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The noisy encoding of disparity model predicts perception of the McGurk effect in native Japanese speakers
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In the McGurk effect, visual speech from the face of the talker alters the perception of auditory speech. The diversity of human languages has prompted many intercultural studies of the effect in both Western and non-Western cultures, including native Japanese speakers. Studies of large samples of native English speakers have shown that the McGurk effect is characterized by high variability in the susceptibility of different individuals to the illusion and in the strength of different experimental stimuli to induce the illusion. The noisy encoding of disparity (NED) model of the McGurk effect uses principles from Bayesian causal inference to account for this variability, separately estimating the susceptibility and sensory noise for each individual and the strength of each stimulus. To determine whether variation in McGurk perception is similar between Western and non-Western cultures, we applied the NED model to data collected from 80 native Japanese-speaking participants. Fifteen different McGurk stimuli that varied in syllable content (unvoiced auditory “pa” + visual “ka” or voiced auditory “ba” + visual “ga”) were presented interleaved with audiovisual congruent stimuli. The McGurk effect was highly variable across stimuli and participants, with the percentage of illusory fusion responses ranging from 3 to 78% across stimuli and from 0 to 91% across participants. Despite this variability, the NED model accurately predicted perception, predicting fusion rates for individual stimuli with 2.1% error and for individual participants with 2.4% error. Stimuli containing the unvoiced pa/ka pairing evoked more fusion responses than the voiced ba/ga pairing. Model estimates of sensory noise were correlated with participant age, with greater sensory noise in older participants. The NED model of the McGurk effect offers a principled way to account for individual and stimulus differences when examining the McGurk effect in different cultures.

Keywords
 audiovisual; speech; multisensory; cross-cultural; illusion


Introduction

In the McGurk effect, pairing an auditory syllable with an incongruent visual syllable produces the percept of a third syllable different than either component syllable (McGurk and MacDonald, 1976). The illusion demonstrates the powerful influence of visual information on auditory speech perception and has become a popular instrument for examining audiovisual integration (Beauchamp, 2018).

Several models have been developed to account for various properties of the McGurk effect. The pioneering fuzzy logic model of Massaro (1998) was developed to explain why some pairings of incongruent audiovisual combinations produce an illusory fusion percept, but for most, participants report the auditory component of the stimulus. More recent models improve on the fuzzy logic model (Schwartz, 2010) often by incorporating principles of Bayesian inference (Andersen and Winther, 2020; Lindborg and Andersen, 2021) and causal inference (Magnotti et al., 2013, 2018; Magnotti and Beauchamp, 2017), although models featuring dynamic predictive mechanisms (Olasagasti et al., 2015) and parallel linear dynamic processes (Altieri and Yang, 2016) have also been proposed.

One challenge to modeling studies of the McGurk effect is the relatively recent realization that there is enormous variability in the McGurk effect across experimental stimuli and participants (Schwartz, 2010; Jiang and Bernstein, 2011; Stevenson et al., 2012; Basu Mallick et al., 2015). The original description of the McGurk effect used stimuli recorded from a single talker and reported that the illusion was experienced by nearly all participants. In contrast, Basu Mallick et al. tested 12 different McGurk stimuli used in published studies and found that the efficacy of the different stimuli ranged from 17 to 58%. Across participants, some never perceived the illusion (0%) while others perceived the illusion on every presentation of every stimulus (100%) (Basu Mallick et al., 2015).

The noisy encoding of disparity (NED) model was developed in response to this observation of high variability. Rather than attempt to model the perceptual processes that produce the McGurk effect (as in the models described above), the NED model uses Bayesian, probabilistic inference to predict variation in the McGurk effect across stimuli and participants. Stimulus differences are modeled using a single parameter for each stimulus (the audiovisual disparity inherent in the stimulus), while participant differences are modeled with two parameters for each participant (an audiovisual disparity threshold and a sensory noise measure).

Using three parameters, the NED model was able to accurately predict perception in a sample of 165 native English speakers (Magnotti and Beauchamp, 2015). NED also accurately modeled perceptual differences between 8 adult cochlear implant users and 24 normal-hearing subjects who were native German speakers (Stropahl et al., 2017). The NED model validated the experimental prediction of stronger audiovisual integration in cochlear implant users while controlling for differences between stimuli.

Both previous studies that applied the NED model used participants from Western cultures (native speakers of English and German, respectively). However, perception of the McGurk effect has been reported to be markedly reduced in native Japanese speakers (Sekiyama and Tohkura, 1991, 1993). This raised the question of whether the underlying assumptions of the NED model generalize from speakers of Western languages to native speakers of Japanese. To answer this question, we measured the percepts of 80 native Japanese-speaking participants presented with 15 different McGurk stimuli and assessed the fit of the NED model.



Methods

All experiments were approved by the Institutional Review Board of the University of Pennsylvania, Philadelphia, PA. Data were collected from 101 Japanese-speaking participants recruited from the communities of the Okinawan Institute of Science and Technology, Kyoto University, and the University of Tokyo. All data and analysis code are available in Supplementary material. Participants received an Amazon gift card for ¥2000 upon completion of the experiment.

A total of 240 audiovisual stimuli were presented to each participant in pseudorandom order. The primary stimulus set consisted of 15 McGurk videos each containing the incongruent pairing of auditory ba with visual ga (AbaVga) or auditory pa with visual ka (ApaVka; Table 1). Each McGurk video was presented 10 times to each participant. As a control, each participant was also presented with 90 congruent audiovisual stimuli (30 different stimuli presented three times each). Each of the 30 congruent stimuli was recorded from a different talker (9 male, 21 female, no overlap with the McGurk talkers). The syllable composition of the congruent stimuli was 5 AbaVba, 5AgaVga, 5 AdaVda, 5 ApaVpa, 5 AkaVka, and 5 AtaVta.



