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SI Results 
Risky Choice Task Procedure (Study 2B). Study 2B was designed to address the potential 

confound of using subjective evaluations to constrain the value range of the stimuli in Studies 1 and 2A. 
Here, participants (n = 75) completed 270 binary choice trials involving four-outcome lotteries using the 
same procedure from Studies 1-3 (see Fig. 1 in the main text). Each outcome was drawn from one the 
following ranges: [$1-$15], [$10-$30], [$20-$40], or [$35-$50]. These complex lotteries were split into 
three value categories: low expected value (M = $13.63,  SD = $2.57, range: $9.25-$16.69), where the 
[$1-$15] and [$10-$30] outcomes were most probable; moderate expected value (M = $26.45,  SD = 
$2.90, range: $20.09-$32.38), where the [$10-$30] and [$20-$40] outcomes were most probable; and 
high expected value (M = $36.90,  SD = $2.52, range: $34.01-$40.06), where the [$20-$40] and [$35-$50] 
outcomes were most probable.  

When constructing trials for Study 2B, we controlled for several factors. First, we made sure that the 
same outcome was not repeated between lotteries in the same trial. Second, we constrained the 
expected value difference between lotteries in a trial to be between $1-$10. Third, we controlled for 
indifference by calculating the expected utility for lotteries using the exponential utility function for each 
lottery i: 

𝑈(𝑥$) = 	∑ 𝑝$* × 𝑥$*,-
*./ ,      [S1] 

where p is the probability of each outcome x for lottery i. The utility is the probability-weighted value 
of each outcome, and α is a to-be-estimated risk-aversion parameter. We generated the utility for both 
lotteries in each trial using a range of plausible risk parameters (0.001 < α < 5), and constrained the trials 
such that the utilities of the lotteries were never equal for risk parameters outside of that range.  

We incentivized choices for Study 2A and 2B separately. For Study 2A, participants were informed 
that they would receive a button with art image printed on it based on their decisions in either Phase 1 or 
Phase 2. At the end of the experiment, one of those Phases was randomly chosen to be paid out. If 
Phase 1 was selected, two images were randomly drawn and the participants received a button with the 
higher rated image. If both items had elicited a response of “Do Not Like” then no button was awarded. If 
Phase 2 was selected, one trial was randomly drawn and the participant received a button with the image 
that they chose in that trial. For Study 2B, participants were informed that one choice trial would be 
randomly selected, and they would play the lottery that they had chosen on that trial and received half of 
that outcome. Furthermore, all participants received a $5 show-up fee. 

 
Individual Utility Parameters. For Study 2B, we estimated participants’ risk preferences using an 

MLE approach in Matlab (v.2018b) using custom scripts. For each trial, a participant’s utility for lottery i 
was given by the following equation: 

𝑈(𝑥$) = 	∑ 𝑤(𝑝$*) × 𝑥$*,-
*./ ,     [S2] 

where α is the to-be-estimated risk aversion parameter. The probability weighting function w(p) was 
calculated using the following form: 

𝑤(𝑝) = 	 12

(123(/41)2)
5 26

,     [S3] 

where γ is a to-be-estimated parameter. The probability of choosing each lottery was calculated using an 
exponential choice rule: 

𝑃(𝑅; 𝐿) = 	 /
/3;<=(>?<>@)

,     [S4] 

where 𝑈B and 𝑈C are the utilities of the left and right lotteries, respectively, and β is a free parameter 
indicating the sensitivity of the individual to their difference. 

The parameters α, γ, and β were fit at the participant-level, according to maximum likelihood 
using Matlab’s fminsearch function. Best-fitting parameters were estimated using odd/even cross-
validation, where parameter values were generated using odd-numbered trials and validated on even-
numbered trials. To improve the fit of these parameters, we applied an inverse value transformation of the 
utilities (1). 

 
Study 2B Results. Response patterns in Study 2B were unlike those in the previous two 

experiments. In mixed trials, participants tended to be more accurate in low-value trials than in the 
moderate-value trials (ß = 0.172, SE = 0.108, p = .113) and less accurate in high-value trials (ß = -0.150, 



SE = 0.110, p = .174), but not significantly so in either case. Furthermore, participants in mixed value 
trials were faster in both low-value (ß = -0.132, SE = 0.028, p < .001) and high-value trials (ß = -0.067, SE 
= 0.023, p = .003) than moderate-value trials. Once again, we found that the cued value manipulation 
reduced RTs (ß = -0.094, SE = 0.028, p = .001). However, we did not find that RTs increased in cued 
high-value trials relative to cued moderate-value trials (ß = 0.010, SE = 0.034, p = .774).  

