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Supplementary Results
Below we report detailed analyses of how each model captures the numerosity, wrong-options trade-off, and choice-number effects in Experiments 1-3. In all cases, we discuss the models in the same order (Top2Diff, ProbTop2Diff, BCH, Entropy, PE, Softmax), which roughly reflects the average position of the models across the three experiments.

Experiment 1
While conditions were designed to maintain similar evidence ratios while varying absolute numbers, due to experimental constraints requiring whole integer dot numbers, perfectly identical ratios between paired conditions in Experiment 1 were not possible. As a result, small deviations in ratios occurred across some condition pairs that were meant to have the same evidence ratio. For example, condition 1 had ratios of 1, .86, and .73 between the three dot colors, while its matched condition 7 had ratios of 1, .86, and .74, representing a small but detectable deviation in the lowest ratio. Similar minor ratio differences existed across other condition pairs. These constraints mean that probability-based models may still predict small but significant confidence differences due to these unavoidable minor ratio deviations rather than successfully capturing a behavioral effect. Thus, to examine whether each confidence model was able to predict behavioral effects in this experiment, we compared the predicted and empirical individual subject numerical effects for each model. If the predicted and empirical individual subject numerical effects are significantly different from each other, it indicates that such model could not predict the behavioral effect.

Numerosity effect (conditions 1-6 vs 7-12)
The numerosity effect refers to the phenomenon where larger absolute numbers of evidence lead to higher confidence ratings even when the relative proportions between options remain approximately constant. In Experiment 1, this effect was examined by comparing conditions 1-6 with conditions 7-12, where conditions 7-12 contained approximately 85.7% of the dot numbers used in conditions 1-6. Empirically, these two groups of conditions did not significantly differ in accuracy (t(14) = 1.72, p = .11, Cohen's d = .44), but conditions 1-6 exhibited much higher confidence than conditions 7-12 (average difference = .15; t(14) = 6.11, p = 2.7 × 10⁻⁵, Cohen's d = 1.58). The effect size for confidence was over three times larger than the effect size for accuracy, demonstrating a robust numerosity effect where larger dot numbers lead to higher confidence but have only a small effect on accuracy.

The Top2Diff model successfully captured the numerosity effect. The model predicted a significant difference in confidence between conditions 1-6 and 7-12 (average difference = .13; t(14) = 12.26, p = 7.11 X 10-9, Cohen's d = 3.17). When comparing individual subject mean confidence differences between conditions 1-6 vs. 7-12, there was no significant difference between empirical and model predictions (t(14) = .58, p = .57, Cohen's d = .15), indicating that the Top2Diff model accurately reproduced the magnitude of the numerosity effect observed in human participants.

The ProbTop2Diff model failed to capture the numerosity effect appropriately. While the model predicted a significant difference in confidence between conditions (average difference = .012, t(14) = 11.74, p = 1.23 X 10-8, Cohen's d = 3.03), the comparison of individual subject numerical effects revealed a significant discrepancy between empirical and model predictions (t(14) = 5.50, p = 7.81 X 10-5, Cohen's d = 1.42), suggesting that this model failed to reproduce the correct magnitude of the numerosity effect.

The BCH model also failed to capture the numerosity effect. Although the model predicted a significant difference in confidence (average difference = .012, t(14) = 6.44, p = 1.54 X 10-5, Cohen's d = 1.66), the numerical effect comparison showed a significant difference between empirical data and model predictions (t(14) = 5.50, p = 7.89 X 10-5, Cohen's d = 1.42), indicating poor reproduction of the empirical effect magnitude.

The Entropy model similarly failed to reproduce the numerosity effect correctly. The model predicted a significant confidence difference (average difference = .014, t(14) = 7.83, p = 1.77 X 10-6, Cohen's d = 2.02), but the numerical effect comparison revealed a significant discrepancy (t(14) = 5.719, p = 5.31 X 10-5, Cohen's d = 1.48), showing that the model failed to capture the appropriate magnitude of the effect.