TABLE 1 Participants were presented with 15 different McGurk stimuli.
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Experimental procedures and data analysis

The study was conducted online using the SoSci Survey research platform (Information about SoSci Survey, n.d.). At the beginning of the experiment, all participants received a short description of the study in Japanese (Table 2). Figure 1 shows the structure of each trial. An instruction screen was presented and remained on screen while the stimulus video played. At the conclusion of the video, a response text box appeared that accepted a variety of characteristics, including the Latin alphabet, hiragana, and katakana (sets of symbols used to represent Japanese syllable-like morae).



TABLE 2 Task instructions were presented in Japanese to participants before the beginning of the experiment (first row) and during each trial (second row).
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FIGURE 1
 Participants were instructed to report their percept of audiovisual movies containing McGurk and congruent syllables (complete instructions shown in Table 2). On each trial, a stimulus movie was played, and participants entered their response using a free-text response box.


Fusion responses to the McGurk videos were defined as “da,” “ta,” or “tha.” Responses were translated into English and assigned to one of four mutually exclusive categories: auditory responses, visual responses, fusion responses, and other responses (e.g., “ha,” “va”). For double syllable stimuli, each syllable received a half-point rating. For example, the response “dada” was given a score of 1.0 as a complete fusion response, while “bada” was rated as 0.5 for auditory and 0.5 for fusion.

Participants with less than 90% accuracy for congruent syllable recognition were excluded from the analysis, ensuring that accuracy for congruent syllables in the remaining participants was high (mean = 96%, standard error of the mean across participants, SEM = 0.3%, range = 90 to 100%). Congruent stimuli almost never evoked fusion responses (2 out of 7,200 trials, 0.03%).

Excluding participants with low congruent accuracy left 80 participants whose data are reported in the manuscript. For these participants, 36 self-reported as male and 44 as female with a mean age of 29 years (range from 18 to 63 years). All participants completed high school and 80% had also completed at least a professional or bachelor’s degree. All participants reported their native language as Japanese. Participants were asked to rate their level of English proficiency on a 0 to 6 scale (0 meaning no proficiency at all); the mean proficiency was 3.0. All participants reported normal hearing and normal or corrected-to-normal vision.



Noisy encoding of disparity model

The noisy encoding of disparity (NED) model was fit as described in the study by Magnotti and Beauchamp (2015). All analysis code is available in Supplementary material. The model calculates the long-run probability of a fusion percept for each participant and stimulus as follows:
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where X is the disparity encoded by the participant on an individual trial. The model parameters are D, the stimulus disparity; T, the participant’s disparity threshold; and σ, the participant’s sensory noise level (the standard deviation of the sensory encoding distribution). The best-fitting parameters were determined by minimizing the error between the model’s predictions and the fusion rate measured for each participant for each stimulus. Error was calculated as the mean absolute error (MAE) for individual subjects across stimuli, individual stimuli across subjects, and for each subject-by-stimulus combination.

In more detail, Di (where i is the stimulus index) captures the likelihood that the auditory and visual component stimulus i produce the McGurk effect, which is averaged across all presentations of stimulus i to all participants. Tj (where j is the participant index) describes each participant’s prior probability for fusing the auditory and visual components of any stimulus. If the disparity of a stimulus (as estimated by the participant in a single trial) is less than Tj, the auditory and visual speech cues are fused, and the participant reports a fusion percept. If the estimated disparity is greater than Tj, the participant reports the auditory components of the stimulus. The estimated disparity is not always equal to D because auditory and visual speech features are measured with noise (Ma et al., 2009; Bejjanki et al., 2011), resulting in variability in the measured stimulus disparity across multiple presentations of the same stimulus. Across many trials, the distribution of measured strengths will be Gaussian in shape, centered at the true stimulus disparity, Di with standard deviation equal to the participant’s sensory noise, σj. The amount of sensory noise is assumed to be constant across stimuli for each participant.

The probability of a fusion percept for subject j on stimulus i is as follows:
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where N is the normal (Gaussian) distribution with mean Di and standard deviation σj. The invariance of the disparity threshold and sensory noise across stimuli allows the model to predict a participant’s fusion proportion for any stimulus with known strength, even if the participant has not observed the stimulus. Because the stimulus disparities are fixed across participants, they cannot fit participant variability; stimulus disparities and participant disparity thresholds are independent.



Generalization testing

To assess the generalizability of the model results, a hold-out procedure was implemented. For each participant, the NED model was fit without that participant’s data to obtain stimulus disparity values. Next, holding out a single stimulus, the best-fitting threshold and sensory noise parameters were determined for the held-out participant (without using data from the held-out stimulus). Using the fitted subject-level parameters and the stimulus disparity values obtained from other participants, the participant’s fusion perception was predicted for the held-out stimulus. This procedure was repeated for each stimulus, resulting in a predicted fusion response for each stimulus that was unbiased by the participant’s data for that stimulus. The result of this procedure is a predicted fusion proportion for each participant for each stimulus.



Predictors of participant and stimulus variability

Multiple linear regression models were constructed to examine the relationship between participant-level model parameters (one model for disparity threshold, one for sensory noise) and participant demographic variables (age, gender, English proficiency, and highest education level). The models were obtained using stepwise regression to automatically select the best parameters using the Bayesian Information Criterion (BIC) cost function. Because of the small sample size, no interactions were allowed during the stepwise model building procedure. The initial model was the model including all variables, and the minimal model was the intercept-only model.

To understand stimulus-level variation, the same procedure was applied to the stimulus parameter of disparity, with stimulus variables of syllabic content (voiced AbaVga vs. voiceless ApaVka), talker gender (male vs. female), and talker native language (Japanese vs. non-Japanese).



