
 - 1 - 

  
 



 - 2 - 

 
 

Relation between perception and decision: 

analyzing and modelling neuronal data in macaque 

monkey MT area 

 

 
 

Alba Haro Martín 

 

 

BACHELOR'S DEGREE IN COMPUTER ENGINEERING  

FINAL PROJECT 

 2018 

 

 

 

Supervisor(s): 

Professor Rubén Moreno Bote, Universitat Pompeu Fabra, Barcelona 

PhD. Belén Sancristóbal, Universitat Pompeu Fabra, Barcelona  

  



 - 3 - 

 

 

 

 

 

 

 

To my mother and aunt, for their unnecessary added pressure, 

To my uncle, for his tiring questions “how about the monkeys?” 

To A., for bringing me here in this life, and who knows in the other,  

And to my sea eyes, for being my home and everything I need. 

 

 

 

Panta Rei  



 - 4 - 

 

ACKNOWLEDGMENTS   

 

I thank Rubén Moreno Bote, for being my teacher and supervisor, Greg DeAngelis and 

Nicole Peltier for granting me the data and for continuing their research. I also thank to 

Montserrat Llos for guiding me throw RapidMiner. 

I am especially grateful to Belén Sancristóbal for helping me all this time and teaching 

everything I know now. For all the time she has dedicated me, for the patience and good 

humor that made me continue even when I wanted to give up. 

Thanks for reading. 

  



 - 5 - 

 

 

ABSTRACT 

 

 

English 

Are all neurons responding to a visual stimulus involved in its perception? Are these same 

neurons also activated during a decision-making task that is based on this stimulus? 

Relying on recordings of the activity of middle temporal (MT) neurons in a macaque 

monkey trained to perform a fine discrimination task, we analyze and model the neuronal 

data to compare the responses of different neurons to the monkey's decision choices. 

 

 

Spanish 

¿Todas las neuronas que responden a un estímulo visual están implicadas en su 

percepción? ¿Son las mismas que se activan durante una tarea de toma de decisión? 

Basándonos en grabaciones de la actividad de neuronas del lóbulo temporal medial en un 

mono Macaco entrenado para realizar una tarea de toma de decisión, analizamos y 

modelamos los datos neuronales para comparar las respuestas de distintas neuronas con 

las decisiones llevadas a cabo por el animal. 
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PREFACE 

 

Almost eleven months since I started this project, after almost four years of my 

beginnings in computer science, I have been able to complete a scientific research that I 

present in this thesis. But how did I get here?  

We live in the 21s century and data has become the most valuable resource, the goldmine 

in this digital era we are living in. And the ability to understand the meaning of this data 

is extremely powerful. Data science is the future of our society and I want it to be mine 

too.  

So, I tried to mix up the two worlds which I have passion for: computers and science, 

because I noticed that you can apply this data analysis to almost every single evidence 

that surrounds us.  

Nowadays I work in a company which handles, processes and extracts information of the 

data that belongs to many branches as finance, retail, IT, tourism… In this way, I have 

tried to apply the knowledge I acquired the past few years in order to contribute the 

research in the neuroscience field.  

We are still far from knowing the mechanisms behind brain function, so in this project I 

tried to contribute to the research on this field. 
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1. INTRODUCTION 
 

 

One of the hopes of neuroscientist is to be able to decipher the mechanisms that 

make our brain work. We are still far from the understanding of the neuronal code -

the set of symbols used by the brain in order to represent the information1- but every 

study contributes to figure out a little more, and maybe one day we get to solve all the 

unknowns that surrounds our brains. 

 

In this TFG I have analyzed neuronal recordings from a macaque monkey performing 

a decision-making task and I also have applied machine learning techniques in order 

to predict the animal choices from the spiking activity of neurons. Specifically, I have 

studied how perceptual decisions are related to the neuronal population response. We 

do know that a large population of neurons reacts to visual moving stimulus in middle 

temporal area (MT), but the longstanding problem is to relate the response of the 

activated neurons, in terms of spikes fired, and the influence they have in the decision 

taken by the animal2.  

