels eh of Figure 6, we compare light, medium, and bold weights of each font (panels efgh):
At D1 (panel e), Medium weights (SaM, SeM) significantly outperformed both light and bold. For example, SaM outperformed SaT (SaM>SaT,p<0.001) and SaM outperformed SaB (SaM>SaB,p<0.01) at glyph J4 (p<0.001,η2=0.020).
At D2 (panel f), In sans serif fonts, SaM remained best, but SaB began to pull ahead of SaT, especially at J3 (p<0.001,η2=0.014) (SaB > SaT, p > 0.001). In serif fonts, SeB performed better than SeE and SeM, particularly for J1 (p<0.001,η2=0.015) (SeB > SeE, p = 0.001; SeB > SeM, p > 0.05). Hiragana (J1) has simple curves, so a decorative bold weight may enhance recognition without hindering cognition. In addition, JL1 preferred SeB over CL1 and EL1 (JL1>CL1,p<0.001;JL1>EL1,p<0.01).
By D3–D4 (panels gh), Both SaM and SaB outperformed SaT across most glyphs. At D3 (panel g), SaT was the weakest than SaB and SaM (J1–J5: SaB>SaT,p<0.05; J2–J5: SaM>SaT,p<0.05), though no significant contrasts appeared for the most complex glyph J6(p>0.05). Additionally, JL1 accepted SaB and SaM more than CL1 (SaB: JL1>CL1,p<0.001; SaM: JL1>CL1,p<0.05), but less than EL1 for SaB font (JL1<EL1,p<0.01). At D4, only in the simplest glyphs did SaB and SaM fonts significantly outperform SaT font (J1-J3: SaB>SaT,p<0.05; J2-J3: SaM>SaT,p<0.05;). Furthermore Serif weights followed a similar trend: SeB was strongest. At D3, especially in J3(p<0.001,η2=0.039), SeB outperformed SeM and SeE(SeB>SeM,p<0.01;SeB>SeE,p<0.001), and similarly to sans-serif fonts, JL1 preferring SeB more than CL1 (JL1>CL1<0.01). At D4, SeB significantly exceeded SeE and SeM in J2–J3 (J2: p<0.01,η2=0.019; J3: p<0.05,η2=0.023) (J2 and J3:SeB>SeE,p<0.01,SeB>SeM,p<0.05).
In other words, at close distances, bold decorative weights improve legibility of simple glyphs; at far distances, light weights become unsuitable. Overall, Japanese natives (JL1) favor bold weights at near range, while English natives (EL1) show strong preferences for sans serif at all distances, and Chinese natives (CL1) are less inclined toward bold weights.
4.2.3 English experiment
Figure 7 illustrates the overall font performance in the English experiment at four viewing distances, with subplot arrangement and analysis procedures as in the Chinese experiment. We first assess global font effects see Figure 7, then fit separate GLM models per distance to test font × native and font × glyph interactions, following up significant interactions with Univariate Tests and EMM-based post hoc contrasts, also using the same data structure as described in Section 4.2.1. All English GLM outputs are provided in the Supplementary Material - GLM Model Result - EN. pdf.
[image: Eight graphs labeled from (a) to (h) compare average font scores in the English experiment with error bars for different fonts in the categories Black, Middle, Thin, Sans-serif, and Serif, across four datasets D1 to D4, represented by different colors. Significant differences are marked with asterisks. The x-axis shows font abbreviations, while the y-axis indicates the font score with a ninety-five percent confidence interval.]FIGURE 7 | Legibility comparisons across English font styles and weights at four viewing distances. (a–d) present serif vs. sans-serif contrasts under each weight category, while (e–h) present weight contrasts (Black, Middle, Thin) within each font styles; the x-axis lists font names, and the y-axis shows mean performance scores (0–2) with 95% confidence intervals; post hoc pairwise comparisons (EMM) are indicated by asterisks (∗p<0.05;∗∗p<0.01;∗∗∗p<0.001).4.2.3.1 Serif font vs. Sans Serif font
In Figures 7a–d, although no post hoc comparison between serif and sans serif of the same weight reached statistical significance, clear trends emerged. At D1 and D2, the light serif font (SeT) scored lower than its sans serif counterpart (SaT). At D3 and D4, the bold serif font (SeB) scored lower than bold sans serif (SaB), and medium serif (SeM) scored lower than medium sans serif (SaM). Notably, at D4 the Font × Native interaction was significant (F(10,718)=2.198,p<0.05,η2=0.032), and EMM comparisons indicate that Japanese natives (JL1) accepted SeM more than Chinese (CL1) and English (EL1) natives (p<0.01,η2=0.016) (JL1>CL1,p=0.001; JL1>EL1,p<0.05). Overall, however, sans serif fonts slightly outperformed serif fonts.