Stimulus details

The McGurk stimuli used in the original description of the effect are lost to history (MacDonald, 2018). To sample currently available McGurk stimuli, 15 different stimuli (s1–s15) were collected from popular online demonstrations and previously published studies (Table 1). Previous in-person and online studies presented many of the same stimuli (Basu Mallick et al., 2015; Magnotti et al., 2015, 2024).

The stimuli were made at different times by different groups using different methods. For the details of stimulus creation for s2, see Green and Kuhl (1989, 1991); for s3, s6, s9, s10, see Sekiyama (1994, 1997); Sekiyama and Tohkura (1991, 1993); for s4 and s14, see Nath et al. (2011); Nath and Beauchamp (2012); for s5, see Quinto et al. (2010); for s11, see Dodd et al. (2008); Erdener (2015); Erdener and Burnham (2013); for s15, see Skipper et al. (2007); van Wassenhove et al. (2007). For s7 and s13, speech was recorded to Betamax analog videotape (recordings were made in 1997). The talker had an earpiece in the right ear with a click at 120 BPM to equate the syllabic tempo across different recordings. The two component recordings used to create each McGurk stimulus (video and audio) were synchronized by editing the audio track so that the replacement auditory speech commenced at the same time as the first audible sound in the video track whose audio track was being replaced.

For online presentation, all stimuli were encoded using the MPEG-4 AAC encoder with an auditory sampling rate of 48,000 Hz. Videos were presented at a fixed size of 1,300 × 650 pixels.




Results


Responses to McGurk stimuli

Across the 15 different McGurk stimuli (each presented 10 times), the 80 participants reported an average of 23% fusion responses (± 1% standard error of the mean across participant). There was a high degree of variability in the number of fusion responses across the 15 different McGurk stimuli: the weakest stimulus evoked the McGurk effect on 3% (± 1%) of trials while fusion responses were evoked on 78% (± 4%) of trials by the strongest stimulus. There was also a high degree of variability in the percentage of McGurk responses across different participants: across stimuli, the least-susceptible participant perceived the illusion on 0% of trials (± 0% standard error of the mean across stimuli), while the most-susceptible participant perceived the illusion on 91% of trials (± 3%). The combination of high stimulus and high participant variability meant that for most of the tested stimuli, the frequency of fusion responses ranged from the lowest possible value of 0% for some participants to the highest possible value of 100% for other participants.



Model fitting examples

Figure 2A illustrates the model fitting process for three stimuli which evoked different average rates of fusion perception. For each stimulus, the model estimates an audiovisual disparity, which is assumed to be constant (i.e., a physical property of the stimulus). On each presentation of a stimulus, the participant must encode the audiovisual disparity of the stimulus. Due to sensory noise, the encoding is not precise, resulting in a Gaussian distribution of disparity estimates across presentations. The mean of this distribution is the true disparity of the stimulus, and the degree of sensory noise (width of the Gaussian distribution) is estimated by the model separately for each participant. For each stimulus presentation, the participant compares the estimated stimulus disparity with a fixed, internal threshold. If the estimated stimulus disparity exceeds the internal threshold, the participant assumes that the auditory and visual component of the speech comes from different talkers, and perception defaults to the auditory component of the stimulus. If the estimated disparity does not exceed the threshold, the participant integrates the auditory and visual components of the stimulus and perceives the illusion.
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FIGURE 2
 (A) Fits of the noisy encoding of disparity (NED) model across participants and stimuli. Each row shows a single participant (p18, p35, p75; one color per participant). Each column shows a different stimulus (s4, s13, s14). The x-axis shows the estimated stimulus disparity. The y-axis shows probability. The thin black line is the Gaussian probability distribution of the disparity estimates. The stimulus disparity is fixed for each stimulus (gray vertical lines). On each presentation of a stimulus, the stimulus disparity is estimated by the observer with sensory noise, σ (horizontal arrows; fixed for each participant). The estimated disparity is compared with the participant’s integration threshold (vertical colored dashed line, fixed for each participant). If the estimated disparity is below the threshold, the participant experiences the McGurk fusion percept. The shaded area is the predicted percent fusion for that participant and stimulus. (B) Summary of the model fit for all stimuli for the three participants. The x-axis shows the estimated stimulus disparity, with values reversed to produce an increasing psychometric function. The y-axis shows the % fusion reports for each stimulus. Each gray point shows raw data, colored line shows model prediction (shaded color region shows model SD).


For participants with three very different rates of average fusion perception: low (p18; 10%), moderate (p35; 17%), and high (p75; 53%), the model accurately predicted perception across the 15 different McGurk stimuli (Figure 2B). Instead of fitting the NED model, one could simply use the mean fusion rate of each participant as a predictor. However, this approach produces very large errors. For instance, for p18, stimulus 14 evoked 60% fusion percepts, which is identical to the NED model prediction (0% error). In contrast, predicting the mean fusion rate for p18 of 10% produces a 50% error. Similarly, the mean fusion rate for p75 across stimuli is 53%, resulting in a large error if this is used as the prediction for stimulus 1 (0% fusion percepts; 53% error). In contrast, the NED model predicts 0.3% fusion percepts (0.3% error). High error also results if participant variability is ignored, and the mean fusion rate for each stimulus is used for prediction.