It is unknown whether the population-coding schemes or the lower-envelope principle 

best describes the relationship between neuronal ac. Population-coding schemes 

propose that every neuron contributes to perception, in some way, while lower-

envelope principle presents that the most sensitive neurons are the ones that determine 

the perceptual decisions3,4,5. Several studies have investigated how MT neurons, which 

have different preferred directions, spike during the presentation of a moving visual 

stimulus in one direction4. In contrast, other studies report the whole population 

activity but not the perceptual decisions made after the stimulus presentation2. 

 

Finally, Purushothaman and Bradley have tried to determine which of the two 

aforementioned theories explains the monkey’s behaviors. The authors compared the 

detection ability of MT neurons and the psychophysical performance of the animal, 

showing that fine discrimination decisions are crucially dependent on the activities of 

the most informative neurons, in accordance with the lower-envelope principle4. 
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We have grounded our project in the replication of their results during a different 

experimental task (see Section 2.1 for a detailed description of our task) and have 

extended the analysis to a population-based approach, beyond the single-cell 

techniques. In this project we aim to find out if the conclusions obtained by 

Purushothaman et al.4 still hold in a different decision-making task and explore 

different coding schemes of the neuronal population. 

        

 

1.1. Introduction to MT Area 

 

The brain is divided in many areas in charge of many different tasks. In our 

experimental task we present a moving visual stimulus, so we focus on the visual 

cortex of the brain.  

The visual cortex, located in the occipital lobe, is a part of the cerebral cortex which 

manages the information related to visual inputs. It is subdivided in 5 areas, but we 

target the visual area V5, also called middle temporal area (MT) (Figure 1). 

 

 
Figure 1. Position of area V5 (MT).  Human brain imaging experiments from 

Zeki (1993) showing the localization of area MT in red 7. 

 

Area MT was discovered in 1969 as an independent area of the visual cortex but it did 

not get relevance until the 1980s, when it was characterized functionally. Since then, 

it has gained popularity and nowadays is one of the most studied areas of the brain, as 

opposed to the primary visual cortex, area V18. 
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In consequence, it has revealed many clues on how the visual brain works. Some 

studies revealed that certain types of visual information may reach MT before it even 

reaches V17. Moreover, MT neurons are also involved in some eye movements, which 

is an easy way to measure the reactions carried out internally8.  

 

 Some of its most important characteristics, and the reasons for which was chosen for 

this experimental paradigm, are the wide range of signals that regulate the functional 

capacities of the area and the relationship between the activity of a neuronal population 

and the perception and preference for particular features of a visual stimulus8. 
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2. EXPERIMENTAL DATA 

 

2.1 Task Description 

 

   This study has two phases, a direction tuning task and a following decision-making 

task. This set of two tasks was repeated three times (three sessions) and typically the 

same neurons were recorded within a single session (i.e. across the two consecutive 

tasks), but they differ on each session. 

 

2.1.1 Direction tuning task 

 

The direction tuning task will be used to determine how different neurons respond 

to visual stimuli moving with a particular orientation. In this part, the point is to 

characterize the response of each neuron during the stimulus, using measures as 

the firing rate, for instance. 

The visual stimulus consists of dots moving in one of eight frontoparallel 

directions (Figure 2A). In this study, the directions taken have been re-referenced 

to the vertical orientation so that they will be comparable with the ones used in 

the second part of the experimental task (Figure 2B). 

 

 

 
       Figure 2.             A) Direction axis                                                   B)Converted direction axis 

 

First, a central fixation point shaped like a cross appears on the screen. The 

monkey has to fixate its sight for 215 ms and the visual stimulus appears. Within 

a circular patch, dots move in one of the directions mentioned before during 1215 

ms. The velocity of the dots is kept constant an equal to 10 degrees/second. 



 - 12 - 

 

 

2.1.2 Decision-making task 

 

The start of the decision-making task is the same as in the previous task: the 

monkey focusses its sight on the fixation point and then the stimulus turns on. 

This time, within a circular patch, dots move upward (Figure 3) with a little 

deviation of 3, 6 or 12 degrees, to the right or left from the vertical, with a 

Gaussian velocity profile that lasts 2015.  

At the end of the trial, the visual stimulus and fixation point disappear. A choice 

target appears on either side of the fixation point. The monkey makes a saccade 

to one of the targets to indicate whether the object motion was rightward or 

leftward from vertical. 

 

 
  Figure 3. Example of visual stimulus5 

 

This task differs from the ones used in Purushothaman et al.4. There the task 

consisted of four intervals (Figure 4).  