4.2.3.2 Font weight comparisons
In Figures 7e–h, multiple post hoc tests revealed significant effects. At the closest distance D1, medium weights (SaM and SeM) performed best for both serif and sans. Because no detailed interaction effects were significant at D1 (p>0.05), we did not conduct EMM tests for that distance. From D2 through D4 (panels fgh), the same pattern held: both medium and bold weights outperformed light weights, and bolds gained relative advantage as distance increased. In the between group analyses, the Font × Native interaction was significant at D2 (F(10,670)=2.545,p<0.01,η2=0.040) and at D4 (F(10,718)=2.198,p<0.05,η2=0.032). EMM results showed significant native group differences for SaB (p<0.001,η2=0.028 in D2), SeB (p<0.01,η2=0.016), and SeM (p<0.01,η2=0.018). Specifically, at D2, JL1 rated SaB, SeB, and SeM higher than CL1 and EL1 (SaB: JL1>CL1,p<0.01;JL1>EL1,p<0.001; SeB: JL1>CL1,p<0.05;JL1>EL1,p<0.01; SeM: JL1>CL1,p<0.05;JL1>EL1,p<0.01). At D4, JL1 accepted SaB, SeB, and SeM more than CL1 (SaB: p<0.01; SeB: p<0.001; SeM: p=0.001) and accepted SeB and SeM more than EL1 (SeB: p<0.001; SeM: p=0.001).
In summary, sans serif fonts slightly outperformed serif overall. At the nearest distance, medium weight fonts held an advantage. As distance increased, both medium and bold weights remained strong especially bolds which were most preferred by Japanese native readers. Light weights (both serif and sans) are generally unsuitable for VR presentation at comfortable (D2–D3) or far (D4) distances.
4.2.4 Summary
Because the number of possible interaction combinations is large, we only summarize in the main text those cases where all three tests between-group effects, Univariate Tests, and EMM pairwise comparisons were significant and the effect size was non-negligible. While this approach guarantees statistical rigor, it can obscure overall trends and make it harder to visually assess the full data pattern. Since the font × native and font × glyph interactions were most consistently significant across distances, we visualized these two interaction types in Figures 8–10 and annotated each significant contrast with “*,” “**,” or “***.” This serves two purposes: (1) to display the complete set of results for an intuitive view of global trends, and (2) to call out the significant comparisons for detailed inspection. To enhance readability, the full set of detailed contrasts and explanations for Figures 8–10 is provided in Appendix A. The summary section then integrates these visual trends with the quantitative findings from the Chinese, Japanese, and English experiments.
[image: Twelve line charts from the Chinese experiment with 95 %-CI error bars showing mean performance scores (0 -2 scale) for six fonts (SaB, SaM, SaT, SeB, SeM, SeE) across four viewing distances (D1–D4). Panels 1–6 plot performance against increasing glyph complexity (C1–C4). Panels 7 -12 plot performance by native language group (CL1, JL1, EL1). Asterisks mark significant pairwise differences.]FIGURE 8 | Font performance trends of Chinese fonts under varying glyph complexity, native language groups, and viewing distances. (1)–(6) illustrate how font performance varies with different glyph complexities (x-axis), while (7)–(12) show how performance differs across native language groups (x-axis). In all panels, the y-axis indicates the mean font performance scores (0–2 scale) with 95% confidence intervals, where “M” denotes the average score for each font. Separate post hoc analyses were conducted for each trend, with significant differences marked by “*”.(∗p<0.05,∗∗p<0.01,∗∗∗p<0.001).For the Chinese experiment, our findings suggest that at extreme long distances (D4) serif fonts and light fonts (e.g., SaT, SeM, and SeE) should be avoided (see panels 3, 5, and 6 in Figure 8). Moreover, complex glyphs whether rendered in bold or light weights resulted in suboptimal legibility (refer to panels 1–6 in Figure 8). Therefore, it is recommended to increase font size when possible, particularly for native English speakers (see panels 8–11 in Figure 8). For simple Chinese characters, increasing font weight at longer distances improves legibility for both native and non-native groups. Conversely, at closer distances (D1–D2), the bold serif font SeB demonstrates superior acceptability, especially among Japanese (JL1) and Chinese (CL1) native speakers. Specifically, simple glyphs benefit from bold serif fonts (e.g., SeB), while complex glyphs perform better with light fonts like SaT or SeE. This likely reflects the eye’s need for balanced weight distribution: lighter fonts reduce visual density for complex characters, while slightly heavier weights optimize simple characters (see panels 2, 3, 5, and 6 in Figure 8). Additionally, decorative serif details enhance comfort for Chinese natives and Japanese natives at close range. These aesthetic considerations should be balanced against legibility requirements.
