
  

 

Abstract 
Basic dimensions of behavior, namely approaching positive 

and avoiding aversive stimuli correspond to evolutionary biases 

that confer survival advantages. However, frequently, these 

automatic reactions jeopardize our social integrity. Therefore, 

we must be able to engage in incongruent responses 

(approaching negative and avoiding positive stimuli) which are 

effortful and depend on considerable cognitive resources. 

This thesis aimed to verify whether the repetitive performance 

of such incongruent reactions would automatize them, i.e., 

would lead to habit-like behavior. Ideally, such high frequency 

pairing would build-up a stable stimuli-incongruent reaction 

association. To test this hypothesis, healthy participants were 

asked to perform a computerized Approach-Avoidance task, 

during a 5 consecutive-day training period, and novel 

computational models were developed to fit participants’ 

reaction times. 

The model that best fitted the data was selected through 

Bayesian approaches and it was proven to be significantly 

better than a model assuming that the average value of the 

reaction times did not change during training. The selected 

model presented six free parameters which captured processes 

involved in habit learning and cognitive control, as well as 

Pavlovian biases.  

Further analyses showed participants to perceive negative 

pictures significantly less aversively after the training period, 

which might be a consequence of habit formation, as 

transduced by the significant decrease of reaction times for the 

approach negative condition. 

In the future, similar training protocols might be an add-on 

therapy in patients with obsessive-compulsive disorder, since 

current exposure and response prevention therapies are 

uncomfortable, time-consuming and associated with a high 

relapse-rate. 
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1. Introduction 
OCD patients have predispositions toward excessive 

stereotyped behavior in order to avoid adverse consequences 

[1]. Therefore, it is assumed that some OCD symptoms might 

be seen as enhanced avoidance tendencies [2] [3] [4]. 

However, the standard treatment, Exposure and Response 

Prevention (ExRP) is substantially discomforting, time-

consuming and associated with a high relapse rate [5] [6] [7]. 

Consequently, it is of utmost importance to find ways to make 

this treatment less aversive. Thereby, we first have to 

understand how people, in general, regulate their automatic 

tendencies and engage in so-called controlled responses that 

may be against their primary reaction tendencies, but are 

advantageous for the achievement of long term-goals [8]. 

So, to disentangle the interplay between impulsive automatic 

reactions and their inhibition through cognitive control and to 

identify the cognitive subcomponents involved, we resorted to 

the AAT. 

The AAT is an extensively used implicit task that directly 

assesses the behavioral component of approach-avoidance 

impulses and also allows to evaluate the deliberative regulation 

of these impulses [8]. In fact, the AAT was proven useful to 

understand certain aspects of psychopathology, such as the 

pathologically enhanced approach tendencies for alcohol-

related stimuli in alcohol dependence [9][10] and for heroin-

related stimuli in people addicted to heroin [11], and the 

pathologically enhanced avoidance tendencies for phobia-

relevant stimuli in different phobias [12]. 

Moreover, training with the AAT has been also associated to 

findings that show evidence for a behavior modification 

transduced in the overcoming of the automatic action 

tendencies, through repetition of incongruent reactions [10] [13] 

[14] [15] [16] [17]. Consequently, modifications of the stimuli’s 

valence processing have been considered as consequence of 

this training [10] [13] [15] [17] [18] [19]. 
 

Neuronal correlates: automatic and regulated processes  

The definition of approaching positive stimuli and avoiding 

negative ones as vital behaviors was based on the fact that 

there are specialized nervous systems to processes them. 

In fact, it was demonstrated that defensive reflexes in humans 

might rely on the same neuronal structures as does the fear 

circuit, specifically on the amygdala [20] [21]. On the other 

hand, further investigations linked the activity of the Basal 

Ganglia (BG) to approach behavior [22]. Then, the regulation 

and control of such behaviors has been associated to the Pre-

Frontal-Cortex (PFC) [23] [21] [24]. Moreover, 

electrophysiological studies showed evidence for specific 

approach-avoidance systems regarding hemispheric asymmetry 

[21] [25] [26]. 

Besides, several theories in psychology and neuroscience 

state that human behavior is associated with the interaction 

between two different sets of processes: the ones that occur 

automatically (and in general are fast) and the ones that are 

controlled and follow a plan to overcome these automatic 

reactions [27]. 

In fact, this assumption led to the development of the 

Reflective Impulse Model [28]. This model states that the 

impulsive system is engaged through perceptual input, 

therefore is faster and does not require much cognitive 

capacity. On the other hand, the reflective system provides a 

flexible and substantial control over decisions and actions. 

However, the latter is highly dependent on the allocation of 

control and attentional resources [28] [29] [30] [31]. 
 

Instrumental conditioning 

Instrumental conditioning is one type of learning in which the 

subject’s behavior is adjusted accordingly to its consequences 

[32]. This complex form of behavior was formally postulated in 

Thorndike’s Law of effect which states that responses followed 

by a positive (negative) outcome would strengthen (weaken) the 

stimulus-response (S-R) association, i.e., the formation of a 
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new habit. Besides, instrumental learning also takes into 

account the fact that learning occurs via stimulus-response-

outcome (S-R-O) associations, the so-called goal-directed 

behavior [33] [34] [35] [36]. 

Although behavior might be ruled by a goal-directed approach 

at first, a considerable amount of training, through repetition of 

a specific action, might actually result in the automaticity of this 

action and in the modification of the participant’s behavior 

towards the stimuli assigned to this action.  

Indeed, this process that was termed “habit formation” was 

shown to be very important, since much of our everyday life 

action is steered by repetition [37]: Habit formation results from 

the acquisition of sequential and repetitive motor behaviors 

triggered by external or internal stimuli. This results in 

incremental strengthening of the S-R association leading to an 

increase of the automaticity of such behaviors and 

consequently reduces the cognitive load necessary to perform 

such actions. [34] [38] [39] [40]. 

However, neither the aforementioned cognitive processes nor 

the learning processes that are influenced and involved by the 

training version of the AAT were investigated thus far. 
 

There is, therefore, an obvious need of better understanding 

the training version of the AAT considering the psychological 

and cognitive processes associated to the performance of 

incongruent reactions, such as approaching the negative and 

avoiding positive stimuli. In fact, recent findings of neuronal 

substrates involved in the performance of these reactions [10] 

[11] [13] [15] [27] and the substantial body of work, highlighting 

the usefulness of computational reinforcement-learning models 

in characterizing behavior and brain-behavior relationships, [33] 

[41] [42] led to the design of a novel computational framework. 

This will then allow us to characterize relevant aspects of the 

cognitive processes involved in the referred version of the AAT. 

While there is still a long way to go before a completely 

reliable system for the quantification and capture of these 

processes can be developed, these computational approaches 

constitute, therefore, an important and promising tool to fulfill 

this goal. 
 

2. Methods  
In order to assess different behavioral aspects that underlie 

the overcoming of automatic response tendencies when 

performing the AAT, 36 healthy subjects (divided in two 

balanced groups, the negative and positive groups) were 

assessed through three different versions, created through 

modification of the original version of the joystick version with 

feedback. The task versions next described were developed in 

MATLAB version R2012b, using Psychophysics Toolbox 

Version 3 (PTB-3). 

To perform each of the different versions, participants were 

seated in a chair with a pillow in a viewing distance of 

approximately 40 cm from the computer screen of an ASUS 

K450J Notebook and reacted via a joystick (Logitech, Extreme 

3D Pro) with their dominant hand. Besides, all participants went 

through a small train to perceive the joystick sensibility and the 

instructions that they would receive. After this, before they 

started any routine, they were told “to be as fast and accurate 

as possible” and to place their non-dominant hand over the 

base of the joystick to better perform the routines. 