Study 2B showed different response patterns than those found in Studies 1, 2A, and 3 (see Figure 
S2). In contrast to the other experiments, RTs in Study 2B were longest in the moderate-value trials, while 
accuracy was lowest in the high-value trials. The RT pattern is likely due to the relative difficulty of 
discerning the value of moderate-value trials, as the most probable outcomes were incongruent (of the 
two most probable outcomes, one was drawn from a low-value distribution while the other was drawn 
from a high-value distribution). In contrast, the most probable outcomes in low- and high-value trials were 
always congruent (the two most probable outcomes were both drawn from either low-value distributions 
or high-value distributions). Meanwhile the accuracy patterns likely reflect the Weber-Fechner law for 
numbers, where discriminability of stimuli decrease with absolute magnitude. Since value in this 
experiment was represented by numerical magnitudes, participants were likely to encounter greater 
difficulty discriminating between stimuli with larger numbers than they would with smaller numbers. Given 
the potential confounds, and the difficulty of the task, we have excluded these results from the main text. 
 

Alternative model. We investigated an alternative modeling framework using the HDDM fit to 
accuracy-coded data. In this model, the upper boundary corresponds to the higher-value option and lower 
boundary corresponds to the lower-value option. This model allows us to evaluate the effect of OV on drift 
rates directly without assuming an interaction with value difference. Here, the drift-rate parameter (v) was 
estimated as a linear function of the absolute value difference (|𝑟B − 𝑟C|), the value category, and block 
type. Again, we used middle-value MV trials as the baseline with the formula: 
 
𝑣 = 𝑣G + 𝑣VD|𝑟B − 𝑟C| + 𝑣Low vs Mid𝐿𝑉 + 𝑣High vs Mid𝐻𝑉 + 𝑣Cue𝐵𝑙𝑜𝑐𝑘 + 𝑣(Low	×	Cue) vs (Mid x Cue)(𝐵𝑙𝑜𝑐𝑘 × 𝐿𝑉) +

𝑣(High	×	Cue) vs (Mid x Cue)(𝐵𝑙𝑜𝑐𝑘 × 𝐻𝑉).       [S5] 
The boundary separation parameter was calculated using the same formula as in the main text 

(Eqn. 1). 
The results from the accuracy-coded model showed strong evidence for the parameter estimates 

contrasting high-value and middle-value trials (Table S5). Compared to middle-value MV trials, high-value 
MV trials consistently had higher drift rates in all three studies (Study 1: 𝑝1WXY = 1.00; Study 2: 𝑝1WXY = 
1.00; Study 3: 𝑝1WXY = 1.00). However, the effect comparing middle-value and low-value MV trials was 
only found in Study 3 (Study 1:	𝑝1WXY = 0.14, Study 2: 𝑝1WXY = 0.47, Study 3: 𝑝1WXY = 1.00). We found very 
strong evidence that value cues increased boundary separation in high-value trials relative to middle-
value trials (Study 1: 𝑝1WXY = 1.00; Study 2: 𝑝1WXY = 1.00; Study 3: 𝑝1WXY = 0.98), but there was no evidence 
for a consistent increase in middle-value trials relative to low-value trials (compared to the difference in 
the MV trials) (Study 1: 𝑝1WXY = 0.80; Study 2: 𝑝1WXY = 0.26; Study 3: 𝑝1WXY = 0.13). 

The posterior predictive check demonstrated that this model was largely able to capture the 
qualitative patterns in the data (Figures S7-S9). 
 