Model fitting

Figure 3 shows the model results across stimuli and participants. The model accurately reproduced stimulus-level variation, predicting stimulus-level mean fusion responses with a mean absolute error of 2.1% ± 0.4% SEM. The model reproduced subject-level variation with an average error of 2.4% ± 0.3%. For single stimulus-participant pairs, the response could be predicted with an average error of 4.7% ± 0.5%.
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FIGURE 3
 (A) Participants reported their percepts of 15 different McGurk stimuli (10 repetitions each, randomly interleaved with congruent speech). Gray circles denote the mean percentage of fusion responses across participants for each McGurk stimulus (raw data; bars show standard error of the mean across participants). Stimuli are sorted from fewest to most fusion responses. The pink shaded region shows the fit of the noisy encoding of disparity model (mean ± one standard error). (B) For each of 80 participants, the mean percentage of fusion responses across the 15 different McGurk stimuli was calculated (one gray circle per participant; raw data; bars show standard error of the mean across stimuli; participants sorted from fewest to most fusion responses). The shaded region shows the fit of the noisy encoding of disparity model (mean ± one standard error).


Validating the model assumption of a constant audiovisual disparity for each stimulus, the stimulus ranks were highly correlated across subjects (average subject-level rank correlation with global rank, r = 0.68 ± 0.02, p < 10−16).

We also estimated out-of-sample generalization using leave-one-stimulus-out model fitting. Fusion percentages on untrained stimuli could be predicted with an error of 9.7% ± 0.5%. The error rate was low for untrained stimuli (9.7% vs. 4.7% for trained data) demonstrating that the high accuracy of the model predictions was not due to overfitting of the training data.



Stimulus differences

The 15 McGurk stimuli differed along several dimensions, including syllabic composition (the voiced syllables AbaVga vs. the unvoiced syllables ApaVka), the gender of the talker, and the native language of the talkers (Japanese vs. non-Japanese). To test the importance of these factors, we used stepwise linear regression to find the predictors of stimulus disparity as a function of syllable, talker gender, and talker native language. The best-fitting model explained 70% of the variance in the stimulus disparity parameter [R2 = 0.70, F(1, 13) = 30.2, p = 10−4] and included only syllable content (b = −0.92). The mean fusion rate was 65% for voiceless ApaVka stimuli compared with 12% for voiced AbaVga stimuli.

A possible concern is confounding of talker differences and syllable content. This concern was mitigated by the fact that the stimulus set contained examples of both pairings recorded from the same talkers (Magnotti et al., 2024). For talker Audrey Nath, the ApaVka pairing evoked 72% fusion responses while AbaVga evoked 6% fusion responses. For talker Arnt Maasø, ApaVka evoked 45% fusion while AbaVga evoked 11% fusion responses.

Neither talker gender [F(1, 11) = 1.2, p = 0.3] nor talker language [F(1, 11) = 10−4, p = 0.99] were significant predictors of stimulus-level differences.



Participant differences

The NED model estimated sensory noise and disparity threshold parameters for each participant. Statistical modeling revealed two significant associations between these parameters and participant demographic variables. There was a significant positive correlation between the sensory noise parameter and age of the participant [b = 0.003, R2 = 0.07, F(1, 78) = 5.7, p = 0.02], indicating greater sensory noise with increasing age. In contrast, the disparity threshold parameter was not predicted by participant age [b = 0.002, R2 = 0.003, F(1, 78) = 0.20, p = 0.66].

Conversely, there was a significant negative correlation between self-reported English proficiency rating and the disparity threshold parameter [b = −0.07, R2 = 0.06, F(1, 78) = 5.1, p = 0.03], while English proficiency was not predictive of the sensory noise parameter [b = −0.011, R2 = 0.02, F(1, 78) = 1.9, p = 0.17].




Discussion

The noisy encoding of disparity (NED) model was fit to the perceptual reports of 80 native Japanese speakers presented with 15 different McGurk stimuli. Despite the high variability of the McGurk effect (ranging from 0 to 100% fusion reports across participants for most stimuli), the NED model predicted perception of the illusion with only a few percent error for individual stimuli, participants, and stimulus-participant pairs.

The NED model makes two fundamental assumptions. First, it assumes that individual differences in audiovisual speech perception can be captured by two simple parameters, that of sensory noise and sensitivity to audiovisual disparity. Second, the model assumes that different McGurk stimuli can be characterized by the amount of audiovisual disparity they contain. The ability of the NED model to accurately predict perception in native Japanese speakers, native English speakers, native German speakers, and native German adults with cochlear implants (Magnotti and Beauchamp, 2015; Stropahl et al., 2017) demonstrate that these assumptions are satisfied in three very different participant populations.

To more concretely test the assumption that different McGurk stimuli can be characterized by an intrinsic audiovisual disparity independent of participant native language, we compared the model results for the present study of native Japanese speakers and the native English speakers tested in the original description of the NED model. The stimulus rankings between the two studies were strongly correlated, r = 0.87, p < 10−16, demonstrating the reasonableness of defining an intrinsic disparity for each stimulus.


Participant variability and intercultural comparisons

In the present study, we found high variability in the McGurk effect across native Japanese speakers, consistent with the high variability observed in studies of native English speakers (Schwartz, 2010; Jiang and Bernstein, 2011; Stevenson et al., 2012; Basu Mallick et al., 2015). The high variability inherent in the McGurk effect within single cultures complicates studies of potential differences in the effect across cultures. Using simulations, Magnotti and Beauchamp (2018) estimated the number of participants required to detect group differences in the McGurk effect with 80% power, a common statistical benchmark (Cohen, 1992). Even assuming a moderately-sized mean difference of 10% in fusion rate between groups, more than 300 participants would be required to reliably detect this difference.

The large sample size required for well-powered detection of group differences in fusion rates necessitates careful evaluation of published studies: a “statistically significant” finding in an underpowered study may greatly inflate the measured effect-size (Gelman and Weakliem, 2009). Intercultural comparisons of the McGurk effect with larger sample sizes have largely failed to detect any difference in fusion rates. A study with a sample size of 307 did not find a significant difference in fusion rates between native English speakers tested in the USA and native Mandarin speakers tested in China (Magnotti et al., 2015). A study with a sample size of 99 did not find a significant difference in fusion rates between native Finnish speakers and native Japanese speakers (Tiippana et al., 2023). In contrast, a study reporting low rates of McGurk fusion in native Japanese speakers tested just 10 participants (Sekiyama and Tohkura, 1991).