All participants followed a protocol of 5 consecutive days, in 

which we assured that they executed all the procedures by the 

same order and in a place without any external distractions that 

could influence or compete with the attention we required 

participants to pay when performing the routines. 
 

Training version of the AAT 

The training version consisted of a routine where participants 

of different groups trained different conditions. Participants of 

the negative group were trained to approach negative pictures 

and to avoid neutral ones, while participants of the positive 

group were trained to approach neutral pictures and to avoid 

positive ones. Each condition was trained for 60 trials (30 trials 

per image in each condition, since participants trained two 

images per condition), yielding a total of 120 trials. This routine 

was performed during 5 consecutive days. 

Therefore, there were two types of trials: the ones where 

participants had to approach the stimuli and the ones where 

they had to avoid the stimuli. The general structure of both trials 

is depicted in figure 1. 

 
Figure 1: Schematics of a typical trial in the task composed of 5 events: 

fixation, stimulus, reaction, feedback and blank. Temporal differences 

between each event are also depicted for both types of trials. The 

sonorous icon corresponds to the sound that accompanied the visual 

feedback. 
 

After completing the block of 120 trials, we asked participants 

to rate the pictures they were presented with, in terms of 

pleasantness. Besides the verbal instructions provided we also 

instructed participants according to figure 2. 

 

Figure 2: General structure of the instructions provided to participants. 

The instructions depicted were specific for the positive group’s 

participants. The first sentence says: “When you see these pictures, 

approach them by pulling the joystick”; the second says: “When you see 

these pictures, avoid them by pushing the joystick”; the last sentence 

says: “To begin the training, press A on the keyboard”. 
 

This routine was based on the one that Eberl et al., (2013) 

had used to train alcohol-dependent subjects to avoid alcohol 

related stimuli and which had resulted in a tendency for reduced 

relapse probability after one year [13].  
 

Assessment version of the AAT 

The assessment version was created in order to capture the 

effects of the unintentional valence processing of participants 

and to verify whether participants generalized the learning to 

similar pictures. In this version, which consisted of a routine of 

192 trials in total, we presented 16 pictures to participants that 

were grouped in 3 different categories (cf Stimuli). Each picture 

was shown 12 times (6 for one direction and 6 for the other). 

This routine was performed on the first day before the training, 

and on the last day, after the last training session. The trials’ 

structure of this routine was similar to the one presented in 



  

figure 1, except for some modifications. Firstly, the stimuli 

presentation was done along with the instruction of which action 

the participant should perform (figures 3a and 3b). Secondly, 

participants only received feedback when they wrongly 

performed one trial. Thirdly, a written instruction was provided 

on the screen phrasing: “Pull or push the joystick according to 

the arrow’s direction”. Fourthly, on the first day, the rating of the 

presented pictures was performed before they started this 

routine, while in the last day, the rating of the pictures was 

performed after completing the task. The arrows were a novelty 

and this version was based on a similar routine where 

participants were instructed by the shape of the picture’s frame 

presented [43]. 

 
Figure 3: General instructions and stimuli provided to participants in the 

assessment version. (a) Indicates that the participant should avoid the 

picture by pushing the joystick and (b) indicates that the participant 

should approach the picture by pulling the joystick. 
 

Arrow version of the AAT 

The arrow version consisted of a total of 20 trials (10 for each 

direction) and was performed in the first day, before the 

assessment version. This version was designed in order to 

assess participants’ motor biases when using the joystick. 

Therefore we used a similar trial structure to the one of figure 1, 

where the stimuli presentation and instruction provided were 

similar to figure 3a and 3b, but instead of one image we used a 

black rectangle. 
 

Stimuli 

For this study we decided to use 16 pictures from three 

different categories: positive, negative and neutral. Four 

pictures were assigned to each of the first two categories, while 

the latter contained 8, as the neutral pictures were split into two: 

the ones to use along with the positive pictures and the ones to 

use along with the negative pictures. Considering the fact that 

these tasks will be applied in OCD patients in the future, the 

choice of the pictures was based on pictures that could elicit 

strong automatic avoidance reactions (similar to the 

pathologically enhanced avoidance tendencies which can be 

found in OCD patients for specific stimuli). Thereby, the pictures 

had to be salient for the tested healthy participants. Therefore, 

the chosen negative pictures depicted very dirty toilets. 

Regarding the neutral pictures for the negative group, we 

decided to use neutral kitchens because both pictures types 

depicted scenes within a building, within a living area that can 

be found in every household.  

Regarding the positive pictures, we chose pictures related to 

vacation scenes (similar to the ones depicted in figure 2), 

because we considered this stimuli to be doubtlessly positive. 

Consequently, they should elicit quite strong approach 

reactions. Relatively to the neutral pictures for this group, we 

chose pictures related to usual outside scenarios in a city. 

The pictures used were downloaded from a very large 

database generated by Microsoft (negative: 154718, 264964; 

neutral: 641, 10114, 10844, 18366, 20979, 26204, 27285, 

28682; positive: 348896, 490337, 556420) [44], from the 

database of the IAPS (negative: 9300, 9320) [45] and from 

internet (positive: ‘c30’). 
 

Behavioral dataset 

The dataset was composed by 36 adult participants (18 

women and 18 men) whose ages varied from 19 to 29 years, 

with mean = 23.056 and standard deviation (SD) = 1.754 years. 

Due to hardware limitations (just one joystick and one 

computer) the acquisition of data was done during three weeks 

and the participants’ data were collected according to their 

availability. Participants were pseudo-randomly distributed to 

the negative and positive group, to assure that both groups 

were balanced in gender, i.e., each group was composed by 9 

women and 9 men. All 16 pictures were used in the training 

version of the AAT. Nonetheless, considering that each 

participant trained 4 pictures (two of each condition) and there 

were 4 pictures per condition, we had 6 possible combinations 

of pictures per condition. Therefore, we randomly distributed 

these 6 possible combinations across subjects within each 

group, ensuring that each combination of pictures was trained 

by the same number of participants. All the participants were 

acquaintances of the experimenter and performed the tasks 

voluntarily. All provided written informed consent. The study 

was approved by the local Ethics Committee for the Health 

Care of the University of Lisbon. 
 

Data pre-processing and outliers’ exclusion criteria 

Firstly, according to prior analyses of reaction times acquired 

during the solving of behavioral tasks [10] [13] [14] [46], the 

wrongly performed trials were not considered for the analysis. 

Besides that, we also did not consider the trials where 

participants’ initial movement was the opposite of what was 

instructed. 

Then, we also analyzed the data for additional outliers and 

considering the literature related to the analysis of RTs, several 

criteria for pre-processing of correct RTs were found [47] [48] 

[49]. We decided to use a specific cut-off at 200 ms, because 

we did not expect meaningful RTs to be faster than this for our 

task and the cut-off at 3 times the interquartile range above the 

third quartile, which prevented to eliminate meaningful 

information as might happen with the previously used cut-off at 

3 standard deviations above the mean. These criteria and 

analysis were performed at individual level. 
 

Mixed-Effects models 

A mixed model is similar in many ways to a linear model, 

because it describes the effects of at least one predictor on the 

variable of interest [50]. However, a mixed-effects model (or just 

mixed model) arises from the incorporation of both fixed effects, 

that are parameters which tell how population means differ 

between any set of treatments, and random effects which in 

turn are parameters representing the general variability among 

subjects [51]. This family of models is usually represented in 

terms of three random variables: a q-dimensional vector of fixed 

effects (𝜷), a q-dimensional vector of random effects (𝒃) and an 

n-dimensional response vector (𝒚). The latter has the values 𝒚 

which we observe, while the values 𝒃 and 𝜷 are the ones we 

want to estimate. To do that and make inferences about them 

we use predictors.  