For the Japanese experiment, the trend of Chinese characters (Kanji: J3–J6) was similar to that observed in the Chinese experiment. At extreme long distances (D4), light fonts such as SaT and SeE are not recommended (see panels 3 and 6 in Figure 9). Furthermore, for complex glyph forms, the use of bold fonts (e.g., SaB and SeB) should be minimized (see panels 1 and 4 in Figure 9). Instead, medium-weight fonts adjusted in size according to complexity are recommended. For simple glyphs, a moderate weight increase enhances legibility, with decorative bold fonts improving perception at close range. Crucially, native language groups exhibit distinct preferences: English speakers (EL1) favor sans-serif fonts overall, Chinese speakers (CL1) show lower acceptance of bold fonts, while Japanese speakers (JL1) demonstrate strong preference for bold fonts (both serif and sans-serif) at close distances with large text. At comfortable or close distances (D1–D3), serif fonts with reduced weight improve legibility for complex Chinese characters (see panels 1, 2, 3, and 5 in Figure 9), whereas light fonts such as SaT and SeE remain unsuitable for simple glyphs (see panels 3 and 6 in Figure 9).
[image: Twelve line charts from the Japanese experiment with 95 %-CI error bars showing mean performance scores (0 -2 scale) for six fonts (SaB, SaM, SaT, SeB, SeM, SeE) across four viewing distances (D1–D4). Panels 1 -6 plot performance against increasing glyph complexity (J1–J6). Panels 7 -12 plot performance by native language group (CL1, JL1, EL1). Asterisks mark significant pairwise differences.Use hyphens to connect each data point.]FIGURE 9 | Font performance trends of Japanese fonts under varying glyph complexity, native language groups, and viewing distances. (1)–(6) illustrate how font performance varies with different glyph complexities (x-axis), while (7)–(12) show how performance differs across native language groups (x-axis). In all panels, the y-axis indicates the mean font performance scores (0–2 scale) with 95% confidence intervals, where “M” denotes the average score for each font. Separate post hoc analyses were conducted for each trend, with significant differences marked by “*”.(∗p<0.05,∗∗p<0.01,∗∗∗p<0.001).An additional consideration in the Japanese experiment is the role of kana. Katakana (J2), characterized by predominantly straight strokes, and Hiragana (J1), known for its curvilinear features, exhibit different font preferences. At closer distances (D1 and D2), Hiragana tends to be more suitable for serif fonts, regardless of weight. However, at farther distances (D3 and D4), the differences between the two become less pronounced.
In the English experiment, sans-serif fonts generally outperform serif fonts marginally. Complex glyph forms (i.e., complex words) did not significantly affect legibility, and detailed comparisons did not reveal clear trends (see panels 1–6 in Figure 10). At close distances (D1), medium-weight fonts demonstrate optimal performance. As distance increases (D2-D3), both medium and bold weights show good results, with bold fonts (SaB, SeB, SeM) being strongly preferred by Japanese speakers (JL1). Additionally, JL1 participants increasingly preferred bold fonts like SaB and SeB at D3 and D4 (see panels 7 and 10 in Figure 10), while native English speakers favored bold fonts at D4. Notably, light fonts (both serif and sans-serif) are unsuitable for VR presentation at D2-D4.