Stimulus variability

Just as variability across participants complicates intercultural comparisons, so does variability across stimuli. Across the 15 different McGurk stimuli tested in the present study, there was high variability in the rate of fusion percepts, ranging from 3 to 78%. This large variability is problematic when making inferences from only a few stimuli.

For instance, there are mixed reports in the literature about the existence of cross-language influences in the McGurk effect. Some studies report more fusion responses when native speakers of one language are presented with McGurk stimuli recorded by a native talker of another language (Ujiie and Takahashi, 2022); other studies report fewer fusion responses or mixed results (Chen and Hazan, 2007). In the present study, there was no significant difference in fusion responses between the two stimuli recorded by native Japanese speakers and the other stimuli (recorded by native speakers of other languages).

Given the high variability across McGurk stimuli, attempts to identify differences between stimulus categories with only one or two examples from each category are unlikely to yield reliable results. Instead, it is important to test as many stimuli from each category as possible. The largest study of this type tested Japanese and Finnish participants using McGurk stimuli recorded by four native Japanese talkers and four native Finnish talkers and found no significant difference between Japanese and Finnish talkers (Tiippana et al., 2023).

There are many differences between the 15 McGurk stimuli that we tested, since they have been made at different times by different groups. However, high perceptual variability was also observed across 20 different McGurk stimuli created by the same talker with identical recording and editing methods (Magnotti et al., 2020), suggesting that auditory and visual speech features are the key drivers of variability rather than technical issues (such as analog vs. digital recording). In the present study, the only reliable predictor of the efficacy of different McGurk stimuli was their syllabic composition, with much higher fusion rates for ApaVka than AbaVga.



Online testing

Data for this study were collected online, which have both advantages and disadvantages. An advantage of online testing is that it is easier to sample participants with a wider range of ages. The NED model was developed with data collected in-person from university students, resulting in a limited participant age range of 17 to 26 years old. In contrast, online participants had a broader range of ages between 18 and 63 years. This larger age range revealed a correlation between age and the sensory noise parameter of the NED model that was not apparent within the limited age range of university students.

A disadvantage of online testing is that compared with in-person testing, it provides less control over stimulus details, such as the size of the visual image or the loudness of the speech stimuli. However, the variability observed in the present study cannot be attributed solely to online testing, as in-person testing revealed similarly high levels of variability (Basu Mallick et al., 2015; Magnotti et al., 2015; Feng et al., 2019). Variability in the McGurk effect also cannot be solely attributed to failure to observe the display, as shown by high variability even when participant eye movements are monitored (Gurler et al., 2015; Rennig et al., 2020; Stacey et al., 2020).

We cannot rule out the possibility that some participants with low fusion rates ignored the task instructions to watch the stimulus videos. However, the cadence of the task was designed to encourage attention to the display; participants were required to click on a “play” button; attend to a ~ 2-s stimulus video; click on a response box; type in what the participant said; and repeat. Therefore, a hypothetical troublemaker would have to look at the display to click the play button and avert their gaze from the brief video while still attending to the auditory portion of the stimulus and then return their gaze to the display to click on the response text box and enter a response corresponding to the auditory portion of the stimulus (if the participant completely ignored the stimulus, the accuracy of their responses to congruent stimuli would be low and they would be excluded from the analysis). Furthermore, they would have to adopt this strategy on some trials but not others, as all but two participants reported the McGurk effect on at least one trial.

Collecting data online could affect the NED model fit in several ways. Since increased auditory noise increases McGurk fusion percepts (Fixmer and Hawkins, 1998; Stacey et al., 2020), online participants who ignored the task instructions to complete the task in a quiet environment and were in a noisy environment would be expected to have higher fusion rates. If online participants were less attentive to the stimuli than in-person participants, this could lead to more variability in responding, manifesting as increased estimates of participant sensory noise or increased error in the NED model fit. Arguing against these scenarios, the disparity threshold and sensory noise parameters were comparable for online participants in the present study and in-person participants in the original description of the model, with less cross-validated fit error (10% for online vs. 19% for in-person).



Limitations

A limitation of the NED model is that it is primarily descriptive rather than mechanistic. For instance, it takes as a given that participants who integrate auditory “ba” with visual “ga” report the fusion percept of “da” rather than providing an explanation for the fusion percept. Mechanistic models often ignore individual differences but incorporate sequential steps of unisensory estimation and multisensory integration using principles of Bayesian inference (Andersen and Winther, 2020; Lindborg and Andersen, 2021) and causal inference (Magnotti et al., 2013, 2018; Magnotti and Beauchamp, 2017). Fitting mechanistic models require substantially more data, including perceptual measurements of unisensory auditory and visual speech, usually with sensory noise added to each modality at varying levels or different degrees of temporal asynchrony between modalities. In contrast, the simpler NED model only requires measuring the perception of McGurk stimuli.

It remains to be clarified how the parameters in the NED model relate to real-world variables. The model assumes that audiovisual disparity is an intrinsic property of different McGurk stimuli. Perceptual studies using advanced synthetic faces should also allow more insight into understanding and manipulating the factors contributing to stimulus disparity (Thézé et al., 2020; Varano et al., 2021; Shan et al., 2022; Yu et al., 2024), as should measurements of the mouth and face movements made by real talkers (Jiang et al., 2007). The NED model fits a sensory noise parameter for each participant, with the finding that sensory noise increases with age. The variability of the BOLD fMRI response to audiovisual speech also increases with age (Baum and Beauchamp, 2014). This suggests that measuring neural variability in speech processing regions could allow an independent assessment of sensory noise, linking a NED model parameter to brain activity. A recent fMRI study found that observers’ response entropy was greater for McGurk compared with congruent audiovisual stimuli, corresponding to increased BOLD activity in brain regions important for cognitive control (Dong et al., 2024). Parietal and frontal regions are important for causal inference on audiovisual stimuli (Gau and Noppeney, 2016; Mihalik and Noppeney, 2020). Brain activity in these regions could be measured to provide an independent estimate of a participant’s disparity threshold for integrating auditory and visual speech.