A linear mixed model generally follows equation 1: 

 𝒚 = 𝑋𝜷 + 𝑍𝒃 +  𝜺  (1) 

Where 𝜺 is an unknown vector of random errors, and 𝑋 and 

𝑍 are design matrices that relate the unknown vectors 𝜷 and 𝒃 

to the vector of observations 𝒚. 

Besides the use of these models to fit the behavioral data 

acquired from the training, where random effects were 

considered for both the intercept and the slope, we also used 

them to analyze the behavioral data acquired from the other 

AAT routines instead of the classical ANOVAS. This because 



 

 

mixed models were shown to be more sensitive due to their 

ability to model nonlinear, individual characteristics [52] [53] 

[54]. 
 

Novel computational models 

Although much had been done in what concerns the 

development of Reinforcement Learning models during the past 

decades, the concepts inherent to them were only partially 

applicable to the scope of this study. In fact, this study 

represents the first attempt to capture the influences of some 

psychological and cognitive processes which we thought to be 

involved when performing the training of the AAT. 

To model subjects’ behavior when performing this version of 

the AAT, we aimed to model the preference of the subject 

𝑤𝑡(𝑠𝑖 , 𝑎𝑗) for executing a certain action, 𝑎𝑗, when presented with 

one specific stimulus, 𝑠𝑖  at trial 𝑡 . The preferences were 

modelled according to three specific influences: habit learning 

(ℎ), pavlovian biases (𝑝), and cognitive control (𝑐), in agreement 

with the concepts explained in section 1 and according to 

equation 2: 

 𝑤𝑡(𝑠𝑖 , 𝑎𝑗) = ℎ𝑡(𝑠𝑖 , 𝑎𝑗) +  𝑝(𝑠𝑖 , 𝑎𝑗) + 𝑐(𝑠𝑖 , 𝑎𝑗)  (2) 

Regarding the habit learning component, according to 

Thorndike’s law of exercise that states that an S-R association 

is strengthened every time the respective stimulus and 

response are paired [34] and Neal et al., (2006), which brought 

to light evidence concerning the role of repetition in habit 

learning [55], we assumed that it would lead to the learning of 

new S-R associations between the stimulus 𝑠𝑖  and the 

respective instructed action 𝑎𝑗 (equation 3) 

 ℎ𝑡+1(𝑠𝑖 , 𝑎𝑗) = (1 + 𝛼) × ℎ𝑡(𝑠𝑖 , 𝑎𝑗) +  𝛽 ×
0.5

1+𝑇(𝑠𝑖)
 (3) 

Where 𝛼  and 𝛽  are the multiplicative and additive learning 

rates, respectively, and were constrained to be equal or greater 

than zero. The term that is multiplied by 𝛽 was implemented to 

simulate a decay on this parameter that results from the 

experience of repeatedly observing the stimulus 𝑠𝑖 [56]. Thus, 

𝑇(𝑠𝑖) is the number of past observations of stimulus 𝑠𝑖 . The 

multiplicative learning rate, on the other hand, tried to capture 

the occurrence of Hebbian learning [57]. Relatively to their 

influence on the preference, the higher the values of the 

learning rates were the faster the participant would learn the S-

R association. 

Concerning the Pavlovian component we assumed it to be 

responsible for the subjects’ innate bias towards congruent or 

incongruent reactions, for a specific stimulus 𝑠𝑖 . Thus this 

component was modeled according to equation 4. 

 𝑝(𝑠𝑖 , 𝑎𝑗) = {
−𝜋 ∙ 𝑣(𝑠𝑖), 𝑖𝑓 𝑎𝑗 = 𝑎𝑣𝑜𝑖𝑑

𝜋 ∙ 𝑣(𝑠𝑖), 𝑖𝑓 𝑎𝑗 = 𝑎𝑝𝑝𝑟𝑜𝑎𝑐ℎ
 (4) 

Where 𝑣(𝑠𝑖) is driven by the rating the subject attributed to 

that stimulus before initiating the training period. Therefore, it is 

clear that congruent reactions are facilitated, while the 

incongruent ones are hindered by positive values of the 

Pavlovian parameter. 

The cognitive control component tried to model the cognitive 

effort people had to engage when they were faced with a 

situation where they were asked to act incongruently. Thus, this 

component refers to the ability of flexibly allocating mental 

resources and it was modeled to represent the degree of 

cognitive control engaged by subjects (equation 5). 

𝑐(𝑠𝑖, 𝑎𝑗) = {

𝐶, 𝑖𝑓 [(𝑣(𝑠𝑖) < 0)⋀(𝑎𝑗 = 𝑎𝑝𝑝𝑟𝑜𝑎𝑐ℎ)⋀(𝑖𝑛𝑠𝑡𝑟𝑢𝑐𝑡𝑖𝑜𝑛 = 𝑎𝑝𝑝𝑟𝑜𝑎𝑐ℎ)]⋁

[(𝑣(𝑠𝑖) > 0)⋀(𝑎𝑗 = 𝑎𝑣𝑜𝑖𝑑)⋀(𝑖𝑛𝑠𝑡𝑟𝑢𝑐𝑡𝑖𝑜𝑛 = 𝑎𝑣𝑜𝑖𝑑)]

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 (5) 

Where 𝐶  represents the degree to which a participant 

engages cognitive control (𝐶 ≥ 0). 

Then to transduce these psychological processes into a 

behavioral measure we resorted to Piéron’s Law (equation 6). 

 𝑅𝑇 = 𝛼𝐼−𝛽 + 𝛾 (6) 

According to van Maanen et al. (2012) Piéron’s Law could be 

used when the discriminability of two competing choices was 

manipulated (for further details see [58] [59]). Therefore we 

transformed the preferences into predicted RTs through 

equation 7. 

 𝑟𝑡 = [𝑤𝑡(𝑠𝑖 , 𝑎𝑖𝑛𝑠𝑡𝑟𝑢𝑐𝑡𝑒𝑑) − 𝑤𝑡(𝑠𝑖 , 𝑎𝑛𝑜𝑛−𝑖𝑛𝑠𝑡𝑟𝑢𝑐𝑡𝑒𝑑) + 𝑘]−𝐷 + 𝐸 (7) 

Where 𝐸  represents the non-decision time, 𝐷  controls the 

decrease in RTs as the relative preference for the instructed 

response increases and 𝑘 is a constant which was added due 

to numerical stability concerns of the model. 
 

Regarding the enunciated model some notes are important to 

mention. First, initial conditions for the parameters had to be 

defined and some constraints had to be imposed on them, 

otherwise the optimization routine would run into numerical 

problems all the time. Thus the main constraint which was 

imposed was that the cognitive control component should be 

higher than the Pavlovian component (equation 8): 

 𝐶 > |𝜋 ∙ 𝑣(𝑠𝑖)|   (8) 

With this, we guaranteed that there were not any negative 

preferences, which, if allowed to exist, would lead to the 

prediction of imaginary RTs. 

Additionally, we thought that fitting models to data points 

obtained by performing a moving average on the subjects’ RTs 

would provide complementary information of great interest. This 

because the undesired processes that we could capture by 

fitting spurious RTs, might subsist even after pre-processing of 

the data. 
  