SI Discussion 

Why does divisive normalization predict decreased discriminability for higher-value 
decisions? An emerging literature has tied divisive normalization to economic choice (2-6). These papers 
take the view that divisive normalization in value neurons have a direct impact on choice behavior. In 
terms of concrete predictions, take the formula from Louie et al. (3): 
𝜇 =	 [	∙	]^

_3`(]^3]a)
,       [S6] 

where 𝜇 is the neural firing rate taken to be the physical manifestation of utility, 𝑉$,b are the objective 
values of options i and j, respectively, and K, 𝜎, and w are positive constants. Extending this formula to 
calculate the utility difference between the two options is straightforward: 
∆𝜇 = 	

[	∙	(]^4]a)

_3`(]^3]a)
.      [S7] 

The utility difference between two options, each with a higher value level (C units higher) is then: 



∆𝜇 = 	
[	∙	e(]^3f)4g]a3fhi

_3`e(]^3f)3g]a3fhi
.      [S8] 

Clearly, the utility difference in equation S8 is smaller than the utility difference in equation S7 for any 
given 𝑉$,b pair. Since smaller utility differences are equated with noisier (more error-prone) and slower 
choices, this model predicts decreased discriminability for higher-value decisions. 
  



Fig. S1. (A) Mean RT and (B) accuracy as a function of OV in the cued value condition. Each study is 
depicted with a different color: Study 1 (red), Study 2 (green), and Study 3 (blue). Error bars represent 
standard error (SE) across subjects. 

 

 
 



Fig. S2. Behavioral results in Study 2B. (A) Participants were more accurate (i.e., had greater choice 
consistency) in low-value trials than middle-value trials in MV trials. Comparing the moderate-value trials, 
the CV manipulation generally had no significant effect on accuracy. Accuracy decreased in low-value CV 
trials, relative to the middle-value CV trials. (B) Participants were faster in high-value MV trials and low-
value MV trials compared to middle-value MV trials. RTs decreased in middle-value CV trials. 
 

    



Fig. S3. Study procedure for Phase 1 in Study 3. In Study 3, participants were first presented with a color 
rainbow, composed of 12 distinct colors. Participants were informed that the value of the colors (in points) 
was either increasing, or decreasing, from blue to pink. Participants then completed a round of 30 trials 
where they chose between objects composed of two different colors. After each choice, participants saw 
the point value of both the chosen and non-chosen objects. Subsequently, participants were informed 
how many points that had accumulated in this phase. After the initial round of 30 trials, participants who 
achieved at least 70% accuracy (i.e., choosing the object worth more points) proceeded to Phase 2. 
Otherwise, participants completed another 30 trials. This process was repeated until participants 
achieved 70% accuracy, or they completed 6 rounds. 
 
  

Phase 1
Reinforcement Learning

Total earnings: 140 points



Fig. S4. Model fits for Study 1 in the (A) mixed-value condition and (B) cued-value condition. In order to 
assess the fit of the DDM, we generated simulated data with parameters of the model described in Table 
S4. We present the quantile-probability (Q-P) plots to illustrate the model fit. The Q-P plots show how the 
simulated data (X) match the different conditions in the empirical data (O). The graphs illustrate the extent 
to which the model captures the RT distributions for both correct and error responses, using the 0.1, 0.3, 
0.5, 0.7, and 0.9 quantiles of the RTs. 

 

 

 
 
  



Fig. S5. Model fits for Study 2A in the (A) mixed-value condition and (B) cued-value condition. In order to 
assess the fit of the DDM, we generated simulated data with parameters of the model described in Table 
S4. We present the quantile-probability (Q-P) plots to illustrate the model fit. The Q-P plots show how the 
simulated data (X) match the different conditions in the empirical data (O). The graphs illustrate the extent 
to which the model captures the RT distributions for both correct and error responses, using the 0.1, 0.3, 
0.5, 0.7, and 0.9 quantiles of the RTs. 
 

  



Fig. S6. Model fits for Study 3 in the (A) mixed-value condition and (B) cued-value condition. In order to 
assess the fit of the DDM, we generated simulated data with parameters of the model described in Table 
S4. We present the quantile-probability (Q-P) plots to illustrate the model fit. The Q-P plots show how the 
simulated data (X) match the different conditions in the empirical data (O). The graphs illustrate the extent 
to which the model captures the RT distributions for both correct and error responses, using the 0.1, 0.3, 
0.5, 0.7, and 0.9 quantiles of the RTs. 
 