 

 

Figure 4. Discrimination task of Purushothaman experimental task4 

 

The monkey held fixation on the central dot before the reference stimulus was 

presented.  
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As opposed to our task, they add a reference stimulus, consisting of a random 

patch of moving dots that moved vertically followed by an interstimulus interval 

(ISI) without stimulus presentation. A test stimulus, whose direction was either 

clockwise or counter-clockwise in a range of -3, 3 degrees from the reference. 

Then, two target dots were displayed, and the monkey make a saccade, in the same 

manner as in our task. 

 

 

2.2 Data Description 

 

In this project we have used the data granted by Nicole E. Peltier and Gregory C. 

DeAngelis from the Department of Brain and Cognitive Sciences of University of 

Rochester. A set of MT units were recorded during each task (described in Section 

2.1) of the three sessions using a linear electrode array (V-probes, Plexon Inc). Spike 

waveforms were acquired by a BlackRock Cerebus system.9 

Details of the files containing all the data used in this study can be found below. 

 

2.2.1    Direction tuning data 

We have 3 files regarding to different sessions of the same macaque monkey, with 

a set of variables containing the information of the units (both single-neuron or 

multi-unit) spiking activity and the features of the stimulus as follows: 

• Event_data: Information about the onset and offset of the stimulus, 

vstim_on and vstim_of, respectively. 

• Spike_times: 3D binary array (#neurons x #trials x #time_steps) where 1 

indicates a spike within that particular time bin and 0 otherwise. Spikes 

are collected for 5000 milliseconds for each trial (in bins of 1 millisecond). 

• Direction_converted: directions of the dot motion presented (Figure 2B) 

on every trial, including trials for which no stimulus was presented. 

 

 We have recordings of 77 neurons across the three sessions with a total number of 

153 trials.  
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2.2.2 Decision-making data 

 

   For this task we also have 3 files for the different sessions. The variable’s set is the 

same as in the direction tuning, with the following add-ons: after the stimulus offset, 

the target for monkey to make a choice appears.  

 

In this case, we have the same number of neurons (remember that each unit is recorded 

in both tasks to obtain the direction tuning and its response to decision-making task) 

but 756 trials per session. Also, we only have positive and negative values for direction 

0, 3, 6 and 12 (degrees). That is why it is also called fine discrimination task because 

the range of orientations used is small enough so that perception can be ambiguous 

and therefore, the choice has to be leaded by mechanisms of decision-making.  

 

The speed of the stimulus presents a Gaussian profile with a peak speed of 10 

degrees/second in 2 sessions and 20 degrees/second in the third one, note that for this 

session there is a mismatch in the maximum velocity as compared to the one used 

during the direction tuning session. 

 

Figure 5. Representation of spike_times. On the left, raster plot for session one particular trial. Red line 

marks the mean of the start trials (529 ms). Purple line marks the presentation of the stimulus (1000 ms) 

and the green line the end of the stimulus (2215 ms). On the right, spike train for one particular neuron 

shown by an arrow, firing rate, firing rate with averaging filter and with Gaussian Convolution.10 



 - 15 - 

 

Purushothaman et al. carried out his study with 240 MT neurons of two different 

monkeys and a minimum of 15 trials were available at 12 or more direction 

differences. This difference in terms of number of neurons could suppose a handicap 

in our analysis, since with less data the results may not be significant as we will see in 

the Results section. 
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3. METHODS 

 

3.1 MatLab 

  

 For the main part of the development of this project, we use MatLab software. MatLab 

is a math-based environment, with an own programming language called M, that 

allows matrix manipulations, plotting of functions and data, and implementation of 

algorithms, among others11. 

 

3.1.1 Firing rates 

 

 Firing rates were calculated as the sum of the spikes during the stimulus (for 

Direction Tuning) and during a window of +/-  (equivalent to 332 ms) around 

the peak speed of the Gaussian profile of the velocity (for Decision-making). 

 
FR = squeeze(sum(spike_times(:,event_data.vstim_on(1):event_data.vstim_off(1),:),2)) 

/ (event_data.vstim_off(1)-event_data.vstim_on(1)); 

 

 

3.1.2 Psychophysical performance 

 

We compute the neurometric and psychometric curves in order to get the neural 

precision of each neuron and then, relate them with the results obtained from the 

decision-making task.   