A priori hypotheses testing 

First, considering prior studies [47] [48] [49], we predicted that 

the RTs would not be normally distributed. Secondly, besides 

expecting to partially capture some psychological and cognitive 

processes of interest, we expected the necessity of having both 

learning rates since they explain the learning processes that 

occur in different moments during the task. Thirdly, we 

predicted the Pavlovian bias to be significantly different than 

zero and if that was not the case, by using the moving average 

method we hypothesized that we could reach significance on 

this parameter.  

Thus, to perform a complete study of these hypotheses 

several computational models were developed (cf. table 1), and 

provided the necessary framework to use in the analysis of the 

behavioral data of the training version of the AAT.  

Number Model 
Likelihood 
function 

1 
Model assuming that the average value of the 
reaction times did not change during training 

Normal 

2 
Model assuming that the average value of the 
reaction times did not change during training 

Log-Normal1 

3 Model with two learning rates for both conditions Normal 

4 Model with two learning rates for both conditions Log-Normal 

5 Model with one learning rate (𝛼) per condition Normal 

6 Model with one learning rate (𝛼) per condition Log-Normal 

7 Model with one learning rate (𝛽) per condition Normal 

8 Model with one learning rate (𝛽) per condition Log-Normal 

Table 1: Number assigned to the different designed models where the 
maximum likelihood estimation was performed using different likelihood 

                                                           
1 This likelihood function was chosen according to the results presented 

throughout the section 3 



  

functions centered at the predicted RTs [Normal: 𝑅𝑇𝑖~𝑁𝑜𝑟𝑚𝑎𝑙(𝑅𝑇�̂�, 𝜎2); 

Log-Normal: 𝑅𝑇𝑖~𝐿𝑜𝑔𝑁𝑜𝑟𝑚𝑎𝑙(𝐿𝑜𝑔(𝑅𝑇�̂�), 𝜎2)]. 
 

Initially the models and the processes of optimization and 

parameter estimation were performed in MATLAB using the 

fmincon function. Notwithstanding, given the fact that these 

processes were very time-consuming, we decided also to 

implement the model and respective routines in RSTAN. The 

major advantage of using this imperative language is that, like C 

or Fortran, it is based on assignment, loops, conditionals, local 

variables, object-level function application and array-like data 

structures. Thus, although it was much more difficult to 

implement higher-order functions using this type of language, in 

what concerns fastness and efficacy it was much better than 

MATLAB.  
 

Parameter estimation 

At the beginning, we assumed that the observed RTs followed 

a normal distribution centered at the predicted RTs and tried to 

estimate the parameters using the Ordinary Least Squares 

(OLS) method through minimization of the residual sum of 

squares (equation 9). 

 𝑆𝑆𝐸 = ∑ (𝑦𝑖 − 𝑦�̂�)
2𝑛

𝑖=1  (9) 

However, despite very common [46] [60] [61], we soon 

realized that such a method would not be suitable for our case, 

since the RTs did not seem to follow a normal distribution [62]. 

Therefore, we had to resort to maximum likelihood estimation 

that allowed the estimation of the optimal parameters of each 

subject (𝜃𝑠, cf. equation 10).  

 𝜃𝑠 = arg max
𝜃𝑠

𝑃(𝐷𝑠|𝜃𝑠, 𝑀)  (10) 

Notwithstanding, we performed the maximum likelihood 

estimation using two different likelihood functions [Normal: 

𝑅𝑇𝑖~𝑁𝑜𝑟𝑚𝑎𝑙(𝑅𝑇�̂�, 𝜎2) and Log-Normal: 

𝑅𝑇𝑖~𝐿𝑜𝑔𝑁𝑜𝑟𝑚𝑎𝑙(𝐿𝑜𝑔(𝑅𝑇�̂�), 𝜎2)]. 

Consequently, the correct estimation of the parameters and 

respective likelihood of the predicted data was dependent on 

the fixed variance of the distribution which we imposed to each 

subject.  

In an initial phase, we used arbitrary variances for both 

likelihood functions and then, making use of the predicted data, 

we estimated the variance which maximized the likelihood for 

both distributions in order to then accurately compare the 

results obtained through different computational models. 

In order to estimate 𝜎2 of each observation (𝑅𝑇𝑖), we first have 

to convert equation 7 into a regression model, obtaining 

equation 11: 

 𝑅𝑇𝑖 =  (𝛥𝑤𝑖)
−𝐷 + 𝐸 + 𝜀𝑖 (11) 

Then, we need to compute the sum of squared deviations. 

However, it is important to notice that each 𝑅𝑇𝑖  comes from 

analogous distributions with different means (𝑅𝑇�̂�) which depend 

on 𝛥𝑤𝑖. Therefore, the residual sum of squares (SSE) is given 

by equation 12: 

 𝑆𝑆𝐸 = ∑ (𝑅𝑇𝑖 −  𝑅𝑇�̂�)
2𝑛

𝑖=1  (12) 

Consequently, the residual mean square (MSE) is obtained by 

equation 13: 

 𝜎2̂ = 𝑀𝑆𝐸 =
∑ (𝑅𝑇𝑖− 𝑅𝑇�̂�)2𝑛

𝑖=1

𝑛−𝑝
 (13) 

Where 𝑝 is the number of parameters to be estimated in the 

model that calculates 𝑅𝑇�̂�s. 

However, this previous reasoning only applies for normally 

distributed errors [63]. In our specific case, we assumed that the 

𝑅𝑇𝑖  could also follow a Log-Normal distribution. Therefore, to 

correctly use the maximum likelihood method we had to find an 

estimator for the variance of the predicted RTs. 

Considering equations 14 (the estimated variance of a 

normally distributed sample), 15 and 16 (the estimated variance 

and mean of a log-normally distributed sample, respectively 

[64]). 

 𝑠2̂ =
∑ (𝑌𝑖−�̅�)2𝑛

𝑖=1

𝑛
  (14) 

 𝑠2̂ =
∑ (𝑙𝑜𝑔(𝑌𝑖)−�̂�)2𝑛

𝑖=1

𝑛
 (15) 

 �̂� =  
∑ 𝑙𝑜𝑔 (𝑌𝑖)𝑛

𝑖=1

𝑛
 (16) 

From the analogy found between equation 14 and 15 and the 

rationale explained to obtain equation 13, we derived our 

estimator for the 𝜎2 (equation 17). 

 𝜎2̂ = 𝑀𝑆𝐸 =
∑ (𝑙𝑜𝑔 (𝑅𝑇𝑖)− 𝑙𝑜𝑔 (𝑅𝑇𝑖)̂)2𝑛

𝑖=1

𝑛−𝑝
 (17) 

Model comparison 

With the created models, we aimed to validate the quality of 

the implemented learning approaches (through the use of 

different model types, cf. table 1), but also the relevance of the 

Pavlovian parameter. This validation was performed through the 

application of model comparison procedures to the dataset.  

To perform more reliable model comparison, the model 

evidence (ME) (𝑃(𝐷|𝑀), cf. equation 18) should be used [65] 

[66]. 

However, usually, equation 18 is analytically intractable and 

numerically difficult to compute for the models which we are 

interested in comparing. Besides usually there is no valid 

information regarding the prior probabilities of the parameters 

 𝑃(𝐷𝑠|𝑀) =  ∫ 𝑃(𝐷𝑠|𝜃𝑠, 𝑀) ∙ 𝑃(𝜃𝑠|𝑀) 𝑑𝜃𝑠 (18) 

Having this in mind we tried to overcome these difficulties by 

using approximations to model evidence. These are presented 

next: the Akaike Information Criterion (AIC) and the Bayesian 

Information Criterion (BIC) 

Both the AIC and the BIC present two main quantities, an 

accuracy-related term, which is given by the maximum 

likelihood estimate, and one related to the complexity of the 

model (cf. equations 19 and 20, where 𝑘  and 𝑛  identify the 

number of parameters of the model and the number of data 

points to be fitted, respectively). 