[image: Twelve line charts from the English experiment with 95 %-CI error bars showing mean performance scores (0 -2 scale) for six fonts (SaB, SaM, SaT, SeB, SeM, SeT) across four viewing distances (D1–D4). Panels 1–6 plot performance against increasing glyph complexity (E1–E3). Panels 7–12 plot performance by native language group (CL1, JL1, EL1). Asterisks mark significant pairwise differences.Use hyphens to connect each data point.]FIGURE 10 | Font performance trends of English fonts under varying glyph complexity, native language groups, and viewing distances. (1)–(6) illustrate how font performance varies with different glyph complexities (x-axis), while (7)–(12) show how performance differs across native language groups (x-axis). In all panels, the y-axis indicates the mean font performance scores (0–2 scale) with 95% confidence intervals, where “M” denotes the average score for each font. Separate post hoc analyses were conducted for each trend, with significant differences marked by “*”.(∗p<0.05,∗∗p<0.01,∗∗∗p<0.001).5 DISCUSSION
5.1 Distinct font preferences for native and non-native speakers across language groups
Our experimental results indicate that different native language groups exhibit distinct font preferences when processing both their native language and non-native scripts. Specifically, familiarity with a language leads to clear font preferences, whereas for unfamiliar languages, these preferences become less defined.
More precisely, the results demonstrate that, in each language-specific experiment, both native and non-native speakers showed varying font preferences between their L1 and non-L1 scripts. However, a detailed comparison in the Results section revealed that the influence of viewing distance on trends related to native language preferences was somewhat inconsistent. Although the Distance × Font × Native interaction was statistically significant across all language experiments (see Table 2), this result may primarily reflect the stronger effects of the Font and Native factors. To clarify the language-related preferences, we excluded the distance factor and employed a heat map (Figure 11) to illustrate the trends in the Font × Native interactions across the different languages.
[image: Heatmap displaying three experiments: Japanese, Chinese, and English. Each experiment shows data for six fonts (SaB, SaM, SaT, SeB, SeE, SeM) across three participants (CL1, JL1, EL1). The color scale ranges from blue, indicating lower numbers, to red, indicating higher numbers. Numbers represent the winning rate of each font based on participants' evaluations.]FIGURE 11 | Heatmap illustrating font × native interactions across different language experiments (derived from each fonts winning rate).To define significant areas of heat on the maps, we applied a rule based on mean values and differences. First, we calculated the mean of the heat map data and preliminarily designated values above this mean as significant. To more precisely identify areas of concentrated high values, we further defined any value above the mean as “concentrated heat” if its difference from surrounding high-value areas was less than or equal to 10.
Figure 11 shows that, for Japanese fonts, native Chinese (CL1) and Japanese (JL1) speakers preferred Sans-MediumJP (SaM), Serif-MediumJP (SeM), and Serif-BlackJP (SeB) fonts, whereas native English speakers (EL1) favored Serif-BlackJP (SeB) and Sans-MediumJP (SaM) fonts. In the English experiment, both native (EL1) and non-native speakers (CL1 and JL1) exhibited similar preferences, focusing on Sans-Black (SaB), Sans-Medium (SaM), Serif-Black (SeB), and Serif-Medium (SeM) fonts, with a notable bias toward sans-serif typefaces.
For Chinese fonts, the heat maps revealed a more dispersed preference pattern, especially among non-native participants (JL1 and EL1). In contrast, native Chinese speakers (CL1) demonstrated a clear preference for Sans-MediumSC (SaM), Serif-BlackSC (SeB), and Serif-MediumSC (SeM) fonts, a pattern similar to their preferences for Japanese fonts. Conversely, non-native speakers (JL1 and EL1) showed more varied preferences for Chinese fonts, with a notably lower win rate for Sans-BlackSC (SaB).
This phenomenon suggests that when individuals are exposed to a familiar language (whether L1 or a well-practiced L2) for example, when EL1 and CL1 are processing Japanese or when CL1 and JL1 are processing English they tend to display similar and distinct font preferences, likely influenced by legibility considerations. In contrast, when the language is unfamiliar (L2 or LN), such as JL1 and EL1 encountering Chinese, font preferences are less pronounced. In these cases, aesthetic judgment may play a more decisive role, particularly at closer distances where the letterform contours are clearly discernible. This finding supports earlier research by Blohm et al. (2018) and Gao et al. (2019), which suggests that fonts with lower inherent legibility can sometimes enhance aesthetic appreciation when semantic content is not the primary focus.
