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Abstract 

There has been much recent interest in using reinforcement learning (RL) model parameters as outcome 

measures in clinical science. A prerequisite to developing an outcome measure that might co-vary with a 

clinical variable of interest (such as an experimental manipulation, intervention, or diagnostic status) is first 

showing that the measure is stable within the same subject, absent any change in the clinical variable. Yet 

researchers often neglect to establish test-retest reliability. This is especially a problem with behavioral 

measures derived from laboratory tasks, as these often have abysmal test-retest reliability. Computational 

models of behavior may offer a solution. Specifically, model-based analyses should yield measures with 

lower measurement error than simple summaries of raw behavior. Hence model-based measures should 

have higher test-retest reliability than behavioral measures. Here, we show, in two datasets, that a pair of 

RL model parameters derived from modeling a trial-and-error learning task indeed show much higher test-

retest reliability than a pair of raw behavioral summaries from the same task. We also find that the 

reliabilities of the model parameters tend to improve with time on task, suggesting that parameter 

estimation improves with time. Our results attest to the potential of computational modeling in clinical 

science.  
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Introduction 

There has been much recent interest in translating reinforcement learning (RL) tasks into assays for use in 

clinical science (Hitchcock, Radulescu, Niv, & Sims, 2017; Maia & Frank, 2011). Clinical science studies 

typically seek to test whether some parameter or set of parameters (such as computational modeling 

parameters, or statistical summaries of raw behavior) co-vary with an independent variable. The 

independent variable might be an experimental manipulation, an intervention, or a difference in diagnostic 

status. For example, a large analysis of an RL task found depression and anhedonia (independent variables) 

were both associated with lower values of a reward sensitivity parameter (an outcome measure) (Huys, 

Pizzagalli, Bogdan, & Dayan, 2013). 

To show that a potential outcome measure co-varies in a meaningful way with an independent variable, it is 

first necessary to establish that the measure is stable within-subject in the absence of change in the 

independent variable. That is, the measure must show high test-retest reliability. If the test-retest reliability 

of a candidate outcome measure is low, it is unlikely that it cleanly samples some latent construct, such as a 

cognitive or learning process, that is stable within individuals. A low-reliability measure is unlikely to have 

much long-term utility in clinical science, as it is likely to be too noisy to meaningfully and reliably co-vary 

with independent variables of interest (Rodebaugh et al., 2016). 

Despite the importance of establishing the test-retest reliability of potential outcome measures, researchers 

often neglect to do this. Neglect is especially common for behavioral measures in laboratory tasks, even 

though such measures often have abysmal test-retest reliability (Lilienfeld, 2014). An (in)famous example is 

the dot probe task (Rodebaugh et al., 2017). The task was used for decades, in dozens of clinical studies, 

before it was shown to have close to 0 test-retest reliability (Price et al., 2015; Schmukle, 2005). The 

measure’s lack of stability likely explains continued, widespread replication failures in studies employing it. 

More generally, the low reliability of measures from many laboratory paradigms poses a serious threat to 

progress in clinical science (see Rodebaugh et al., 2016 for discussion). 

Traditionally, the measures derived from laboratory paradigms have been statistical summaries of raw 

behavior. For example, the outcome measure typically used in the dot probe task is average reaction time. 

Yet it has long been known that these measures tend to be highly variable and imprecise (Mischel, 1968). In 

addition to the fact that models can expose variables that are latent in behavior (e.g., learning rate), one 

source of excitement about applying RL modeling in clinical science comes from the idea that modeling 

behavior trial-by-trial will allow for the creation of outcome variables with lower measurement error 

(Hitchcock, 2017; Huys, Maia, & Frank, 2016).  

One consequence of decreased measurement error should be more stability of measures at test and retest. 

However, no empirical study (of which we are aware) has compared head-to-head the test-retest reliability 

of RL model parameters with measures summarizing raw behavior. Thus, we compared the test-retest 

reliability of model parameters and behavioral summary measures derived from the Dimensions Task 

(Leong, Radulescu, et al., 2017; Niv et al., 2015; Radulescu et al., 2016), a multidimensional bandit with high 

selective attention demands. Radulescu et al., 2016 (study 2) found large differences between older adults 

and younger adults on two measures—one behavioral (accuracy; g = .94) and the other a computational 

modeling parameter (decay; older adults median = .52, younger adults median = .42)—suggesting the task 

has promise as a sensitive measure of individual differences.  

Methods 

We compared the test-retest reliability of two behavioral and model parameter measures derived from the 

Dimensions Task in two datasets. Datasets are from Niv et al. (2015; hereafter D1) and Radulescu et al. 

(2016, study 2; herafter D2).  



Specifications. The datasets differed in total trials as well as the number of trials that comprised a game. (In 

each “game” one dimension of the bandits determined reinforcement probability; reinforcement 

contingencies reset and the participant had to learn contingencies anew in each game; see Niv et al., 2015.) 

In D1 (N = 22), subjects played 500 trials (number of trials per game was drawn from a Uniform(15,25) 

distribution, for a total of M=22.27, SD=1.45 games per subject). In D2 (N = 54), subjects played ~1400 trials 

(M=46.43, SD=5.41 games; subjects stopped playing after exactly 40 minutes; all games were 30 trials). 