 𝐴𝐼𝐶 =  −2 ∙ (𝐿𝑜𝑔(𝑃(𝐷𝑠|𝜃𝑠, 𝑀)) − 𝑘)  (19) 

 𝐵𝐼𝐶 =  −2 ∙ (𝐿𝑜𝑔(𝑃(𝐷𝑠|𝜃𝑠, 𝑀)) −
𝑘

2
∙ 𝐿𝑜𝑔 𝑛)  (20) 

If we take each criterion individually, we might not reach 

consensus regarding model selection. However, when both are 

simultaneously used, we can extract important information 

given the fact that, in general, the AIC penalizes the complexity 

of the model not sufficiently enough and the BIC penalizes it too 

much [66]. 

Therefore, having the maximum likelihood estimates, 

evaluating the goodness of the fit of distinct mixed models 

through the analysis of their model evidence approximations 

was consequently straightforward. 

The comparisons between different models of table 1 were 

performed through the use of a hierarchical model, which 

treated the models of our study as random effects (cf. figure 4) 

[66] [67].  

This model considered each subject (𝑠) to be described by a 

set of binary variables (𝑚𝑠𝑘), which in turn assigned the model 

(𝑘) to that subject. In the model, those variables are generated 

by a multinomial distribution with parameters 𝑟  (the model 



 

 

probabilities to be estimated). This hierarchical model also 

states that the model probabilities follow a Dirichlet distribution 

with parameters 𝛼 , which are associated to the unobserved 

occurrences of the models in the population. 

The hierarchical model only needs the model evidences 

(𝑃(𝐷𝑠|𝑀𝑘)), which were computed using the approximation of 

the BIC, and its inversion allows to compute the values of 𝜶 

which, when subtracted the prior, reflect the effective number of 

subjects for whom a given model generated the data [67].  
 

 
Figure 4: Hierarchical Bayesian model with random effects used to 

perform Bayesian model selection. Figure adapted from [67]. 
 

Thus, using the 𝛼  values, the expected values of the 

probabilities of the models ( 𝑟𝑘 ), and the exceedance 

probabilities (EPs or Φk ) are easily computed. These are a 

quantification of the confidence that a particular model is more 

likely than the remaining, given the observed data (𝑦) (equation 

21, where 𝐾 is the total number of models). 

 Φk =  𝑃(𝑟𝑘 > 𝑟𝑗≠𝑘|𝑦), ∀𝑗, 𝑘 ∈ 𝐾 (21) 

However, these quantities are still not sufficiently robust 

because their computation is not protected against the 

assumption that the observed differences in model frequencies 

may be caused by chance, which could be a plausible 

explanation [67]. Consequently, we could not use these 

quantities directly to perform the Bayesian model comparison 

(BMC), but used a quantity that protected the EPs against these 

disturbances.  

This problem was raised by Rigoux et al. (2014) who made 

use of the concept of Bayesian omnibus risk (𝐵𝑂𝑅) to obtain 

such quantities. This is conveyed into a value that measures the 

statistical risk of performing BMCs, directly quantifying the 

probability that the frequencies of the models were all the same 

and simply seemed to be different by chance [67]. This quantity 

was then used to obtain the protected exceedance probabilities 

(PEPs), through a Bayesian model average of the EPs 

(equation 22): 

 Φ�̃� = Φ𝑘 ∙ (1 − 𝐵𝑂𝑅) + 
1

𝐾
𝐵𝑂𝑅 (22) 

Thus, these quantities provided the essential information to 

properly perform the Bayesian model selection (BMS). An 

important remark regarding equation 22 is that if 𝐵𝑂𝑅 tends to 

zero, it means that the hierarchical model of figure 4 is reliably 

better than chance. Another consequence is, that if that is the 

case, the PEPs will be very similar to the EPs. 

These BMS processes were performed in MATLAB, using the 

toolbox described in [68], which was modified to calculate the 

PEPs of the analyzed models. Besides that, the output of the 

VBA_groupBMC function was also modified, in order to more 

easily obtain this extra information and generate the plots of 

interest [69]. 

All results were mainly interpreted in terms of PEPs, as 

supported in the most recent articles regarding this 

methodology [66]. 
 

3. Results 
To study participant’s behavioral data obtained from the 

different versions, we used different methods accordingly to the 

analysis performed. 

Regarding the exploratory data analysis we found evidence to 

infer that the RTs would be more prompted to be log-normally2 

distributed than normally distributed. This gave an important 

hint and alerted us not to use the OLS, nor the normal 

probability density function during the optimization of the 

computational models’ parameters via maximum likelihood 

estimation. In the following analysis, several results will support 

this hypothesis. 
 

Model-free analysis 

To test whether there was any significant bias a priori at a 

group level the, the RTs acquired from the arrow version of the 

AAT were analyzed by the following mixed model (equation 23): 

 𝑟𝑡 = 𝑎𝑐𝑡𝑖𝑜𝑛 ∗ 𝑔𝑟𝑜𝑢𝑝 + (1|𝑠𝑢𝑏𝑗𝑒𝑐𝑡). (23) 

The analysis of the mixed model designed above showed that 

there was no evidence for a main effect of action nor a main 

effect of group (𝑝 − 𝑣𝑎𝑙𝑢𝑒 > 0.2). The interaction term showed 

also evidence of non-significance [ 𝐹(1,661.11) = 3.502, 𝑝 −

𝑣𝑎𝑙𝑢𝑒 = 0.062 ]. These results indicated that there was no 

existent task-related bias. 

Therefore, the analysis of the RTs obtained through the 

assessment version were not corrected. In order to analyze this 

data we design the following mixed model (equation 24): 

𝑏𝑖𝑎𝑠 = 𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑦 ∗ 𝑠𝑒𝑠𝑠𝑖𝑜𝑛 ∗ 𝑡𝑟𝑎𝑖𝑛𝑒𝑑 

 +𝑔𝑒𝑛𝑒𝑟𝑎𝑙𝑖𝑧𝑒𝑑 + (1|𝑠𝑢𝑏𝑗𝑒𝑐𝑡)  (24) 

Regarding the variables used, 𝑏𝑖𝑎𝑠 represents the difference 

between the RTs assigned to the avoid action and the RTs 

assigned to the approach action; 𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑦  is a categorical 

variable with four levels: 1 for positive pictures, 2 for negative 

pictures, 3 for neutral pictures used in the positive training 

group and 4 for the neutral pictures used in the negative 

training group; 𝑠𝑒𝑠𝑠𝑖𝑜𝑛 is a categorical variable with two levels: 

1 for the assessment performed before training and 2 for the 

assessment performed after training; 𝑡𝑟𝑎𝑖𝑛𝑒𝑑  is a categorical 

variable with two levels: 0 for the trials with untrained pictures 

and 1 for the trials with trained pictures; 𝑔𝑒𝑛𝑒𝑟𝑎𝑙𝑖𝑧𝑒𝑑  is a 

categorical variable with two levels: 0 for the trails with pictures 

that were not used for generalization, 1 for the trials with 

pictures used for generalization. 

The analysis of this model did not show evidence for any 

significant main effect, neither for interactions ( 𝑝 − 𝑣𝑎𝑙𝑢𝑒 ≥

0.150). These results were not surprising since the bias should 

not be predicted solely by main effects or 2 way interactions. 