 
 
 
  



Fig. S7. Alternative model fits for Study 1 in the (A) mixed-value condition and (B) cued-value condition. 
In order to assess the fit of the DDM, we generated simulated data with parameters of the model 
described in Table S5. We present the quantile-probability (Q-P) plots to illustrate the model fit. The Q-P 
plots show how the simulated data (X) match the different conditions in the empirical data (O). The 
graphs illustrate the extent to which the model captures the RT distributions for both correct and error 
responses, using the 0.1, 0.3, 0.5, 0.7, and 0.9 quantiles of the RTs. 
  



Fig. S8. Alternative model fits for Study 2 in the (A) mixed-value condition and (B) cued-value condition. 
In order to assess the fit of the DDM, we generated simulated data with parameters of the model 
described in Table S5. We present the quantile-probability (Q-P) plots to illustrate the model fit. The Q-P 
plots show how the simulated data (X) match the different conditions in the empirical data (O). The 
graphs illustrate the extent to which the model captures the RT distributions for both correct and error 
responses, using the 0.1, 0.3, 0.5, 0.7, and 0.9 quantiles of the RTs. 
  



Fig. S9. Alternative model fits for Study 3 in the (A) mixed-value condition and (B) cued-value condition. 
In order to assess the fit of the DDM, we generated simulated data with parameters of the model 
described in Table S5. We present the quantile-probability (Q-P) plots to illustrate the model fit. The Q-P 
plots show how the simulated data (X) match the different conditions in the empirical data (O). The 
graphs illustrate the extent to which the model captures the RT distributions for both correct and error 
responses, using the 0.1, 0.3, 0.5, 0.7, and 0.9 quantiles of the RTs. 
 

  



Table S1. Table of mean response time (RT) and accuracy in Studies 1-3, including standard error of 
mean (SE). Conditions split by overall value (i.e., low, middle, or high) within mixed value (MV) or cued 
value (CV) blocks. 
Experiment Condition RT, sec (SE) Accuracy (SE) 
Study 1 Low MV 1.723 (0.020) 0.652 (0.011) 
 Medium MV 1.649 (0.019) 0.633 (0.011) 
 High MV 1.571 (0.020) 0.685 (0.011) 
 Low CV 1.581 (0.019) 0.642 (0.012) 
 Medium CV 1.558 (0.019) 0.647 (0.011) 
 High CV 1.515 (0.018) 0.702 (0.011) 
Study 2 Low MV 1.173 (0.011) 0.660 (0.010) 
 Medium MV 1.148 (0.011) 0.697 (0.010) 
 High MV 1.077 (0.010) 0.741 (0.009) 
 Low CV 1.155 (0.011) 0.630 (0.010) 
 Medium CV 1.114 (0.010) 0.710 (0.010) 
 High CV 1.115 (0.011) 0.747 (0.009) 
Study 3 Low MV 1.821 (0.014) 0.790 (0.007) 
 Medium MV 1.733 (0.014) 0.833 (0.007) 
 High MV 1.650 (0.013) 0.853 (0.006) 
 Low CV 1.661 (0.014) 0.804 (0.007) 
 Medium CV 1.582 (0.014) 0.849 (0.006) 
 High CV 1.566 (0.014) 0.849 (0.006) 

 
  



Table S2. Tests of the effects of OV and value cues on log(RT) using regressions with clustered errors. 
Significant effects are bolded. Note: †p < .1, *p < .05, **p < .01, ***p < .001. 
Experiment Coefficient Estimate (SE) 95% Confidence interval 

Study 1 Intercept 7.348 (0.044)*** [7.261, 7.434] 

 Effect of Difficulty -0.039 (0.011)*** [-0.059, -0.018] 

 Effect of Low-Value 0.039 (0.014)** [0.011, 0.066] 

 Effect of High-Value -0.064 (0.019)** [-0.102, -0.026] 

 Effect of Value Cue -0.064 (0.015)*** [-0.093, -0.034] 

 Value Cue x Low-Value -0.022 (0.023) [-0.066, 0.023] 
 Value Cue x High-Value 0.047 (0.027)† [-0.007, 0.100] 
Study 2 Intercept 6.978 (0.046)*** [-6.887, 7.068] 

 Effect of Difficulty -0.008 (0.021) [-0.050, 0.033] 

 Effect of Low-Value 0.016 (0.011) [-0.007, 0.038] 

 Effect of High-Value -0.066 (0.012)*** [-0.091, 0.042] 

 Effect of Value Cue -0.027 (0.013)* [-0.053, -0.002] 