Measures. Following Radulescu et al. (2016), the behavioral measures were accuracy (trials with a correct 

response/total trials) and number of games learned (a game was defined as learned if the participant 

selected the most rewarding bandit on 6 consecutive trials). The model parameters came from an RL model 

with decay of weights of unchosen stimuli, and were d (decay rate) and  (the product of inverse 

temperature and the learning rate). We used  as a single parameter because we have previously found in 

these data that and  are highly correlated (Hitchcock et al., 2017), consistent with known identifiability 

issues between inverse temperature and learning rate parameters in RL models (e.g., Schönberg et al., 2007). 

When we used , the four measures were only modestly correlated in both datasets (Figure 1a). For more 

details on the Dimensions Task, including the computational model (known as feature RL + decay) and its 

free parameters, see Niv et al. (2015). See Hitchcock et al. (2017) and Radulescu et al. (2016) regarding the 

clinical potential of the task. 

Test-retest reliability. Test-retest reliability of behavioral and computational modeling measures was 

assessed via ‘A-1’ intraclass (ICC) correlation coefficients (McGraw & Wong, 1996). ICCs were calculated on 

parameter fits and behavioral statistics by splitting the data into first (test) and second (retest) halves, and 

then calculating the ICC for each measure across these halves. Each half consisted of a set of games. Of note, 

because reward contingencies were reset in each game, each game (and hence also each half) was 

independent. Also of note, the “halving” was approximate because of the task's structure into games; 

specifically, the halfway split was made at the first game change after half the total trials had elapsed. A 

high ICC (that is, a higher correlation between first and second half scores for a given measure) reflects high 

within-subject stability in the measure. 

Results and Discussion 

In support of the premise that RL modeling can yield more precise, stable measures of individual 

differences than summaries of raw behavior (see also, Hitchcock, 2017), model parameters (d and β*η) 

showed higher test-retest reliability than measures summarizing raw behavior (accuracy and number of 

games learned) in both datasets (Figure 1b). Specifically, whereas the ICCs of the behavioral measures in 

both datasets were nearly 0, consistent with ICCs of other laboratory behavioral measures such as measures 

from the dot-probe task (Price et al., 2015; Schmukle, 2005), the ICCs of the model parameters were much 

higher. Notably, in D2, the parameter with the highest test-retest reliability (d) outperformed the behavioral 

measure with the highest test-retest reliability (accuracy) by a factor of more than 4 (.68 versus .16).  

Of note, the test-retest reliability of both model parameters was significantly higher in D2 than D1. Two 

differences in the task specifications could have led to this difference: (1) each game had more trials in D2 

(30/game compared to an average of 20/game in D1); (2) many more games were played in D2 

(~46/participant compared to ~22/participant in D1). Each of these changes could conceivably have 

enhanced reliability in D2. To better understand the difference responsible for the increase, we computed in 

D2 test-retest reliabilities for pairs of game subsets of varying length (range: 10-18), with the games in each 

subset drawn randomly and without replacement from the first and second halves of the task (i.e., 10-18 

games per half from the first and second half). For example, the two vectors of game draws from the first 

and the second halves of the task for a given participant in a subset in which n games were drawn might 

look like: vector 1: {1, 2, 5, … , 21}; vector 2: {24, 25, 28, … , 47}. Since this procedure of randomly drawing a  



 

subset of games entails drawing arbitrary games, we resampled games 10 times for each game length. On 

each iteration, the model was fit to the games in the subset, parameter estimates were derived, and an ICC 

score was calculated on these estimates. Figure 1c shows the average ICC at each game length. 

The top graph of Figure 1c shows that the d parameter tended to improve with number of games played. 

Notably, when the number of games played in each subset was approximately equal to the number of 

games played in D1 (10-12 games per half), the ICCs range from only .35-.38. This is still higher than the ICC 

estimate for D1 (.17), in which a comparable number of games were played (~11 per half). But it is much 

lower than the ICC estimate for D2 when all games in the dataset were fit (.68; ~23 games per half). This 

suggests that the number of games played is a major factor driving the reliability of this parameter. For 

bottom graph, Figure 1c), there also appears to be some improvement in reliability as the number of 

games played increases, but the improvement is much weaker than for the d parameter. In future work, we 

plan to explore further the factors that increase the reliability of .  

General Discussion 

Overall, the higher reliabilities of the model parameters relative to behavioral measures support the promise 

of computational modeling for clinical science. As modeling improves, model parameters may ultimately 

exhibit test-retest reliability comparable to that of questionnaire measures. Questionnaire measures are the 

current standard-bearers in test-retest reliability (Mischel, 1968; Lilienfeld, 2014), but their validity is marred 

by response biases inherent to questionnaires (Hitchcock, 2017; Podsakoff et al., 2003). Thus, it is 

noteworthy that, at least for one parameter under one set of task specifications (decay in D2), we found that 

test-retest reliability (.68) approached a level considered adequate for questionnaires. This level of reliability 

is almost unheard of for a measure derived from behavior, particularly when the measure is only collected 



at a single visit (Epstein, 1979; Lilienfeld, 2014). These early results suggest the possibility that, as 

computational psychiatry progresses and modeling approaches are refined, model parameters may 

eventually achieve the holy grail of psychometrics: high reliability and high validity. 
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