However the 3 way interaction, which contains information 

regarding whether or not from one session to another, in a 

specific condition, there were differences between trained and 

untrained pictures, was also not significant. However, the 

significance of this interaction strongly depends on the best 

possible reduction of noise. Since our results indicated that the 

task design did not eliminate noise, i.e., uncontrolled influences, 

in a sufficient manner, we continued with the post-hoc analysis 

despite the non-significant 3 way interaction. After performing 

these contrasts we verified that the only significant result was 

regarding an avoidance bias participants presented towards 

pictures of the approach neutral condition before training [group 

                                                           
2 Although we only present results for the Log-Normal and Normal distributions, other 

distributions with a right heavy tail (such as the ex-Gaussian and the Inverse Gaussian) 

were tested. However, the best results were not significant. For that reason we did not 

present them. 



  

that did not train (negative group): 𝑧 − 𝑣𝑎𝑙𝑢𝑒 = −2.960, 𝑝 −

𝑣𝑎𝑙𝑢𝑒 = 0.003]. 

Notwithstanding the above results, we decided to depict the 

differences in reaction biases before and after training of the 

positive group, towards negative and neutral pictures they did 

not train, and for the negative group, towards the positive and 

neutral pictures they did not train (left side), and the differences 

in reaction biases before and after training of positive group, 

towards the conditions they trained, and for the negative group, 

towards the conditions they trained (right side). (cf. figure 5). 

 
Figure 5: Results from the assessment version of the AAT. The 

differences in reaction biases before and after training of the positive 

group, towards negative and neutral pictures they did not train, and for 

the negative group, towards the positive and neutral pictures they did 

not train (left side), and the differences in reaction biases before and 

after training of positive group, towards the conditions they trained, and 

for the negative group, towards the conditions they trained (right side). 
 

According to our hypotheses, we predicted that training one 

condition would lead participants to show an increased bias 

towards that condition. From figure 5 we inferred that the 

majority of the tendencies seemed to go towards the direction of 

what people trained. Moreover, we continued with the contrast 

tests and verified that there is a trend for the tendency between 

the red bars [ 𝑧 − 𝑣𝑎𝑙𝑢𝑒 = 1.720, 𝑝 − 𝑣𝑎𝑙𝑢𝑒 = 0.090 ] and, 

although not significant, there is a tendency between the green 

bars pointing to the desired direction [𝑧 − 𝑣𝑎𝑙𝑢𝑒 = −1.580, 𝑝 −

𝑣𝑎𝑙𝑢𝑒 = 0.120 ]. Besides, since we wanted to test for 

generalization effects in behalf of the condition trained, i.e., to 

verify if participants generalize the learning they had for similar 

pictures we decided to perform pairwise comparisons between 

pictures trained and pictures used for generalization. In fact, a 

trend was obtained for the negative condition [ 𝑧 − 𝑣𝑎𝑙𝑢𝑒 =

1.890, 𝑝 − 𝑣𝑎𝑙𝑢𝑒 = 0.060], while the positive only presented a 

visual tendency towards the hypothesized direction (increase in 

avoidance bias) [𝑧 − 𝑣𝑎𝑙𝑢𝑒 = −1.540, 𝑝 − 𝑣𝑎𝑙𝑢𝑒 = 0.120]. 

Figure 6 allows to visually inspect these results. 

 
Figure 6: Results from the assessment version of the AAT. The 
differences in reaction biases before and after training of the positive 
group, towards negative and neutral pictures they did not train, and for 
the negative group, towards the positive and neutral pictures they did 
not train (the three initial bars) and the differences in reaction biases 
before and after training of positive group, towards the conditions they 
trained, and for the negative group, towards the conditions they trained, 
including results obtained for generalization, respectively (right side). 
 

Regarding the training version of the AAT, we decided to 

concatenate the data-sets of different days for each subject. 

This procedure was supported by findings provided by [15] [39] 

[70] and by participants reports stating they had remembered 

what they had trained, evidencing that besides habit learning 

there was also a strong evidence for episodic memory. Then, to 

understand the dynamics of the RTs and the influences of the 

subjects, we used the mixed models approach. 

The predictors used were: 𝑡𝑟𝑖𝑎𝑙, a continuous variable that 

represents the trial number, which maximum value is 600; 𝑐𝑜𝑛𝑑 

is a categorical variable with four levels: 1 for approach 

negative condition, 2 for avoid neutral condition, 3 for avoid 

positive condition and 4 for approach neutral condition. 

Thus, several models, using three trends (linear, exponential 

and power law), were fitted to the behavioral data in order to 

take into consideration the variability coming from the subjects 

as random effects and estimate the parameters of the group as 

fixed effects. Of all the models created, we verified that the 

linear fits were the poorest and that the approximation applied 

on the RTs (logarithm transformation) proved to be a good one, 

due to the lower LLH values obtained when compared to the 

linear fits. Considering the models fitted by the exponential and 

power law fits, we also concluded that the better models 

required all the random effects, since they had better and 

congruent AIC, BIC and LLH values. 

Nonetheless, when we used the AIC and the BIC to select the 

best model using all the random effects they were no longer in 

agreement. Therefore, we decided to analyze the most complex 

model for both fits because we were interested in verifying the 

significance of all the predictors and since both were reported in 

prior studies and so there was no clear preference for one of 

them. The mixed models analyzed were the following 

(equations 25 and 26): 

        Log(𝑟𝑡) = Log(𝑡𝑟𝑖𝑎𝑙) ∗ 𝑐𝑜𝑛𝑑 + (1 + Log(𝑡𝑟𝑖𝑎𝑙) ∗ 𝑐𝑜𝑛𝑑|𝑠𝑢𝑏𝑗𝑒𝑐𝑡) (25) 

       Log(𝑟𝑡) = 𝑡𝑟𝑖𝑎𝑙 ∗ 𝑐𝑜𝑛𝑑 + (1 + 𝑡𝑟𝑖𝑎𝑙 ∗ 𝑐𝑜𝑛𝑑|𝑠𝑢𝑏𝑗𝑒𝑐𝑡)      (26) 

The analysis showed that there are significant main effects of 

𝑡𝑟𝑖𝑎𝑙  and 𝑐𝑜𝑛𝑑  for both fits ( 𝑝 − 𝑣𝑎𝑙𝑢𝑒 < 0.02 ). Moreover, the 

interaction term also presented high significance for both fits 

(𝑝 − 𝑣𝑎𝑙𝑢𝑒 < 0.001).  

Figures 7 and 8 depict respectively the exponential and power 

law models’ fits to the behavioral data at group level.

 
Figure 7: Results of the exponential model’s fit performed to the 
behavioral data at group level. 

 

Figure 8: Results of the power law model’s fit performed to the 
behavioral data at group level. 
 

From figures 7 and 8 we verified that the highest starting point 

belonged to the negative condition, which was expected given 

the fact that this should be the most difficult condition to learn. 

Posterior post-hoc tests showed evidence of a significant slope 

for negative condition for the power law fit [𝑧 − 𝑣𝑎𝑙𝑢𝑒 = −2.512,

𝑝 − 𝑣𝑎𝑙𝑢𝑒 = 0.012 ] and for the exponential fit [ 𝑧 − 𝑣𝑎𝑙𝑢𝑒 =

−2.200, 𝑝 − 𝑣𝑎𝑙𝑢𝑒 = 0.039]. 