The PE model captured the numerosity effect but with excessive magnitude. The model predicted a highly significant difference in confidence (average difference = .73, t(14) = 15.80, p = 2.56 X 10-10, Cohen's d = 4.08). However, the numerical effect comparison showed a significant difference (t(14) = -14.7038, p = 6.62 X 10-10, Cohen's d = -3.80), indicating that while the PE model correctly predicted the direction of the numerosity effect, it greatly overestimated its magnitude.

The Softmax model completely failed to capture the numerosity effect. The model predicted a significant difference in the wrong direction (average difference = -.028, t(14) = -11.62, p = 1.42 X 10-8, Cohen's d = -3.0), and the numerical effect comparison confirmed this failure (t(14) = 6.73, p = 9.66 X 10-6, Cohen's d = 1.74), showing that the Softmax model predicted the opposite pattern to what was observed empirically.

Wrong-options trade-off effect
The wrong-options trade-off effect refers to the phenomenon that in pairs of conditions that only differed in how evenly the dots were distributed among the two wrong options, the condition having a more even distribution has substantially higher accuracy levels but no significant change in confidence levels (with numerical effects in the opposite direction) compared to the condition having a less even distribution. In Experiment 1, we examined this effect by comparing conditions 2, 3, 8, and 9 (less even distributions among wrong options) against conditions 4, 5, 10, and 11 (more even distributions). Empirically, conditions with less evenly distributed wrong options resulted in substantially lower accuracy (t(14) = -7.70, p = 2.14 × 10⁻⁶, Cohen’s d = -1.99) but a trend toward higher confidence that did not reach significance (average difference = .03; t(14) = 1.77, p = .10, Cohen’s d = .46).

The Top2Diff model predicted a small confidence difference between the two groups of conditions (average difference = -.062, t(14) = -2.44, p = .029, Cohen’s d = -.63), and although the numerical difference with the empirical data is small, the numerical effect comparison showed a significant difference between the model’s predictions and the empirical pattern (t(14) = -4.59, p = 4.2 X 10-4, Cohen’s d = -1.19), indicating that the model didn’t capture the appropriate magnitude of the effect.

The ProbTop2Diff model similarly predicted lower confidence for the less even conditions (average difference = -.053, t(14) = -2.17, p = .048, Cohen’s d = -.56), again opposite to the empirical pattern. The numerical effect comparison showed significant difference between the model’s predictions and the empirical pattern (t(14) = -4.29, p = 7.5 X 10-4, Cohen’s d = -1.11), showing that the model failed to capture the wrong-options trade-off effect. 

The BCH model captured wrong-options trade-off effect. The model predicted no significant difference in confidence between the conditions with more vs. less even distributions of the wrong options (average difference = .0046, t(14) = .20, p = .84, Cohen's d = .052), consistent with the empirical pattern of a non-significant trend toward lower confidence for the more even conditions. The numerical effect comparison also showed no significant difference between the model's predictions and the empirical pattern (t(14) = -1.32, p = .21, Cohen's d = -.34), showing that the model captured the wrong-options trade-off effect.

The Entropy model predicted significantly higher confidence for the conditions with less even distributions of wrong options (average difference = .084, t(14) = 3.78, p = .002, Cohen's d = .98), capturing the correct direction of the wrong-options trade-off effect, though the predicted magnitude was larger than the empirical one. However, the numerical effect comparison showed significant difference between the model's predictions and the empirical pattern (t(14) = 2.78, p = .015, Cohen's d = .72).

The PE model predicted higher confidence for the conditions with less even distribution of wrong options (average difference = .10, t(14) = 12.59, p = 5.06 × 10⁻⁹, Cohen's d = 3.25), capturing the correct direction. However, the numerical effect comparison showed that the model overpredicted the magnitude of the effect (t(14) = 4.96, p = 2.1 X 10-4, Cohen’s d = 1.28).