Data availability statement

The original contributions presented in the study are included in the article/Supplementary material, and further inquiries can be directed to the corresponding author.



Ethics statement

The studies involving humans were approved by the University of Pennsylvania Institutional Review Board. The studies were conducted in accordance with the local legislation and institutional requirements. The ethics committee/institutional review board waived the requirement of written informed consent for participation from the participants or the participants’ legal guardians/next of kin because participants were recruited and tested online. Written informed consent was obtained from the individual(s) for the publication of any potentially identifiable images or data included in this article.



Author contributions

JM: Writing – original draft, Writing – review & editing. AL: Writing – original draft, Writing – review & editing. MB: Writing – original draft, Writing – review & editing.



Funding

The author(s) declare financial support was received for the research, authorship, and/or publication of this article. This research was supported by NIH R01NS065395 and U01NS113339. The funders had no role in study design, data collection and analysis, decision to publish, or preparation of the manuscript.



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Publisher’s note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.



Supplementary material

The Supplementary material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fnins.2024.1421713/full#supplementary-material



References

 Altieri, N., and Yang, C.-T. (2016). Parallel linear dynamic models can mimic the McGurk effect in clinical populations. J. Comput. Neurosci. 41, 143–155. doi: 10.1007/s10827-016-0610-z 

 Andersen, T. S., and Winther, O. (2020). Regularized models of audiovisual integration of speech with predictive power for sparse behavioral data. J. Math. Psychol. 98:102404. doi: 10.1016/j.jmp.2020.102404


 Basu Mallick, D., Magnotti, J. F., and Beauchamp, M. S. (2015). Variability and stability in the McGurk effect: contributions of participants, stimuli, time, and response type. Psychon. Bull. Rev. 22, 1299–1307. doi: 10.3758/s13423-015-0817-4 

 Baum, S. H., and Beauchamp, M. S. (2014). Greater BOLD variability in older compared with younger adults during audiovisual speech perception. PLoS One 9:e111121. doi: 10.1371/journal.pone.0111121 

 Beauchamp, M. S. (2018). Introduction to the special issue: forty years of the McGurk effect. Multisens. Res. 31, 1–6. doi: 10.1163/22134808-00002598


 Bejjanki, V. R., Clayards, M., Knill, D. C., and Aslin, R. N. (2011). Cue integration in categorical tasks: insights from audiovisual speech perception. PLoS One 6:e19812. doi: 10.1371/journal.pone.0019812


 Chen, Y., and Hazan, V. (2007). Developmental factor in auditory-visual speech perception-the McGurk effect in mandarin-Chinese and English speakers, in: Auditory-visual speech processing. Presented at the Auditory-Visual Speech Processing, Hilvarenbeek, The Netherlands, pp. 42–46.


 Cohen, J. (1992). A power primer. Psychol. Bull. 112, 155–159. doi: 10.1037/0033-2909.112.1.155 

 Dodd, B., McIntosh, B., Erdener, D., and Burnham, D. (2008). Perception of the auditory-visual illusion in speech perception by children with phonological disorders. Clin. Linguist. Phon. 22, 69–82. doi: 10.1080/02699200701660100 

 Dong, C., Noppeney, U., and Wang, S. (2024). Perceptual uncertainty explains activation differences between audiovisual congruent speech and McGurk stimuli. Hum. Brain Mapp. 45:e26653. doi: 10.1002/hbm.26653 

 Erdener, D. (2015). The McGurk illusion in Turkish. Turk. J. Psychol. 28, 31–37.


 Erdener, D., and Burnham, D. (2013). The relationship between auditory-visual speech perception and language-specific speech perception at the onset of reading instruction in English-speaking children. J. Exp. Child Psychol. 116, 120–138. doi: 10.1016/j.jecp.2013.03.003 

 Feng, G., Zhou, B., Zhou, W., Beauchamp, M. S., and Magnotti, J. F. (2019). A laboratory study of the McGurk effect in 324 monozygotic and dizygotic twins. Front. Neurosci. 13:1029. doi: 10.3389/fnins.2019.01029 

 Fixmer, E., and Hawkins, S. (1998). The influence of quality of information on the McGurk effect. Presented at the AVSP.


 Gau, R., and Noppeney, U. (2016). How prior expectations shape multisensory perception. NeuroImage 124, 876–886. doi: 10.1016/j.neuroimage.2015.09.045 

 Gelman, A., and Weakliem, D. (2009). Of beauty, sex and power: too little attention has been paid to the statistical challenges in estimating small effects. Am. Sci. 97, 310–316. doi: 10.1511/2009.79.310


 Green, K. P., and Kuhl, P. K. (1989). The role of visual information in the processing of place and manner features in speech perception. Percept. Psychophys. 45, 34–42. doi: 10.3758/bf03208030


 Green, K. P., and Kuhl, P. K. (1991). Integral processing of visual place and auditory voicing information during phonetic perception. J. Exp. Psychol. Hum. Percept. Perform. 17, 278–288. doi: 10.1037//0096-1523.17.1.278 

 Gurler, D., Doyle, N., Walker, E., Magnotti, J., and Beauchamp, M. (2015). A link between individual differences in multisensory speech perception and eye movements. Atten. Percept. Psychophys. 77, 1333–1341. doi: 10.3758/s13414-014-0821-1 