 Value Cue x Low-Value 0.017 (0.016) [-0.015, 0.049] 

 Value Cue x High-Value 0.057 (0.019)** [0.020, 0.094] 
Study 3 Intercept 7.582 (0.033)*** [7.517, 7.648] 

 Effect of Difficulty -0.084 (0.004)*** [-0.092, -0.077] 

 Effect of Low-Value 0.058 (0.013)*** [0.033, 0.084] 

 Effect of High-Value -0.045 (0.014)** [-0.073, -0.017] 

 Effect of Value Cue -0.104 (0.015)*** [-0.135, -0.074] 

 Value Cue x Low-Value 0.007 (0.022) [-0.036, 0.049] 

 Value Cue x High-Value 0.045 (0.024)† [-0.001, 0.091] 
 
  



Table S3. Tests of the effects of OV and value cues on choice accuracy using logistic regressions with 
clustered errors. Note: †p < .1, *p < .05, **p < .01, ***p < .001. 
Experiment Coefficient Estimate (SE) 95% Confidence interval 

Study 1 Intercept -0.057 (0.072) [-0.198, 0.084] 

 Effect of Difficulty 0.666 (0.047)*** [0.574, 0.758] 

 Effect of Low-Value 0.096 (0.103) [-0.106, 0.298] 

 Effect of High-Value 0.198 (0.086)* [0.029, 0.367] 

 Effect of Value Cue 0.075 (0.081) [-0.084, 0.235] 

 Value Cue x Low-Value -0.120 (0.106) [-0.327, 0.087] 
 Value Cue x High-Value -0.025 (0.124) [-0.268, 0.218] 

Study 2 Intercept -0.061 (0.163) [-0.381, 0.260] 

 Effect of Difficulty 0.504 (0.088)*** [0.330, 0.677] 

 Effect of Low-Value 2.65 ∙ 104- (0.104) [-0.203, 0.204] 

 Effect of High-Value 0.349 (0.119)** [0.115, 0.583] 

 Effect of Value Cue 0.067 (0.053) [-0.036, 0.170] 

 Value Cue x Low-Value -0.206 (0.090)* [-0.382, -0.030] 

 Value Cue x High-Value -0.035 (0.097) [-0.225, 0.155] 

Study 3 Intercept 0.234 (0.108)* [0.022, 0.446] 

 Effect of Difficulty 0.587 (0.044)*** [0.501, 0.672] 

 Effect of Low-Value -0.304 (0.137)* [-0.573, -0.036] 
 Effect of High-Value 0.158 (0.095)† [-0.029, 0.344] 

 Effect of Value Cue 0.065 (0.089) [-0.110, 0.240] 

 Value Cue x Low-Value -0.039 (0.117) [-0.269, 0.191] 

 Value Cue x High-Value -0.159 (0.102) [-0.358, 0.041] 

 
  



Table S4. Parameter estimates for the HDDM fit to the response-coded data reported in the main text. 
Note: Coefficients were calculated relative to parameter values in the middle, mixed-value condition. Bold 
font indicates that the 95% HDI did not overlap with 0. “Param” standard for parameter (v = drift rate, a = 
boundary separation), “VD” for value difference, and “cue” stands for cued-value. 

Param. Coeff. Study 1 
(DIC: 29330) 

Study 2 
(DIC: 25583) 

Study 3 
(DIC: 48292) 

v Intercept -0.003 
[-0.070, 0.058] 

0.048 
[-0.012, 0.111] 

-0.110 
[-0.149, -0.071] 

 VD 0.329 
[0.289, 0.372] 

0.305 
[0.273, 0.335] 

0.296 
[0.282, 0.311] 

 Low 0.082 
[0.014, 0.151] 

0.022 
[-0.058, 0.101] 

0.038 
[-0.014, 0.089] 

 High 0.045 
[-0.025, 0.115] 

0.110 
[0.031, 0.195] 

-0.025 
[-0.074, 0.026] 

 Cue 0.020 
[-0.050, 0.092] 

-0.012 
[-0.090, 0.063] 

0.079 
[0.026, 0.131] 

 Cue x VD 0.041 
[-0.021, 0.101] 

0.039 
[-0.006, 0.085] 

0.064 
[0.043, 0.085] 