 

 

Besides, we also verified that the starting values of the neutral 

conditions were not significantly different [ 𝑧 − 𝑣𝑎𝑙𝑢𝑒 = 0.543,

𝑝 − 𝑣𝑎𝑙𝑢𝑒 = 0.593 ], which was interesting because this was 

according to what was expected. Following this rationale we 

also decided to test the remaining differences between 

intercepts and the differences between the slopes. The results 

showed only a trend for the difference in starting points 

between the negative and positive condition [𝑧 − 𝑣𝑎𝑙𝑢𝑒 = 1.697,

𝑝 − 𝑣𝑎𝑙𝑢𝑒 = 0.093 ], while for the difference in the slopes all 

comparison showed significance (𝑝 − 𝑣𝑎𝑙𝑢𝑒 < 0.02), except for 

the conditions trained by the negative group (𝑝 − 𝑣𝑎𝑙𝑢𝑒 = 0.86). 

These findings indicated that the positive condition was easier 

to learn when compared to the other conditions and the 

negative condition appeared to be the most difficult condition to 

be learned. 

Finally we decided to analyze the ratings participants provided 

during the week of training, since we expected to observe, in 

the negative group, an increase in the rating of negative 

pictures and a decrease in the rating of the neutral ones. In 

contrast, in the positive group, we expected an increase in the 

rating of neutral pictures and a decrease in the rating of positive 

pictures. Moreover, besides the expectancy of participants 

rating the pictures initially according to their categories before 

the training, we expected participants to generalize the effects 

of the training. In order to test these hypotheses two mixed 

models were design (equations 27 and 28), whose variables’ 

interpretation is similar to the ones of the mixed model design of 

the assessment. 

 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛 = 𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑦 ∗ 𝑠𝑒𝑠𝑠𝑖𝑜𝑛 + (1|𝑠𝑢𝑏𝑗𝑒𝑐𝑡)  (27) 

𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛 = 𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑦 ∗ 𝑠𝑒𝑠𝑠𝑖𝑜𝑛 ∗ 𝑡𝑟𝑎𝑖𝑛𝑒𝑑 

                                  +𝑔𝑒𝑛𝑒𝑟𝑎𝑙𝑖𝑧𝑒𝑑 + (1|𝑠𝑢𝑏𝑗𝑒𝑐𝑡)  (28) 

The analysis of the first mixed model showed a highly 

significant main effect of category [ 𝐹(3,207.91) = 306.78, 𝑝 −

𝑣𝑎𝑙𝑢𝑒 < 0.001] and a significant trend for the main effect of 

session [𝐹(1,971.99) = 3.42, 𝑝 − 𝑣𝑎𝑙𝑢𝑒 = 0.065], while the term of 

interaction was not significant (𝑝 − 𝑣𝑎𝑙𝑢𝑒 > 0.20). 

Figure 9 depicts the evolution of the ratings, along sessions, 

of the pictures trained in the two groups. 

 
Figure 9: Evolution of the ratings along 5 days of training of the pictures 

trained in the 4 different conditions. 
 

Although the results above were not clear regarding the 

possible changes in the ratings, from figure 9 we could notice a 

slight increase in the average of the ratings of the negative 

pictures. Therefore, we decided to test for the significance of 

the slopes of the different conditions. The result confirms our 

exploratory visual analysis, i.e., there was a significant increase 

regarding the rating of the negative pictures [𝑧 − 𝑣𝑎𝑙𝑢𝑒 = 2.650,

𝑝 − 𝑣𝑎𝑙𝑢𝑒 = 0.008], while the others did not significantly change 

over time ( 𝑝 − 𝑣𝑎𝑙𝑢𝑒 > 0.20 ). Another interesting result was 

that, on average, participants rated the pictures of the condition 

approach neutral as negative. In line with these valence ratings, 

above we show that participants have an avoidance bias 

towards the neutral pictures. 

Concerning the analysis of equation 28 it presented a 

significant main effect of category [ 𝐹(3,1118.76) = 168.78, 𝑝 −

𝑣𝑎𝑙𝑢𝑒 < 0.001], a significant main effect of session [𝐹(1,1116) =

5.05, 𝑝 − 𝑣𝑎𝑙𝑢𝑒 = 0.025 ], a trend for the main effect of 

generalization [𝐹(1,1116) = 2.93, 𝑝 − 𝑣𝑎𝑙𝑢𝑒 = 0.090], but no main 

effect of trained vs. untrained pictures [ 𝐹(1,1116) = 1.4, 𝑝 −

𝑣𝑎𝑙𝑢𝑒 = 0.240 ]. The terms of interaction did not presented 

significance (𝑝 − 𝑣𝑎𝑙𝑢𝑒 > 0.20). These results were in line with 

the ones provided by the analysis of equation 27. 

Figure 10 depicts the ratings before and after the training for 

the untrained conditions (left side) and ratings before and after 

the training for the trained conditions including the 

generalization (right side). 

 

Figure 10: Ratings provided by the participants before and after the 
training of the positive group, towards negative and neutral pictures 
they did not train, and for the negative group, towards the positive and 
neutral pictures they did not train (left side), and ratings before and after 
the training of positive group, towards the conditions they trained, and 
for the negative group, towards the conditions they trained, including 
the generalization results, respectively (right side). 
 

Considering the results of the analysis of equation 28 and 

visual conclusions from figure 10, post-hoc contrasts were 

computed. Besides testing whether the ratings before training 

yield significance on both sides of the figure 10, we also 

performed pair-wise comparisons between scores before and 

after the training, regarding the ratings of the trained and 

untrained conditions. Regarding the first tests the results 

showed high significance, i.e., the ratings of negative and 

positive pictures were clearly different from zero, while the 

ratings of neutral pictures was not (positive: 𝑧 − 𝑣𝑎𝑙𝑢𝑒 = 13.87,

𝑝 − 𝑣𝑎𝑙𝑢𝑒 < 0.001 ); negative: 𝑧 − 𝑣𝑎𝑙𝑢𝑒 = 20.28, 𝑝 − 𝑣𝑎𝑙𝑢𝑒 <

0.001 ; neutral: 𝑧 − 𝑣𝑎𝑙𝑢𝑒 = −0.248, 𝑝 − 𝑣𝑎𝑙𝑢𝑒 = 0.800 ). 

Relatively to the pair-wise comparisons the only significant 

result was the difference of the negative ratings (before vs. after 

training) for the trained conditions [ 𝑧 − 𝑣𝑎𝑙𝑢𝑒 = 2.11, 𝑝 −

𝑣𝑎𝑙𝑢𝑒 = 0.035 ], which supported the abovementioned results 

and findings: Participants who trained to approach negative 

pictures showed alterations in their reactions to negative 

pictures over the time. 
 

Model-based analysis 

BMS between the eight models described in table XX yielded 

a PEP over 95% for the fourth model. 

Figure 11 depicts the outcome of the BMC between the 

models described in table XX. 
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Figure 11: Results of BMC between the models described in table 1 
obtained using the BIC, for the population. (Top Left) Model Attribution 
at subject level, the first eighteen subjects belong to negative group 
while the last eighteen to the positive group. (Top Right) Estimated 
model frequencies. (Left and Right Bottom) Approximated Exceedance 
Probabilities (EPs) and Protected EPs of the eight models. 

 

From figure 11 we could corroborate the hypothesis that the 

observed RTs were not normally distributed, even when 

considering short portions of the training period. These results 

were also in line with the hypothesis that the initially designed 

model was able to describe the subjects’ behavior and 

(partially) captured the psychological and cognitive processes 

we wanted. 