The Softmax model also predicted higher confidence for the conditions with less even distribution of wrong options (average difference = .22, t(14) = 16.09, p = 2.00 × 10⁻¹⁰, Cohen's d = 4.15), again capturing the correct direction but dramatically overpredicting the magnitude (t(14) = 10.17, p = 7.61 X 10-8, Cohen’s d = 2.63).

Experiment 2
The numerosity effect was examined in Experiment 2 by comparing conditions 1-3 with conditions 4-6, where conditions 4-6 contained 80% of the dot numbers used in conditions 1-3 while maintaining similar evidence ratios. Empirically, conditions 1-3 exhibited slightly higher accuracy (t(24) = 2.38, p = .03, Cohen's d = .48) but much higher confidence than conditions 4-6 (average difference = .19, t(24) = 7.81, p = 4.8 × 10⁻⁸, Cohen's d = 1.56). While both effects were significant, the effect size for confidence was over three times larger than the effect size for accuracy, replicating the robust numerosity effect observed in Experiment 1.

Numerosity effect
The Top2Diff model successfully captured the numerosity effect by predicting higher confidence in conditions with higher numerosity (average difference = .21, t(24) = 23.05, p = 6.98 X 10-18, Cohen's d = 4.61). The numerical effect comparison also showed no significant difference between the model's predictions and the empirical pattern (t(24) = -.65, p = .52, Cohen's d = -.13), indicating that the model captured the appropriate magnitude of the effect.

The ProbTop2Diff model failed to capture the numerosity effect. The model predicted no significant difference in confidence (average difference = .0008, t(24) = .49, p = .63, Cohen's d = .098). Also, the numerical effect comparison showed that there was a significant difference between the model’s prediction and the empirical pattern (t(24) = 7.63, p = 7.15 X 10-8, Cohen's d = 1.53).


The BCH model failed to capture the numerosity effect, as the model predicted no significant difference in confidence (average difference = -.0012, t(24) = -.68, p = .50, Cohen's d = -.14). The numerical effect comparison also showed a significant difference between the model’s prediction and the empirical pattern (t(24) = 7.82, p = 4.73 X 10-8 , Cohen's d = 1.56).

The Entropy model failed to reproduce the numerosity effect as well, as the model predicted no significant confidence difference (average difference = -.0007, t(24) = -.47, p = .64, Cohen's d = -.094). The numerical effect comparison also showed a significant difference between the model’s prediction and the empirical pattern (t(24) = 7.92, p = 3.81 X 10-8 , Cohen's d = 1.58).

The PE model successfully predicted higher confidence in conditions with higher numerosity (average difference = 1.05, t(24) = 19.42, p = 3.50 X 10-16, Cohen's d = 3.88). However, the numerical effect comparison showed that the PE model drastically overpredicted the effect, as there was a significant difference between the model’s prediction and the empirical pattern (t(24) = -18.32, p = 1.30 X 10-15, Cohen's d = -3.66).

The Softmax model completely failed to capture the numerosity effect. The model predicted a significant difference in the wrong direction (average difference = -.046, t(24) = -7.81, p = 4.78 X 10-8, Cohen's d = -1.56). The numerical effect comparison also showed that there was a significant difference between the model’s prediction and the empirical pattern (t(24) = 9.12, p = 2.87 X 10-9, Cohen's d = 1.82).

Experiment 3
Choice-number effect 
The choice-number effect refers to the phenomenon where more choice options led to increased accuracy yet decreased confidence. In Experiment 3, this effect was examined by comparing conditions with 3 choices (conditions 1-4) versus 5 choices (conditions 5-8). Empirically, 3-choice conditions exhibited substantially lower accuracy than 5-choice conditions (t(27) = -7.48, p = 4.74 × 10⁻⁸, Cohen's d = -1.41). Despite this lower accuracy, 3-choice conditions exhibited much higher confidence than 5-choice conditions (average difference = .20; t(27) = 7.70, p = 2.75 × 10⁻⁸, Cohen's d = 1.46), demonstrating a robust dissociation between accuracy and confidence.

