
Running head: ASSEING AUTOMATED FACIAL ACTION UNIT DETECTION SYSTEMS 

Characteristics of Target Stimuli 
All frequencies of manually coded AUs are described in Figure S1. As shown, the AU frequencies of 

wild data (Aff-wild2) were low except for AU1 (inner brow raiser). The muscles around the mouth, eyes, 
and cheeks (e.g., cheek raiser, AU6; lid tightener, AU7, lip corner puller, AU12; chin raiser, AU17) 
frequently occurred during conversation (GFT), and the AUs in posed expressions (DISFA+) were 
expressed in a well-balanced manner. 

 
Figure S1. The frequencies of each manually coded AU in all databases. The dotted line represents 20%. 

Additionally, the correlation matrix showing the co-occurrence of AUs in all three databases is 
provided in Figure S2. AU6 (cheek raiser), 7 (lid tightener), 10 (upper lip raiser), and 12 (lip corner puller) 
seem to co-occur. AU17 (chin raiser) and 24 (lip pressor), AU25 (lips part) and 26 (jaw drop) are also likely 
to co-occur. 
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Figure S2. The correlation matrix for AUs in all three databases. If this value is close to 1, two AUs co-occurred. 
Orange squares represent positive coefficients, and blue squares represent negative ones. 

Evaluation metrics 
Using R statistical software, version 4.0.3 (https ://www.r-proje ct.org/) alongside the “caret” and 

“tidyverse” packages (Kuhn, 2020; Wickham et al., 2019), we calculated a confusion matrix, resulting in 
related statistics: sensitivity, specificity, prevalence, PPV, NPV, detection rate, detection prevalence, 
balanced accuracy, precision, recall, and F1 score. For details of the formulas, please refer to 
https://rdrr.io/cran/caret/man/confusionMatrix.html. In addition, negative agreement (NA), which 
evaluates the solution by the harmonic agreement of samples not including AUs (Ertugrul et al., 2020), was 
included.  

All evaluation metrics are described at https://osf.io/fqh4g/?show=view 

Expression Comparisons 
To provide further information for affective computing, we compared the AUC values obtained by 

tools after grouping videos by emotions in the DISFA+ posed facial database. The raw data are available at 
OSF (https://osf.io/7rguf/?show=view). In two-way ANOVA, the factors were the tools (AFAR, FaceReader 
and OpenFace) and emotions (anger, disgust, fear, happiness, sadness and surprise). There was no main 
effect of tool, F(3, 168) = 182.12, p < 0.001, ηG2 = 0.68 or emotion, F(5, 168) = 3.08, p = 0.01, ηG2 = 0.08, and no 
significant tool × emotion interaction effect, F(10, 168) = 1.51, p = 0.14, ηG2 = 0.08. 

The main effect of the tool was consistent with the main analysis in the original paper. Shaffer’s 
modified sequentially rejective Bonferroni procedure revealed that the AUC values for OpenFace (Mean = 
0.81) and AFAR were higher than for FaceReader, ts > 13.49, ps < 0.001, gs > 2.60, and that the AUC value 
for anger was higher than that for happiness, t(61) = 3.36, p = .01, Hedge’s g [95% CI] = 0.84 [0.33, 1.36].  
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