Our detailed comparisons indicate that as the viewing distance increases especially at the extreme limit both native and non-native participants shift their criteria toward recognizability of letter contours. For complex Chinese and Japanese characters, neither bold nor thin typefaces significantly improve overall preference, implying that a larger font size may be necessary. In contrast, for simpler Chinese characters, kana, and English words, non-serif bold fonts tend to perform better at longer, particularly extreme, viewing distances. Everyday visual environments shape font biases across scripts.
Finally, although direct empirical data are limited, cultural exposure may further shape these biases. JL1 participants consistently favored bold weights across all language contexts perhaps reflecting the ubiquity of heavy lettering in Japanese signage and advertising. Likewise, in our English experiment, sans-serif and bold styles were strongly preferred by every group. Mackiewicz found that academic audiences rated sans-serif PowerPoint text nearly twice as readable as serif text (Mackiewicz, 2007), and since our sample comprised mostly university students, habitual exposure to these styles may have influenced their legibility judgments.
5.2 Impact of font style and weight on preferences and design implications
Typefaces are primarily defined by their style (serif vs. sans-serif) and weight (thin, medium, bold). Overall, since medium-weight fonts exhibited the best performance, we focused on comparing the trends between bold (black) and thin (light) fonts, excluding medium-weight fonts for clarity. Figure 12 illustrates these trends, with blue lines representing bold fonts and orange lines representing thin fonts. Dark-colored lines denote serif fonts, while light-colored lines denote sans-serif fonts. The x-axis indicates the typeface design (i.e., glyph complexity), and the y-axis shows the win rate (calculated as the number of wins divided by the total number of appearances) for each font across different glyph complexities.
[image: Three side-by-side line graphs showing win rates (%) for three experiments: J1–J6 (Japanese), C1–C4 (Chinese), and E1–E3 (English). In each graph, four lines compare Black and Thin font weights in both serif and sans-serif styles. In the Japanese and Chinese graphs, win rates vary linearly with glyph complexity: as complexity increases, Black fonts decline while Thin fonts rise, and serif variants consistently outperform sans-serif. In the English graph, all four lines run in parallel regardless of glyph, with Black fonts always above Thin and sans-serif slightly above serif.]FIGURE 12 | Win rate trends of fonts across languages and Glyph complexity levels.Clear trends emerged across languages. For both Japanese and Chinese, a crossover trend was observed with increasing complexity: bold fonts tended to show a decrease in win rate, while thin fonts exhibited an increase. This suggests that as character complexity increases, bold fonts become less favorable, while thin fonts become more favorable. Moreover, English shows a more parallel trend, indicating that glyph complexity has minimal impact on font performance. However, bold English fonts consistently achieve higher win rates than their thin counterparts. This observation aligns with our findings, where English font preferences were more influenced by weight, whereas Japanese and Chinese preferences were more affected by glyph complexity. These findings align with prior work (e.g., Oderkerk and Beier, 2022) showing that increasing letter width improves letter recognition particularly for shorter and wider shapes while the complexity of Chinese and Japanese characters influences font preferences differently. Simpler characters tend to favor bolder weights, whereas more complex characters benefit from thinner strokes.
Regardless of complexity, serif fonts consistently outperformed sans-serif fonts for both Chinese and Japanese. In contrast, for English, sans-serif fonts slightly outperformed serif fonts. This reinforces the notion that serif fonts are generally preferred for more complex scripts like Chinese and Japanese-especially in close-range contexts-whereas sans-serif fonts are more suitable for English, particularly at longer viewing distances.
In summary, our findings highlight that font weight and style preferences are significantly influenced by both the inherent complexity of the script and the language context. Bold fonts are typically favored for simpler characters, while thinner fonts are preferred for more complex characters, especially in Japanese and Chinese. These insights have important implications for typography and interface design across different languages.