The Top2Diff model captured the choice-number effect. The model predicted higher confidence for 3-choice compared to 5-choice conditions (average difference = .14, t(27) = 6.84, p = 2.37 X 10-7, Cohen's d = 1.29), consistent with the empirical pattern. However, the numerical effect comparison also showed that the Top2Diff underpredicted the effect (t(27) = 5.45, p = 9.13 X 10-6, Cohen’s d = 1.03).

The ProbTop2Diff model also captured the choice-number effect. The model predicted higher confidence for 3-choice compared to 5-choice conditions (average difference = .10, t(27) = 12.82, p = 5.40 X 10-13, Cohen's d = 2.42), matching the empirical pattern. However, again, the numerical effect comparison also showed that the ProbTop2Diff underpredicted the effect (t(27) = 3.84, p = 6.79 X 10-4, Cohen’s d = .73).

The BCH model failed to capture the choice-number effect appropriately. The model predicted that 3-choice conditions would exhibit lower confidence than 5-choice conditions (average difference = -.071, t(27) = -5.61, p = 6.02 X 10-6, Cohen's d = -1.06), which was opposite to the empirical finding. The numerical effect comparison confirmed this result by showing a significant difference between the model’s prediction and the empirical pattern (t(27) = 9.71, p = 2.67 X 10-10, Cohen’s d = 1.83).

The Entropy model substantially overpredicted the magnitude of the choice-number effect. The model predicted much higher confidence for 3-choice compared to 5-choice conditions (average difference = 1.59, t(27) = 20.17, p = 8.19 X 10-18, Cohen's d = 3.81). The numerical effect comparison also showed that the model overpredicted the choice-number effect by a substantial amount (t(27) = -17.23, p = 4.36 X 10-16, Cohen's d = -3.25).

The PE model captured the choice-number effect well. The model predicted higher confidence for 3-choice compared to 5-choice conditions (average difference = .19, t(27) = 6.90, p = 2.06 X 10-7, Cohen's d = 1.30), demonstrating successful reproduction of the empirical pattern. The numerical effect comparison also showed that there is no significant difference between the model’s prediction and the empirical pattern (t(27) = .70, p = .49, Cohen's d = .13).

The Softmax model substantially overpredicted the magnitude of the choice-number effect. The model predicted higher confidence for 3-choice compared to 5-choice conditions (average difference = .61, t(27) = 27.35, p = 3.21 X 10-21, Cohen's d = 5.17). However, the numerical effect comparison showed that the model overpredicted the choice-number effect (t(27) = -12.67, p = 7.15 X 10-13, Cohen's d = -2.39).

Numerosity effect
The numerosity effect in Experiment 3 was examined by comparing conditions 1, 3, 5, and 7 (higher dot numbers) against conditions 2, 4, 6, and 8 (lower dot numbers), where each paired condition featured dot numbers that were 80% of those in its partner condition. This grouped comparison showed matched accuracy levels (t(27) = 1.02, p = .32, Cohen's d = .19) but substantially higher confidence for the higher-dot conditions (average difference = .15, t(27) = 8.66, p = 2.84 × 10⁻⁹, Cohen's d = 1.64), demonstrating a robust numerosity effect.

The Top2Diff model captured the numerosity effects. The model predicted higher confidence for the higher-dot conditions compared to the lower-dot conditions (average difference = .20, t(27) = 33.22, p = 1.95 × 10⁻²³, Cohen's d = 6.28), consistent with the empirical pattern. However, the numerical effect comparison showed that the Top2Diff slightly overpredicted the effect (t(27) = -3.01, p = 5.63 × 10⁻³, Cohen's d = -.57). 

The ProbTop2Diff model failed to capture the numerosity effect. The model predicted essentially no confidence difference between the higher-dot and lower-dot conditions (average difference = -6.8 × 10⁻⁴, t(27) = -.93, p = .36, Cohen's d = -.18), in contrast to the robust empirical effect. The numerical effect comparison confirmed a significant discrepancy between the model's prediction and the empirical pattern (t(27) = 8.53, p = 3.84 × 10⁻⁹, Cohen's d = 1.61).