 Information about SoSci Survey (n.d.) Available at: https://www.soscisurvey.de/en/about (Accessed February 21, 2024)


 Jiang, J., Auer, E. T. Jr., Alwan, A., Keating, P. A., and Bernstein, L. E. (2007). Similarity structure in visual speech perception and optical phonetic signals. Percept. Psychophys. 69, 1070–1083. doi: 10.3758/BF03193945 

 Jiang, J., and Bernstein, L. E. (2011). Psychophysics of the McGurk and other audiovisual speech integration effects. J. Exp. Psychol. Hum. Percept. Perform. 37, 1193–1209. doi: 10.1037/a0023100 

 Lindborg, A., and Andersen, T. S. (2021). Bayesian binding and fusion models explain illusion and enhancement effects in audiovisual speech perception. PLoS One 16:e0246986. doi: 10.1371/journal.pone.0246986 

 Ma, W. J., Zhou, X., Ross, L. A., Foxe, J. J., and Parra, L. C. (2009). Lip-reading aids word recognition most in moderate noise: a Bayesian explanation using high-dimensional feature space. PLoS One 4:e4638. doi: 10.1371/journal.pone.0004638


 MacDonald, J. (2018). Hearing lips and seeing voices: the origins and development of the “McGurk effect” and reflections on audio-visual speech perception over the last 40 years. Multisens. Res. 31, 7–18. doi: 10.1163/22134808-00002548 

 Magnotti, J. F., Basu Mallick, D., Feng, G., Zhou, B., Zhou, W., and Beauchamp, M. S. (2015). Similar frequency of the McGurk effect in large samples of native mandarin Chinese and American English speakers. Exp. Brain Res. 233, 2581–2586. doi: 10.1007/s00221-015-4324-7 

 Magnotti, J. F., and Beauchamp, M. S. (2015). The noisy encoding of disparity model of the McGurk effect. Psychon. Bull. Rev. 22, 701–709. doi: 10.3758/s13423-014-0722-2 

 Magnotti, J. F., and Beauchamp, M. S. (2017). A causal inference model explains perception of the McGurk effect and other incongruent audiovisual speech. PLoS Comput. Biol. 13:e1005229. doi: 10.1371/journal.pcbi.1005229


 Magnotti, J. F., and Beauchamp, M. S. (2018). Published estimates of group differences in multisensory integration are inflated. PLoS One 13:e0202908. doi: 10.1371/journal.pone.0202908 

 Magnotti, J. F., Dzeda, K. B., Wegner-Clemens, K., Rennig, J., and Beauchamp, M. S. (2020). Weak observer-level correlation and strong stimulus-level correlation between the McGurk effect and audiovisual speech-in-noise: a causal inference explanation. Cortex 133, 371–383. doi: 10.1016/j.cortex.2020.10.002 

 Magnotti, J. F., Lado, A., Zhang, Y., Maasø, A., Nath, A., and Beauchamp, M. S. (2024). Repeatedly experiencing the McGurk effect induces long-lasting changes in auditory speech perception. Commun. Psychol. 2, 1–10. doi: 10.1038/s44271-024-00073-w


 Magnotti, J. F., Ma, W. J., and Beauchamp, M. S. (2013). Causal inference of asynchronous audiovisual speech. Front. Psychol. 4:798. doi: 10.3389/fpsyg.2013.00798 

 Magnotti, J. F., Smith, K. B., Salinas, M., Mays, J., Zhu, L. L., and Beauchamp, M. S. (2018). A causal inference explanation for enhancement of multisensory integration by co-articulation. Sci. Rep. 8:18032. doi: 10.1038/s41598-018-36772-8 

 Massaro, D. W. (1998). Perceiving talking faces: From speech perception to a behavioral principle, MIT Press/Bradford Books series in cognitive psychology. Cambridge, MA: MIT Press.


 McGurk, H., and MacDonald, J. (1976). Hearing lips and seeing voices. Nature 264, 746–748. doi: 10.1038/264746a0 

 Mihalik, A., and Noppeney, U. (2020). Causal inference in audiovisual perception. J. Neurosci. 40, 6600–6612. doi: 10.1523/JNEUROSCI.0051-20.2020 

 Nath, A. R., and Beauchamp, M. S. (2012). A neural basis for interindividual differences in the McGurk effect, a multisensory speech illusion. NeuroImage 59, 781–787. doi: 10.1016/j.neuroimage.2011.07.024 

 Nath, A. R., Fava, E. E., and Beauchamp, M. S. (2011). Neural correlates of interindividual differences in children’s audiovisual speech perception. J. Neurosci. 31, 13963–13971. doi: 10.1523/JNEUROSCI.2605-11.2011 

 Olasagasti, I., Bouton, S., and Giraud, A. L. (2015). Prediction across sensory modalities: a neurocomputational model of the McGurk effect. Cortex 68, 61–75. doi: 10.1016/j.cortex.2015.04.008 

 Quinto, L., Thompson, W. F., Russo, F. A., and Trehub, S. E. (2010). A comparison of the McGurk effect for spoken and sung syllables. Atten. Percept. Psychophys. 72, 1450–1454. doi: 10.3758/APP.72.6.1450 

 Rennig, J., Wegner-Clemens, K., and Beauchamp, M. S. (2020). Face viewing behavior predicts multisensory gain during speech perception. Psychon. Bull. Rev. 27, 70–77. doi: 10.3758/s13423-019-01665-y 

 Schwartz, J.-L. (2010). A reanalysis of McGurk data suggests that audiovisual fusion in speech perception is subject-dependent. J. Acoust. Soc. Am. 127, 1584–1594. doi: 10.1121/1.3293001 