 Low x Cue -0.076 
[-0.178, 0.022] 

-0.068 
[-0.176, 0.048] 

0.020 
[-0.051, 0.090] 

 High x Cue 0.001 
[-0.107, 0.099] 

-0.028 
[-0.144, 0.093] 

-0.001 
[-0.076, 0.073] 

 Low x VD 0.015 
[-0.045, 0.073] 

-0.019 
[-0.064, 0.030] 

-0.043 
[0.063, 0.023] 

 High x VD 0.078 
[0.018, 0.136] 

0.163 
[0.116, 0.211] 

0.035 
[0.014, 0.056] 

 Low x Cue x VD  -0.042 
[-0.128, 0.046] 

-0.010 
[-0.166, -0.035] 

-0.035 
[-0.064, -0.005] 

 High x Cue x VD 0.033 
[-0.054, 0.123] 

-0.066 
[-0.136, -0.001] 

-0.029 
[-0.060, 0.002] 

a Intercept 2.070 
[1.943, 2.202] 

1.658 
[1.567, 1.749] 

2.546 
[2.426, 2.673] 

 Low 0.082 
[0.022, 0.142] 

0.009 
[-0.029, 0.051] 

0.065 
[-0.001, 0.128] 

 High -0.126 
[-0.181. -0.072] 

-0.069 
[-0.109, -0.028] 

-0.015 
[-0.079, 0.050] 

 Cue -0.111 
[-0.165, -0.057] 

-0.023 
[-0.062, 0.019] 

-0.200 
[-0.260, -0.139] 

 Low x Cue -0.035 
[-0.114, 0.047] 

0.002 
[-0.053, 0.059] 

-0.026 
[-0.106, 0.059] 

 High x Cue 0.140 
[0.067, 0.214] 

0.050 
[-0.008, 0.108] 

0.034 
[-0.051, 0.121] 

 
  



 

Table S5. Parameter estimates for HDDM fit to the accuracy-coded data. Note: Coefficients were 
calculated relative to parameter values in the middle, mixed-value condition. Bold font indicates that the 
95% HDI did not overlap with 0. “Param” standard for parameter (v = drift rate, a = boundary separation), 
“VD” for value difference, and “cue” stands for cued-value.  

Param. Coeff. Study 1 
(DIC: 29300) 

Study 2 
(DIC: 24558) 

Study 3 
(DIC: 54054) 

v Intercept -0.058 
[-0.122, 0.009] 

-0.197 
[-0.335, -0.056] 

-0.003 
[-0.054, 0.046] 

 VD 0.434 
[0.382, 0.486] 

0.498 
[0.415, 0.577] 

0.324 
[0.297, 0.349] 

 Low 0.052 
[-0.037, 0.150] 

0.007 
[-0.153, 0.170] 

-0.116 
[-0.224, -0.007] 

 High 0.163 
[0.072, 0.254] 

0.369 
[0.211, 0.530] 

0.127 
[0.052, 0.199] 

 Cue 0.057 
[-0.025, 0.133] 

0.084 
[-0.004, 0.184] 

0.090 
[0.035, 0.150] 

 Low x Cue -0.055 
[-0.161, 0.055] 

-0.163 
[-0.300, -0.029] 

-0.046 
[-0.128, 0.038] 

 High x Cue 0.015 
[-0.134, 0.165] 

-0.083 
[-0.228, 0.072] 

-0.071 
[-0.145, 0.003] 

a Intercept 1.981 
[1.819, 2.173] 

1.559 
[1.433, 1.686] 

2.254 
[2.109, 2.401] 

 Low 0.096 
[0.028, 0.163] 

0.014 
[-0.024, 0.058] 

0.142 
[0.084, 0.200] 

 High -0.116 
[-0.189, -0.047] 

-0.072 
[-0.129, -0.016] 

-0.043 
[-0.089, 0.014] 

 Cue -0.128 
[-0.194, 0.061] 

-0.047 
[-0.101, 0.008] 

-0.205 
[-0.258, -0.151] 

 Low x Cue -0.043 
[-0.143, 0.054] 

0.026 
[-0.047, 0.105] 

0.051 
[-0.034, 0.142] 

 High x Cue 0.136 
[0.038, 0.240] 

0.101 
[0.025, 0.180] 

0.092 
[0.010, 0.178] 
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