 

 

a)  Neurometric Curve 

 

The firing rates for each neuron were grouped into two histograms computed on 

each absolute direction (e.g. 3, 6 and 12) pooling trials where the negative or 

positive motion was presented. The corresponding probability density functions 

(PDFs) given a negative stimulus direction, p(r/REF), or a positive one, p(r/CW), 

are compared.  As the negative or positive direction gets closer to the other, the 

histograms tend to overlap12 (Figure 6). 
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Figure 6. PDFs example for -/+12 and -/+3 

Moreover, the probability that the firing rate from the positive direction is greater 

than the firing rate from the matching negative one, is known as the probability of 

clockwise answers4, as computed by the following formula (Equation 1): 

 

 
             Equation 1. Clockwise probability3 

 

This calculus was computed for each direction and fitted with a sigmoid (Equation 

2), in order to obtain neurometric curves. 

 

𝑃(𝑥) =
𝑎

1 + 𝑒−𝑏∗𝑥  
 

 
        Equation 2. Sigmoid function 

       

The numerical integration of Equation 1 and the fitting were implemented in 

Matlab as shown below:  

 
%{ 
  pdfplot = function that computes the probability density function  
                     for a normal distribution of x with specified bins.  
  counts = array that contains the spikes during the presentation of the 
           stimulus. 
  directions = array that contains the directions of the stimulus 
  chan_unit_name = array that contains the name of the units 
  d = index to iterate over directions (d = 1:size(directions,2)) 
  u = index to iterate over units (u = 1:size(chan_unit_name,1)) 

         fit = MatLab function creates the fit to the data in x and y with the model 

               specified by fitType.  
%} 

 

   if(d<=6) 
       [sdndREF,bins] = pdfplot(counts(:,d+1,u),20);   
       [sdnd,bins] = pdfplot(counts(:,size(directions,2)-(d-1),u),20); 
        binwidth = (bins(2)-bins(1));  
        for i = 1:length(bins) 
            pCW = zeros(1,length(bins)); 
            for j = i:length(bins) 
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                pCW(j) = sdnd(j)*binwidth; 
            end  
            res(i) = sum(pCW(i:end)) * sdndREF(i) *binwidth; 
        end 
        probability(u,d) = sum(res(:)); 
      end 
      directions = [-12 -6 -3 3 6 12]; 
      fo = fitoptions('Method','NonlinearLeastSquares',... 
               'Lower',0,... 
               'Upper',Inf,... 
               'StartPoint', 0.1); 
      ft = fittype('(1/ (1 + exp(-b*x)))', 'options', fo); 
      g = fit(directions',probability(u,:)',ft);  

       

 

This calculation is performed for every unit and direction of each session, 

following the previous formula (Equation 1) explained before. 

 

 

b)  Psychometric Curve 

 

Psychometric curves were computed as the proportion of clockwise choices 

(positive angle) that the monkey made per direction, also fitted with a sigmoid 

function. This is done through the following code: 

%{  
  spikes = array that contains the spikes_time. 
  directions = array that contains the directions of the stimulus 
  obj_direction = direction of the object motion 
  chan_unit_name = array that contains the name of the units 
  d = index to iterate over directions (d = 1:size(directions,2)) 
  fit = MatLab function creates the fit to the data in x and y with the model 
        specified by fitType.  
%} 

 

for d = 1:size(directions,2)    
    n = 0; 
    for trialCount = 1:size(spikes,1) 
        if (obj_direction(trialCount) == directions(d)) 
            n = n+1; 
            if(choice(trialCount) == 1) 
                rightchoice(d) = rightchoice(d) + 1; 
            end 
        end 
    end 
    rightchoice(d) = rightchoice(d)/n;  
end 
h = fit(directions',rightchoice','(a/ (1 + exp(-b*x)))'); 

 

 

3.1.3 VonMises fit 

 

To do so, we computed the average firing rate of each unit on each direction of 

the direction tuning task and fitted a VonMises function (Equation 3). 
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Equation 3. VonMises function 

 

Where R0 + R1 gives the firing rate at the preferred direction, Orip and k 

determines the maximum slope. 