The BCH model also failed to capture the numerosity effect. The model predicted no confidence difference between the higher-dot and lower-dot conditions (average difference = -1.5 × 10⁻⁴, t(27) = -.20, p = .85, Cohen's d = -.04), again in contrast to the empirical pattern. The numerical effect comparison confirmed a significant discrepancy between the model's prediction and the empirical pattern (t(27) = 8.62, p = 3.11 × 10⁻⁹, Cohen's d = 1.63).

The Entropy model also failed to capture the numerosity effect. The model predicted essentially no confidence difference between the higher-dot and lower-dot conditions (average difference = -7.5 × 10⁻⁵, t(27) = -.15, p = .88, Cohen's d = -.03), contrary to the empirical pattern. The numerical effect comparison confirmed a significant discrepancy between the model's prediction and the empirical pattern (t(27) = 8.69, p = 2.61 × 10⁻⁹, Cohen's d = 1.64).

The PE model captured the numerosity effect but predicted a much larger magnitude. The model predicted substantially higher confidence for the higher-dot compared to the lower-dot conditions (average difference = .80, t(27) = 26.13, p = 1.06 × 10⁻²⁰, Cohen's d = 4.94), matching the direction of the empirical pattern. However, the numerical effect comparison showed that the model substantially overpredicted the numerosity effect (t(27) = -20.73, p = 4.10 × 10⁻¹⁸, Cohen's d = -3.92).

The Softmax model failed to capture the numerosity effect. The model predicted essentially no confidence difference between the higher-dot and lower-dot conditions (average difference = 3.1 × 10⁻⁴, t(27) = .35, p = .73, Cohen's d = .07), contrary to the empirical pattern. The numerical effect comparison confirmed a significant discrepancy between the model's prediction and the empirical pattern (t(27) = 8.56, p = 3.55 × 10⁻⁹, Cohen's d = 1.62).

Wrong-options trade-off effect
The wrong-options trade-off effect in Experiment 3 was examined by comparing 3-choice conditions with more versus less even distributions of dots among the wrong options. Specifically, Conditions 3 and 4 (more even distributions) were compared against conditions 1 and 2 (less even distributions). Empirically, conditions with less evenly distributed wrong options yielded lower accuracy (t(27) = -3.07, p = 4.79 × 10⁻³, Cohen's d = -.58) but equal or slightly higher confidence (average difference = .023, t(27) = 1.43, p = .16, Cohen's d = .27), demonstrating the confidence-accuracy dissociation of the wrong-options trade-off effect. A similar comparison can be made for the 5-choice conditions, comparing conditions 7 and 8 (more even distributions) against conditions 5 and 6 (less even distributions). However, unlike the 3-choice pairs, the 5-choice pairs differ slightly in their total dot counts, meaning that the numerosity effect may partially contribute to any observed confidence difference. Nevertheless, the qualitative pattern mirrors that of the 3-choice comparison: conditions with less evenly distributed wrong options yielded lower accuracy (t(27) = -11.27, p = 1.02 × 10-11, Cohen's d = -2.13) but higher confidence (average difference = .079, t(27) = 3.90, p = 5.80 × 10-4, Cohen's d = .74).

The Top2Diff model partially captured the wrong-options trade-off effect. For 3-choice conditions, the model predicted a small confidence difference between the two groups (average difference = .009, t(27) = 2.36, p = .026, Cohen's d = .45), and numerical effect comparison showed no significant difference between the model's predictions and the empirical pattern (t(27) = -.85, p = .40, Cohen's d = -.16), indicating that the model captured the appropriate magnitude of the effect. For 5-choice conditions, the model predicted lower confidence for the less even conditions (average difference = -.017, t(27) = -1.55, p = .13, Cohen's d = -.29), opposite to the direction of the empirical pattern. The numerical effect comparison showed that a significant discrepancy between the model's prediction and the empirical pattern (t(27) = -4.29, p = 2.05 × 10⁻⁴, Cohen's d = -.81). 