 Sekiyama, K. (1994). Differences in auditory-visual speech perception between Japanese and Americans: McGurk effect as a function of incompatibility. J. Acoust. Soc. Jpn E 15, 143–158. doi: 10.1250/ast.15.143


 Sekiyama, K. (1997). Cultural and linguistic factors in audiovisual speech processing: the McGurk effect in Chinese subjects. Percept. Psychophys. 59, 73–80. doi: 10.3758/BF03206849 

 Sekiyama, K., and Tohkura, Y. (1991). McGurk effect in non-English listeners: few visual effects for Japanese subjects hearing Japanese syllables of high auditory intelligibility. J. Acoust. Soc. Am. 90, 1797–1805. doi: 10.1121/1.401660


 Sekiyama, K., and Tohkura, Y. (1993). Inter-language differences in the influence of visual cues in speech perception. J. Phon. 21, 427–444. doi: 10.1016/S0095-4470(19)30229-3


 Shan, T., Wenner, C. E., Xu, C., Duan, Z., and Maddox, R. K. (2022). Speech-in-noise comprehension is improved when viewing a deep-neural-network-generated talking face. Trends Hear. 26:23312165221136934. doi: 10.1177/23312165221136934 

 Skipper, J. I., van Wassenhove, V., Nusbaum, H. C., and Small, S. L. (2007). Hearing lips and seeing voices: how cortical areas supporting speech production mediate audiovisual speech perception. Cereb. Cortex 17, 2387–2399. doi: 10.1093/cercor/bhl147 

 Stacey, J. E., Howard, C. J., Mitra, S., and Stacey, P. C. (2020). Audio-visual integration in noise: influence of auditory and visual stimulus degradation on eye movements and perception of the McGurk effect. Atten. Percept. Psychophys. 82, 3544–3557. doi: 10.3758/s13414-020-02042-x 

 Stevenson, R. A., Zemtsov, R. K., and Wallace, M. T. (2012). Individual differences in the multisensory temporal binding window predict susceptibility to audiovisual illusions. J. Exp. Psychol. Hum. Percept. Perform. 38, 1517–1529. doi: 10.1037/a0027339 

 Stropahl, M., Schellhardt, S., and Debener, S. (2017). McGurk stimuli for the investigation of multisensory integration in cochlear implant users: the Oldenburg audio visual speech stimuli (OLAVS). Psychon. Bull. Rev. 24, 863–872. doi: 10.3758/s13423-016-1148-9 

 Thézé, R., Gadiri, M. A., Albert, L., Provost, A., Giraud, A.-L., and Mégevand, P. (2020). Animated virtual characters to explore audio-visual speech in controlled and naturalistic environments. Sci. Rep. 10:15540. doi: 10.1038/s41598-020-72375-y 

 Tiippana, K., Ujiie, Y., Peromaa, T., and Takahashi, K. (2023). Investigation of cross-language and stimulus-dependent effects on the McGurk effect with Finnish and Japanese speakers and listeners. Brain Sci. 13:1198. doi: 10.3390/brainsci13081198 

 Ujiie, Y., and Takahashi, K. (2022). Own-race faces promote integrated audiovisual speech information. Q. J. Exp. Psychol. 75, 924–935. doi: 10.1177/17470218211044480 

 van Wassenhove, V., Grant, K. W., and Poeppel, D. (2007). Temporal window of integration in auditory-visual speech perception. Neuropsychologia 45, 598–607. doi: 10.1016/j.neuropsychologia.2006.01.001 

 Varano, E., Vougioukas, K., Ma, P., Petridis, S., Pantic, M., and Reichenbach, T. (2021). Speech-driven facial animations improve speech-in-noise comprehension of humans. Front. Neurosci. 15:781196. doi: 10.3389/fnins.2021.781196 

 Yu, Y., Lado, A., Zhang, Y., Magnotti, J. F., and Beauchamp, M. S. (2024). Synthetic faces generated with the facial action coding system or deep neural networks improve speech-in-noise perception, but not as much as real faces. Front Neurosci 18:1379988. doi: 10.3389/fnins.2024.1379988



Copyright
 © 2024 Magnotti, Lado and Beauchamp. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.

OPS/images/fnins-18-1421713-g003.jpg
100 100
*0
. Raw data £ SE 4 :
Wusion | R e 4t %Fusion w{
50 50
w
gt
o santeartet P p—
1 15 a 80

Stimulus number Participant number





OPS/images/fnins-18-1421713-t001.jpg
Fusion Auditory Voiced/ Talker native Source

percept percept unvoiced language is
Japanese?

hitp:/fyoutu.
no

1 baba g dada baba v be/5Lq26mgEpOc
httpi/youtu.be/
no
2 baba gg dada baba v (U0672XA0U
3 ba @ da ba v yes Kaoru Sekiyama
hitp://youtube/
no
4 ba @ da ba v WKST7LWIKPS
5 ba g da ba v no (Quinto et al, 2010)
6 ba @ da ba v no Kaoru Sekiyama
hitp://youtube/
no
7 baba g dada baba v aFPCSBVAJk
hpi/youtube/
no
8 ba 8@ da ba v AWmJH2jAY
9 ba @ da ba v yes Kaoru Sekiyama
10 ba @ da ba v no Kaoru Sekiyama
1 ba @ da ba v no (Dodd et al, 2008)
hitpi//youtu.be/
no
2 ba @ da ba v jisfidRq2tw
13 papa kaka tata papa U no Arnt Maaso
hitp://youtu be/ Ansvvn-
no
1 pa ka @ pa U gowA
hpi/youtu.
no
15 pa ka x. pa U be/51VOI8fxA

Stimuli were ranked based on their strength in evoking the McGurk fusion percept from weakest (1) to strongest (15)
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