 

As a result of the fit, we obtained its peak, which corresponds to the preferred 

direction of the neuron. Also, we select only those units whose 𝑅2 > 0.5 as a 

condition for a clear tuning curve.  

In MatLab, this is done first, calculating a function with least square error method 

(which minimizes the sum of the squares of the residuals). To do so: 

 

%{  
  avg_count = mean of counts 
  sd_count = standard deviation of counts 
  counts = array that contains the spikes during the presentation of the 
           stimulus 
  directions = directions = array that contains the directions of the stimulus 
%} 

 

    f = @(p)  error1(p,avg_count,sd_count,directions); 
 

 

function lse = error1(p,y,e,Ori) 
    b = (p(1)-p(2))/(1-exp(-2*p(3))); 
    a = p(1)-b;  
    lse = sum(((y-(a + b*exp(p(3)*(cos((Ori-p(4))*pi/180)-1))))./e).^2); 
end 
  

 

Then, we use that function f as a parameter of fmincon13, which finds the 

minimum of a problem with the constraints specified.  

%{  
  avg_count = mean of counts 
  counts = array that contains the spikes during the presentation of the 
           stimulus 
  directions = directions = array that contains the directions of the stimulus 
  p0 = [mean(avg_count)/3 mean(avg_count)/3 0.001 directions] 
%} 

 

[min,fval] = fmincon(f,p0,[], [],[],[],[min(avg_count)*0.7 
                    min(avg_count)*0.7 0.001 -135],[max(avg_count)*1.3  
                    max(avg_count)*1.3 inf 180]); 
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Once we have the minimum, we just have to get the fit using a Vonmises equation: 
        

fit = vonMises(min,(-180:180)); 

 

function y = vonMises(p,Ori) 

  
    b = (p(1)-p(2))/(1-exp(-2*p(3))); 
    a = p(1)-b;  
    y = a + b*exp(p(3)*(cos((Ori-p(4))*pi/180)-1)); 

     
end 

 
   

 

3.1.4 The receiver operating characteristic (ROC) curve 

 

We calculated a ROC curve for each pair of preferred and non-preferred 

directions12. This classification is done using the clockwise probability (see 

Section 3.1.2.a). When the mean of probability for negative directions is greater 

than 0.5, left is set as the preferred direction, right otherwise. 

 

ROC curves are used for quantifying the probability of, given two random 

numbers of each PDF, the one from the PDF of the preferred direction PDF is 

greater than the non-preferred one. Moreover, the area under the ROC curve is 

also the choice probability of the direction. This probability also could be 

calculated with the formula of clockwise probability (Equation 1). This is possible 

because if we change the reference direction probability by the non-preferred 

direction of each neuron, and the clockwise direction probability by the preferred, 

we obtain the choice probability, instead of clockwise probability. 

 

The process to measure it is to choose a criterion k and assign any spike lower 

than our criterion to the non-preferred axis, X, and the spike counts greater than k 

to the preferred axis, Y.  

The criterion is updated at each iteration until a maximum kmax, settle as the 

maximum spike count. As mentioned befored, if the firing rate of the positive 

counts is greater than the one of the negative counts, right is the preferred and set 

as the Y axis, P(pref > k). 
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Figure 7. ROC Curve example 

 

In Figure 7, we see how direction 12 has a higher choice probability than direction 

0, as expected. 

 

The MatLab implementation just follows the instructions mentioned before. The 

following code shows an example where the preferred direction was right. This is 

calculated for every unit and direction (of each section). 

 

%{  
  k = criterion 
  counts_right = array that contains the spikes during the presentation of the 
                 stimulus where the choice chosen during the decision was right 
  counts_left = array that contains the spikes during the presentation of the 
                stimulus where the choice chosen during the decision was left 
  d = index to iterate over directions (d = 1:size(directions,2)) 
  unit = index to iterate over units (unit = 1:size(chan_unit_name,1)) 
 %} 

 
for k = 0:150 
   ROCprobR = 0; 
   ROCprobL = 0; 
   for t = 1:size(counts_right{d}(:,unit),1) 
     if(counts_right{d}(t,unit) > k) 
        ROCprobR = ROCprobR +  1; 
     end 
   end 
   ROCpref{d}(k+1,unit) = ROCprobR/size(counts_right{d}(:,unit),1); 
   for t = 1:size(counts_left{d}(:,unit),1) 
       if(counts_left{d}(t,unit) > k) 
          ROCprobL = ROCprobL +  1; 
       end 
   end 
   ROCnull{d}(k+1,unit) = sum(ROCprobL)/size(counts_left{d}(:,unit),1); 
end 
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3.2 GraphPad Prism 

 

 GraphPad is a scientific-oriented software that allows to multiple options in curve 

fitting (nonlinear regression), scientific graphing and analyze data in general, in an 

easy and intuitive way14. 