The ProbTop2Diff model completely failed to capture the wrong-options trade-off effect, predicting highly significant differences in the wrong direction. For 3-choice conditions, the model predicted substantially lower confidence for the less even conditions (average difference = -.45, t(27) = -51.19, p = 1.99 × 10⁻²⁸, Cohen's d = -9.67), and the numerical effect comparison confirmed a significant discrepancy between the model's prediction and the empirical pattern (t(27) = -26.63, p = 6.44 × 10⁻²¹, Cohen's d = -5.03). The same failure was observed for 5-choice conditions (average difference = -.45, t(27) = -29.18, p = 5.90 × 10⁻²², Cohen's d = -5.51), with the numerical effect comparison again confirming a significant discrepancy (t(27) = -20.71, p = 4.20 × 10⁻¹⁸, Cohen's d = -3.91).

The BCH model also failed to capture the wrong-options trade-off effect, predicting the opposite pattern. For 3-choice conditions, the model predicted substantially lower confidence for the less even conditions (average difference = -.16, t(27) = -11.12, p = 1.38 × 10⁻¹¹, Cohen's d = -2.10), and the numerical effect comparison confirmed a significant discrepancy between the model's prediction and the empirical pattern (t(27) = -8.66, p = 2.85 × 10⁻⁹, Cohen's d = -1.64). The same failure was observed for 5-choice conditions (average difference = -.30, t(27) = -10.99, p = 1.81 × 10⁻¹¹, Cohen's d = -2.08), with the numerical effect comparison again confirming a significant discrepancy (t(27) = -10.93, p = 2.04 × 10⁻¹¹, Cohen's d = -2.07).

The Entropy model captured the direction of the wrong-options trade-off effect but predicted a much larger magnitude. For 3-choice conditions, the model predicted higher confidence for the less even conditions (average difference = .15, t(27) = 10.19, p = 9.44 × 10⁻¹¹, Cohen's d = 1.93), matching the direction of the empirical trend. However, the numerical effect comparison showed that the model substantially overpredicted the effect (t(27) = 5.33, p = 1.26 × 10⁻⁵, Cohen's d = 1.01). For 5-choice conditions, the model again predicted higher confidence for the less even conditions (average difference = .30, t(27) = 17.12, p = 5.07 × 10⁻¹⁶, Cohen's d = 3.23), with the numerical effect comparison again showing substantial overprediction (t(27) = 8.45, p = 4.66 × 10⁻⁹, Cohen's d = 1.60).

The PE model successfully captured the wrong-options trade-off effect. For 3-choice conditions, the model predicted higher confidence for the less even conditions (average difference = .037, t(27) = 19.73, p = 1.43 × 10⁻¹⁷, Cohen's d = 3.73), matching the direction of the empirical trend. The numerical effect comparison showed no significant difference between the model's prediction and the empirical pattern (t(27) = .89, p = .38, Cohen's d = .17), indicating that the model captured the appropriate magnitude of the effect. For 5-choice conditions, the model also predicted higher confidence for the less even conditions (average difference = .084, t(27) = 23.57, p = 1.52 × 10⁻¹⁹, Cohen's d = 4.46), and the numerical effect comparison again showed no significant difference (t(27) = .19, p = .85, Cohen's d = .04).

The Softmax model captured the direction of the wrong-options trade-off effect but with a larger magnitude. For 3-choice conditions, the model predicted higher confidence for the less even conditions (average difference = .048, t(27) = 16.91, p = 6.82 × 10⁻¹⁶, Cohen's d = 3.20), matching the direction of the empirical trend. The numerical effect comparison showed no significant difference between the model's prediction and the empirical pattern (t(27) = 1.56, p = .13, Cohen's d = .30). For 5-choice conditions, the model again predicted higher confidence for the less even conditions (average difference = .17, t(27) = 23.95, p = 1.01 × 10⁻¹⁹, Cohen's d = 4.53), with the numerical effect comparison showing that the model overpredicted the magnitude of the effect (t(27) = 4.21, p = 2.56 × 10⁻⁴, Cohen's d = .79).