Then, we proceed with the analysis of the Pavlovian 

parameter, which was performed considering the parameters 

estimated for all subjects through the model assigned with the 

higher value of PEPs. After testing the sample’s parameter for 

normality using the Kolmogorov-Smirnov test ( 𝑝 − 𝑣𝑎𝑙𝑢𝑒 <

0.001), we performed a Wilcoxon signed rank test which does 

not make any distributional assumptions to test if the Pavlovian 

parameter was significantly different than zero [65]. Even 

though the result was not significant, it presented a trend (𝑝 −

𝑣𝑎𝑙𝑢𝑒 = 0.066). 

Nonetheless, a detailed analysis of figure 11 led us to believe 

that we could have outlier candidate subjects. Therefore a 

histogram of the parameter’s sample was performed (figure 12) 

 

Figure 12: Histogram of the Pavlovian parameter estimated by the 
computational model selected through BMS. The vertical dashed grey 
line identifies the value zero. 

 

From figure 12 we verified that the 4th and the 8th subjects of 

the positive group (subjects 22 and 26 respectively) were two 

outlier candidates, since they were assigned with a Pavlovian 

parameter close to 1.  

In fact, due to the constraint imposed on the cognitive control 

component (cf. equation 8) we expected a high multicollinearity 

between these two components, which from the analysis of the 

equation that rules the preferences (cf. equation 2) could only 

be dissipated if participants had rated at least three of the four 

pictures trained or two of the four (if these two were of different 

conditions) differently from zero. This was because, if only two 

pictures (of the same category) were rated differently than zero, 

both the Pavlovian and cognitive control component would be 

estimated only from the data of that condition, leading to huge 

increase of the covariance between them: Since they were only 

influenced by one condition, as long as the difference between 

these two components was kept approximately constant, all 

estimated values for the parameters would work “equally” well. 

After verifying the individual ratings for these two participants, 

we observed that the subject 22 was in the condition above 

mentioned. Moreover this subject’s behavior was better 

described by the simplest model. Following this reasoning, we 

verified the ratings of every subject and found that the 5th, the 

6th, and the 9th subjects of the positive group (subjects 23, 24 

and 27 respectively) had the same problem. So, we tested 

again if the Pavlovian parameter was significantly different from 

0, excluding the parameters of subjects 22, 23, 24 and 27. The 

result showed that the Pavlovian parameter was not significant 

(𝑝 − 𝑣𝑎𝑙𝑢𝑒 = 0.160). 

Thereafter, following our a priori hypotheses, we then 

proceeded to the comparison of the computational models 

which received as input transformed RTs (via moving average 

filtering). 

Although the results of the BMC did not show that any model 

had reached the significance threshold, since the originated 

PEPs were not over 95%, we could actually observe that the 

tendency of the results presented above did not change (cf. 

figure 13). 

 

Figure 13: Results of BMC between the models which received as 
input transformed RTs (via moving average filtering) described in table 
1 obtained using the BIC, for the population. (Top Left) Model 
Attribution at subject level, the first eighteen subjects belong to negative 
group while the last eighteen to the positive group. (Top Right) 
Estimated model frequencies. (Left and Right Bottom) Approximated 
Exceedance Probabilities (EPs) and Protected EPs of the eight models. 

 

From figure 13 we observed that the number of subjects 

whose parameters were estimated by the third model increased 

a lot relatively to figure 11. This resulted from the application of 

the moving average method since it reduced not only the noise, 

but also attenuated the effects of longer RTs. 

Then, using the above described procedure, we started by 

testing the normality of the sample’s parameter through the 

Kolmogorov-Smirnov test (𝑝 − 𝑣𝑎𝑙𝑢𝑒 < 0.001) and next we used 

the Wilcoxon signed rank test to assess the significance of this 

parameter. The result, although better, only showed again a 

trend ( 𝑝 − 𝑣𝑎𝑙𝑢𝑒 = 0.061 ). However this test was under the 

influence of subjects 22, 23, 24 and 27. After excluding them 

from the analysis, the result became significant (𝑝 − 𝑣𝑎𝑙𝑢𝑒 =

0.036). 
 

4. Discussion and conclusions 
Considering these findings we concluded that this study 

provided evidence that internal conflicting mechanisms existed 

when performing incongruent conditions and that the 

participants subjected to the 5 consecutive-day protocol were 

able to learn the conditions trained through habit formation 

mechanisms. 

This conclusion was supported by several results. For 

instance, in the assessment version we were able of partially 

measuring the unintentional valence processing of each 

subject, before after the train they went through during 5 

consecutive days: Participants from the negative group 

presented an increase in their approach bias towards negative 

pictures, while participants from the positive group presented a 

slightly increase in their avoidance bias towards positive 

pictures. Besides this we also verified that participants from the 

negative group showed evidence for generalization effects 

regarding the negative pictures. 

Another finding that supports this was that participants had an 

initial bias towards neutral pictures that was in line with their 

ratings. More specifically, the neutral pictures used for the 

approach condition (buses and city related pictures) were rated 
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negatively and, as we proved, participants had an avoidance 

bias towards them. 

However, due to factors such as the great inter-subjects 

variability and to design’s issues inherent to this version of the 

task, we only obtained significant trends and tendencies 

pointing to the desired direction.  

Regarding the training version of the AAT we verified that 

participants of both groups learned the trained conditions, 

showing evidence that repetition actually plays a key role in 

habits formation [38] [39] [40]. Besides this, we also found 

evidence for automaticity of the trained behaviors due to the 

fact that there were conditions that reached an asymptotical 

reaction time. Moreover, we also found evidence for 

significantly stimuli’s valence processing modification, 

specifically for the negative pictures. 

Therefore, we concluded that these findings might be a 

consequence of habit formation imposed to participants that 

was interpreted by the significant decrease of the RTs. 

Then to study the psychological and cognitive processes of 

the training behavioral data, novel computational learning 

frameworks were compared and selected through BMC. In fact, 

this was a very useful tool, since it allowed all hypotheses to be 

tested, without requiring prior assumptions on specific 

distributions of the models or the parameters on the populations 

to be made. This process was performed by using the BIC as 

model evidence’s approximation.  

In the overall model comparison process, we observed that 

the initial model we implemented yielded the best results for the 

majority of the participants. This indicated that participants, in 

general, needed the two components of learning. In fact this 

result was in line with the hypothesis that without the Hebbian 

component there would not be a strengthening of the synaptic 

efficacy that arose from the presynaptic cell's repeated and 

persistent stimulation of the postsynaptic cell [57], and without 

the other component of learning we would not be able to 

capture the learning in the early stage of the task, where a 

purely Hebbian framework would be much more ineffective 

since there was no previous cumulative experience of the 

stimulus-response pairing. 

Moreover, the BMC also provided findings indicating that the 

RTs were not normally distributed. Even the application the MA 

method did not change this trend. 

In fact the application of this method proved itself to be a good 

idea, because, even though the moving average method might 

have attenuated some processes of interest, we were able to 

reduce the noise from undesired cognitive and motor 

processes. This fact became relevant when we observed the 

increase in significance of the Pavlovian parameter. 

More important, though, it was the fact that we found 

consistent and coherent findings in both of the performed 

analyses. 

Nonetheless, the accurate use of hierarchical models of 

parameter estimation would be very beneficial since these 

models explicitly deal with the within-subject variability on the 

parameter estimates.  

Regarding model comparison, the use of better model 

evidence’s approximations (computed through Markov Chain 

Monte Carlo sampling [71] or variational Bayes techniques [66] 

[67]) should also be targeted, in order to formally validate model 

selection procedures.  
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