 

3.2.1 Linear Regression 

 

For this procedure, we delete the outliers (here, defined as the samples that were 

not well recorded) from the set of units, resulting in 73 neurons in the three 

sessions. 

We also calculate measures like p-value or R-square to classify the significance 

of the regression. 

 

 

3.3 RapidMiner 

 

 RapidMiner is a software platform for data scientist that includes, not only a long list 

of machine learning algorithms, but tools for predictive model deployment and the 

previous data preparation to find out the best results15. 

 

 

3.3.1 Data 

 

The objective of the predictions develop in this tool is to predict the chosen 

direction of the monkey, based on the firing rates and the preferred directions of 

each neuron.  

We use the information of 27 neuron of each session and 955 trials in total, and 

directions -3, 0 and 3. The decision attribute was given the role of label, to be 

identified as important in terms of prediction. We exported the processed data 

from Matlab. 
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3.3.2 Model 

 

 To develop a predictive model, we tried two approaches: to build our own model 

and the AutoModel tool that RapidMiner provides (which automatically builds a 

model)15. With the implementation of our model we want to apply 5 different 

well-known algorithms to see if there is any difference. Also, we want to compare 

its performance with the AutoModel, which optimize itself the algorithms in order 

to find the best results. 

In this section we explain our own predictive model implementation, while the 

AutoModel results are shown below (see Results). 

 

RapidMiner base its work in a drag and drop paradigm, which lets the user try 

several different algorithms without the previous coding implementation. The 

workflow is simple: we just have to wire the boxes that contain the different 

algorithms we want to apply.  

 

Figure 8. Rapid Miner predictive model 

 

In our case (Figure 8), we start with a Retrieve box (in purple), which let us select 

the dataset (previously imported) we want to use. Then, we use Multiply to copy 

our dataset, one copy goes to Filter box (in pink) and one to ApplyModel (in 

green). With Filter Examples box, we can filter using different rules like exist, 

missing, equals to, etc. Here we choose Not missing, in order to select the 
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directions that have values (to avoid empty rows). The output is passed to Cross 

Validation (in yellow).  

 

Inside, we have two sections: Training and Testing (Figure 9). In the Training 

section, with the Select Subprocess box (in orange), we elect more than one 

algorithm and then select which we want to apply as a parameter, instead of editing 

our model each time. In Testing Section, we apply the model and compute its 

performance. 

 

 

 
Figure 9. CrossValidation sections 

 

Back to the main edition screen, the model output of CrossValidation is wired to 

another ApplyModel (in green, Figure 8), together with the other copy of the 

Multiply (in orange, Figure 8), which has the whole dataset. Finally, we link the 

result with another Performance box (in yellow, Figure 8), and wire the outputs to 

the final plugs to see the results of our predictions. 

 

 

3.3.3 Algorithms  

 

3.3.3.1 K-fold Cross Validation16 

 

In order to validate the stability of our model, we use K-fold Cross Validation. 

This method gives us a solution when not having enough data to train our 

model if we want a large Testing dataset. In K-fold Cross Validation the data 

is subdivided in k sets. It iterates over the dataset k times, each time leaving 1 

subset as testing, and the rest used for training.  The error estimation is 
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averaged over all k trials to get total effectiveness of our model. In our model 

K=10. 

 

As explained before, inside the Select Subprocess box we choose the 

algorithms (Figure 10) to apply our Cross Validation. 

 

 

 

 
Figure 10. Algorithms applied in our model 

 

 

In our model, we select the following algorithms: 

 

a) Decision Tree17 
 

The Decision Tree algorithm follows the structure of a tree: it has an initial 

node which is the root, and the it is divided in two branches that represent a 

condition. When the branch does not split more, you have the final decision, 

also called a leaf.  