 


Supplementary Figures

[image: ] Supplementary Figure 1. Reaction times across conditions. Mean reaction time (in seconds) for each condition in Experiment 1 (left), Experiment 2 (middle), and Experiment 3 (right). Trials more than 2.5 standard deviations from each subject's mean RT were excluded. Error bars represent SEM. The numerosity effect was examined by comparing conditions with higher vs. lower dot numbers (Experiment 1: conditions 1-6 vs. 7-12; Experiment 2: conditions 1-3 vs. 4-6; Experiment 3: conditions 1, 3, 5, and 7 vs. 2, 4, 6, and 8). RT showed a numerosity effect across all three experiments, with conditions having higher dot numbers producing faster responses (Experiment 1: t(14) = -3.31, p = .005, Cohen's d = -.85; Experiment 2: t(24) = -2.53, p = .018, Cohen's d = -.51; Experiment 3: t(27) = -2.73, p = .011, Cohen's d = -.52), though the effect sizes were substantially smaller than those observed for confidence. The wrong-options trade-off effect was examined by comparing conditions with less even vs. more even distributions of dots among wrong options (Experiment 1: conditions 2, 3, 8, 9 vs. 4, 5, 10, 11; Experiment 3: conditions 1, 2 vs. 3, 4). The wrong-options trade-off effect was significant in Experiment 1 (t(14) = -2.63, p = .020, Cohen's d = -.68), with conditions having a more even distribution of non-dominant dots also producing slower responses, consistent with the direction of the confidence effect. In Experiment 3, the wrong-options trade-off effect showed a non-significant numerical effect in the same direction but did not reach significance (t(27) = .93, p = .36, Cohen's d = .18). The choice-number effect was examined by comparing 3-choice vs. 5-choice conditions in Experiment 3 (conditions 1-4 vs. 5-8). In contrast to the robust choice-number effect observed in confidence, this effect was entirely absent in RT (t(27) = -.06, p = .951, Cohen's d = -.01).
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Supplementary Figure 2. Bias-corrected models substantially outperform the basic 2-parameter decision model across all experiments. The figure shows model comparison results for both individual subject level and the group level, where bias-corrected models (5-parameter for Experiments 1-2, 7-parameter for Experiment 3) show dramatically lower AIC values compared to basic 2-parameter models, and substantially more subjects are better described by bias-corrected model compared to the basic 2-parameter decision model. Error bars represent SEM.
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Supplementary Figure 3. Model recovery. To validate our model comparison approach, we performed a comprehensive model recovery analysis by simulating datasets using the best-fitting parameters from each of the six confidence models across all three experiments. We then applied our standard model fitting procedure to these simulated datasets and computed AIC-derived model frequencies to determine the probability that each fitted model would be identified as the generative model. The confusion matrices show the proportion of times each true model (rows) was recovered by each fitted model (columns), with values along the diagonal representing correct model identification. The results demonstrate excellent model recovery performance, with all models showing high recovery rates (>.8 for most models across experiments) and minimal confusion between different model types. These findings confirm that AIC provides a reliable metric for distinguishing between the competing confidence models in our experimental context, validating the model comparison results reported in the main analyses and supporting the conclusion that different confidence models can be meaningfully differentiated using our behavioral paradigm.
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Supplementary Figure 4. Top2Diff remains the best-performing model regardless of scaling implementation. For Experiments 2 and 3, we compared all confidence models including both scaled and non-scaled versions of Top2Diff and PE as separate models (8 models total). Even when excluding the scaled version, the original Top2Diff model outperforms all other confidence models. The bottom panels display individual subject comparisons, where each point represents one participant's AIC difference between the scaled Top2Diff model and each competing model. The diamond markers indicate mean differences across subjects. The scaled Top2Diff model provides the best fit for the vast majority of individual subjects across both experiments, with consistently positive ΔAIC values indicating superior performance relative to all other models. Error bars represent SEM.
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Supplementary Figure 5. Model comparison results with scaling parameter extended to all models. To examine whether extending the scaling parameter to probability-based models would affect our conclusions, we fit all six confidence models on Experiment 3 with an additional scaling parameter allowing the confidence variable to be rescaled across set sizes, applied to all models. (Left) Summed AIC difference scores between each model and the best fitting model. Top2Diff continued to provide the best fit (summed ΔAIC relative to Top2Diff: Softmax = 1191.44, BCH = 1698.78, ProbTop2Diff = 2558.47, Entropy = 2723.38, PE = 5048.44). The error bar shows the 95% bootstrapped confidence interval. (Right) Qualitative model fits for each of the six confidence models, plotted against the empirical confidence values (black). RMSE values: Top2Diff = .053, Softmax = .088, BCH = .178, Entropy = .209, ProbTop2Diff = .263, PE = .328. 