5.3 Summary
While initial GLM analyses revealed multiple factors significantly influencing font preferences in Sections 4.2.1–4.2.3, a detailed examination of the results in Section 4.2.4 and subsequent discussions identified two primary determinants: the interaction between viewing distance and glyph complexity (Font × Distance × glyph), and native language backgrounds (Font × Native). Figure 13 synthesizes these findings to visualize font preference patterns across diverse conditions.
[image: Chart showing cases of font preference under different conditions in Japanese, Chinese, and English experiments. It displays font names with examples across various Distance×Glyph conditions (D1 to D4) and native speakers (CL1, JL1, EL1). In the Japanese and Chinese experiments, distance × glyph preferences are shown using case symbols; in the English experiment, distance × glyph preferences are shown with dots; and in the native-speaker section, all font preferences are indicated with dots.]FIGURE 13 | Comprehensive overview of font preferences by distance × Glyph, and native speaker.First, for Chinese and Japanese, the interaction between glyph complexity and viewing distance had the greatest impact on font preference. To illustrate varying glyph complexities, we selected representative characters at each level, such as “ぬ, ナ, 山, 果, 質, 襲” (J1–J6) for Japanese and “了, 沁, 庸, 譨” (C1–C4) for Chinese. Because English font preference did not significantly depend on glyph complexity, we used the word “script” (E2) as a proxy. Drawing on the detailed comparisons in the Results section, we identified which fonts performed relatively well at specific distances and for different glyphs (acknowledging that VR experiences differ substantially from screen-based viewing, but using font size to approximate distance). We applied an average score threshold of 0.5 to determine whether a font performed well. For English, glyph complexity showed no significant effect, whereas the Distance × Font did (see Table 2); accordingly, we use a dot marker in Figure 13 to denote these cases.
Second, although the initial ANOVA suggested that native language, Native × Font, and Native × Font × Distance were all significant, more detailed analyses indicated no consistent pattern for the three-way interaction. Therefore, we focused on the Native × Font level. In Figure 13, the “Native” portion is primarily based on the overall preferences shown in Figure 11, supplemented with specific font examples to clarify the results.
Our key findings can be summarized as follows:
	1. Different font weights showed distinct preferences across varying distances. In Chinese and Japanese, heavier fonts and simpler glyphs were preferred at greater distances. At closer distances (D1, D2), medium-weight fonts generally performed well across most glyphs, while lighter fonts were more suitable for complex glyphs. In contrast, English results indicated that thinner fonts consistently performed poorly, and heavier fonts were less preferred at the closest distance (D1). Therefore, in VR environments, it is advisable to avoid thin fonts for English and to refrain from using heavy fonts at D1, regardless of whether they are serif or sans serif.
	2. In Chinese and Japanese experiments, serif fonts outperformed sans serif fonts at non-extreme distances (D1, D2, D3). At closer distances especially D1 serif fonts provided a clear advantage due to their decorative details, which were more visible at close range. This was particularly evident for complex glyphs (J5, J6; C3, C4). However, bold serif fonts (SeB) were unsuitable at very close distances. Additionally, within Japanese scripts, Hiragana tended to benefit more from serif fonts than katakana. We hypothesize that katakana (e.g., ナ, フ), composed mostly of straight strokes, resembles simpler Chinese characters (e.g., 一, 七) and thus gains little from decorative elements. In contrast, Hiragana (e.g., な, ふ) with more curved strokes, appears more decorative and therefore benefits more from serif detailing.
	3. Familiarity with glyphs leads to more consistent and pronounced preferences. For example, because English is widely recognized as an international language, CL1 and JL1 participants showed nearly identical font preferences for English. In the Japanese experiments, CL1 participants familiar with kanji and often learning Japanese as a second language (regardless of proficiency) exhibited preferences similar to JL1 participants. In contrast, EL1 participants, whose native language is alphabetic, displayed different preferences. Finally, in the Chinese experiments, both EL1 and JL1 participants, with no prior study of Chinese, showed more variable preferences.
	4. When participants encountered entirely unfamiliar glyphs, their preference criterion shifted from “legibility” to “visual appeal.” Although we instructed participants to focus on legibility, the semi-structured interviews revealed that complex or unknown characters (e.g., certain Chinese glyphs) were primarily evaluated based on perceived attractiveness. Consequently, our second finding that serif fonts are preferable at close distances should be interpreted with caution. However, as the viewing distance increases and decorative details become less discernible, participants regardless of background tend to favor whichever font appears clearer.