[image: ]
Supplementary Figure 6. Top2Diff provides superior fits at the individual subject level across all experiments. Each panel shows pairwise model comparisons between Top2Diff and each competing confidence model, with individual subjects represented as points and group means shown as diamonds. Positive AIC values indicate better performance for Top2Diff. Results demonstrate that Top2Diff outperforms all other models for the vast majority of (if not all) participants across all three experiments.
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Supplementary Figure 7. Model comparison results with separate confidence criteria for 3- and 5-choice conditions. To examine whether differences in scale mapping across set sizes, we re-fit all six confidence models on Experiment 3 using separate sets of confidence criteria for 3- and 5-choice conditions (six criteria total instead of three). (Left) Summed AIC difference scores between each model and the best fitting model. Top2Diff continued to provide the best fit across all models (summed ΔAIC relative to Top2Diff: Softmax = 404.34, BCH = 1536.76, Entropy = 2540.55, ProbTop2Diff = 2696.88, PE = 5079.98). The error bar shows the 95% bootstrapped confidence interval. (Right) Qualitative model fits for each of the six confidence models, plotted against the empirical confidence values (black). RMSE values: Top2Diff = .044, Softmax = .084, BCH = .177, Entropy = .207, ProbTop2Diff = .262, PE = .328. 
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Supplementary Figure 8. Model comparison results with late noise incorporated into all models. To examine whether incorporating late noise would affect our conclusions, we extended all six confidence models with late noise mechanisms appropriate to each model class and re-fit them on Experiment 3. Specifically, Gaussian noise was added on top of the evidence values for evidence-based models, and Dirichlet noise was added to the posterior probability representations for probability-based models, following Li & Ma (2020). (Left) Summed AIC difference scores between each model and the best fitting model. Top2Diff continued to provide the best fit (summed ΔAIC relative to Top2Diff: Softmax = 425.83, PE = 984.45, BCH = 1523.32, ProbTop2Diff = 1549.33, Entropy = 2433.85). The error bar shows the 95% bootstrapped confidence interval. (Right) Qualitative model fits for each of the six confidence models, plotted against the empirical confidence values (black). RMSE values: Top2Diff = .047, Softmax = .102, PE = .153, Entropy = .183, ProbTop2Diff = .193, BCH = .198.
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Supplementary Figure 9. Model comparison results with joint fitting of choice and confidence data. To examine whether fitting choice and confidence data simultaneously would affect our conclusions, we re-fit all six confidence models on Experiment 3 by jointly modeling the full distribution of choices and confidence ratings, rather than fitting confidence models conditional on the fixed decision model parameters. (Left) Summed AIC difference scores between each model and the best fitting model. Top2Diff continued to provide the best fit (summed ΔAIC relative to Top2Diff: BCH = 2473.05, Softmax = 3064.40, ProbTop2Diff = 3211.55, PE = 3829.35, Entropy = 12147.56). The inset zooms in on the results for the four best-performing models. The error bar shows the 95% bootstrapped confidence interval. (Right) Qualitative model fits for each of the six confidence models, plotted against the empirical confidence values (black). RMSE values: Top2Diff = .048, BCH = .189, Softmax = .210, PE = .255, ProbTop2Diff = .259, Entropy = .345.
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