6 LIMITATIONS AND FUTURE WORK
Although this study provides initial insights into cross linguistic font preferences in VR, several contextual factors limit the generalizability of our findings.
First, This study serves as a foundational exploration of font preferences. However, because we focused exclusively on single characters and words without sentence-level context, Therefore, the findings may not fully generalize to real-world text comprehension, where semantic content and context interact with typographic features. For instance, while our decontextualized results suggest a serif preference for Chinese and Japanese characters, these preferences may shift when participants must read meaningful sentences or understand longer passages. Second, this study is the narrow selection of font types and weight categories examined, which focused solely on black, medium, and thin weights. This limited range may not capture the full spectrum of typographic nuances such as variable fonts, stroke contrast, kerning, or other design elements especially for non-Latin scripts with unique typographic requirements. Future research should broaden the range of font characteristics to gain a better understanding of how various dimensions of type design interact with legibility and aesthetic preferences.
Third, all experiments were conducted on a single Meta Quest 3 head-mounted display (HMD) in a controlled laboratory environment; different headsets (with varying resolution, optics, or field of view) and real-world conditions (ambient lighting, multitasking, varied display sizes) could alter visual acuity, fatigue, and legibility thresholds. Finally, our study relied on a relatively small sample size (30 participants, with 20 in each native versus non-native language group), which limits the generalizability of the results. Although prior research indicates that individual differences in font preference are substantial, a larger and more diverse sample would enable more robust statistical analysis and the exploration of subgroup differences. Future work should recruit a broader participant pool to validate these findings across different age groups, educational backgrounds, and cultural contexts.
In summary, while this study provides initial insights into font preference, Future research should address these limitations by (1) incorporating meaningful text to examine how semantic content interacts with typographic features; (2) expanding the range of font characteristics tested; (3) evaluating font legibility across multiple HMD platforms and realistic reading scenarios; and (4) recruiting larger, more diverse participant samples to explore subgroup and cultural effects. By doing so, we can strengthen and broaden the applicability of VR typography guidelines across varied contexts and user populations.
7 CONCLUSION
This study conducted a cross-linguistic VR experiment to systematically investigate font preferences among native and non-native speakers across varying viewing distances (D1-D4) and glyph complexity levels. Participants performed pairwise font comparisons in three language contexts Chinese, Japanese, and English within an immersive virtual environment, generating distinct preference judgments. Through quantitative analysis of interaction effects (Font × Distance × Glyph × Native) and qualitative interviews, we identified language-specific adaptation patterns and formulated evidence-based design guidelines.
Although our work is limited by the lack of semantic context and a restricted font set, it still makes three key contributions to VR text adaptation. First, it provides empirical evidence of cross-linguistic divergence in font preferences, demonstrating that Chinese characters in Chinese and Japanese contexts benefit from serif fonts at close distances (D1–D2) while requiring greater weight adjustments for complex glyphs compared to alphabetic systems (English) consistent with prior findings on orthographic processing (Oderkerk and Beier, 2022). Second, the study highlights the dynamic interplay between aesthetic preferences and functional legibility, particularly for non-native readers who often prioritize visual appeal over legibility in unfamiliar scripts. This phenomenon aligns with dual-process theories of typographic perception (Blohm et al., 2018; Gao et al., 2019). Third, we derive practical design guidelines: (1) for English interfaces across varying distances, prioritize sans-serif fonts and increase font weight as distance increases; (2) for Chinese and Japanese texts at close distances, adjust font weight according to glyph complexity (using lighter weights for complex characters and heavier weights for simpler ones); and (3) implement adaptive text sizing for extreme viewing distances rather than relying solely on weight adjustments.
By integrating psycholinguistic principles with VR-based experimentation, this work bridges critical gaps in cross-cultural typography research. It provides a methodological framework for evaluating perceptual-cognitive interactions in immersive environments while offering actionable strategies to enhance digital inclusivity ensuring VR interfaces accommodate diverse linguistic populations through evidence-based font design. Future extensions incorporating semantic content and expanding typographic variables could further refine these guidelines, ultimately advancing VR as a universal medium for global communication.
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