It usually uses parameters as Maximum Depth, to fix a criterion to stop the 

subdivisions, a minimal gain, to stop if the decisions do not achieve better 

results in each division, a rule to get the better decision (e.g. reduce error), or 

the condition of pruning, which means to remove the branches that uses low 

importance feature. 

 In our model, we set the following apects: 

• Maximun depth of 20 
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• Criterion of accuracy 

• Pruning enabled 

• Minimal gain of 0.1 

 

 

b) K-NN15 

 

K nearest neighbors (K-NN) is an algorithm that bases the classification of new 

units using the similarity to the nearest already classified units. The number of 

neighbors (K) is settle as a parameter. 

In our model: 

• K = 5 

• Distance between neighbors calculated as Mixed Euclidean Distance 

 

 

c) Logistic Regression18 

 

The logistic regression model relates several independent variables with one 

binary dependent variable, using a fit model.  

 

 

It works computing coefficients, standard errors and significance levels of a 

formula that maximize the likelihood of the sampling values. 

 

 

Equation 4. Logistic Regression logit formula 

 

d) Linear Regression19 

 

Linear Regression model relates two variables fitting a linear equation to 

observed data. 

 

                    Equation 5. Linear Regression formula 

In our model: 
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• Eliminate collinear features enabled, which deletes variables with 

relationships between them 

• Minimum tolerance between variables with collinearity in order to delete 

them set to 0.05  

 

e) Naive Bayes20 

 

Naïve Bayes algorithm is a probabilistic classifier that uses independence 

assumptions in its probability model. It implements Bayes’ theorem. 

• Laplace correction enabled, set to 0 the probability if the attribute never 

occurs. 

 

 

Automodel Algorithms15 

 

 Automodel runs 5 different algorithms with features optimized: 

 

• General Linear Models 

Generalization of linear regression explained before. 

• Decision Tree 

Explained before. 

• Logistic Regression Model 

Explained before. 

• Random Forest 

Mean of several individual trees. 

• Gradient Boosted Tree 

Complex model that uses ensembles of Decision Trees. 

• Deep Learning 

Multi-level neural network for learning non-linear relationships. 
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4. RESULTS 

 

 

4.1 Psychophysical analysis 

 

 We computed neurometric and psychometric curves (Figure 11, Methods) for 

every neuron and session. Neural thresholds were estimated as the direction for 

which probability was 80%. 

 

Neurometric curves with higher slope are the ones with a richer discrimination 

performance. That is because the probability of choosing a clockwise answer with 

a negative degree direction (e.g. -12º) stimulus should be significantly lower than 

the one with the positive degree direction (e.g. 12º).  

Then, the discrimination performance is better if the difference between the two 

directions (e.g. -12, 12) is greater. In Figure 11, neuron on the left has better 

performance than neuron on the right. 

 

 

  
    

 

 

 

 

  

Figure 11. Sample neurometric and psychometric functions of two different neurons from different sessions 
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Afterwards, we compute the ratio of neurometric threshold to psychometric 

threshold (Figure 11) for 73 neurons (outliers discarded). With this threshold we 

obtain, for each neuron, how the neuron differentiates between directions in 

comparison with the monkey’s performance. In other words, we quantify the 

precision of each unit. 

 Each session is plotted in a different color, and due to the reduced number of 

sessions, we can see three separated lines (the psychometric value which marks 

the Y is unique for each session, so it is plotted as a line).  

 

 

Figure 12. Neurometric-to-psychometric threshold ratio 

 

 If we plot the relative precision (computed as the inverse of neurometric to 

psychometric ratio) as a function of the preferred direction of each neuron (Figure 

13), we obtain a peak near the directions 60 to 100, where we have a greater 

density of data points around those values.  
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Figure 13. Relative precision as a function of the neuron's preferred direction 

 

The neurons used in figure 13 passed the filter of R2 > 0.5 (Methods) so the 

number is even lower than the total set of units. 

 

Once we have the direction preference of the neurons which presents a better 

performance regarding to its precision, we relate it with the computed choice 

probability (Methods). If we conclude a significant correlation between these two 

variables, we will have achieved to relate perception and decision.  

 

To do so, we plotted the choice probability as a function of the neuron’s preferred 

direction, similarly to the previous figure.  
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Figure 14. Choice probability as a function of the preferred direction of the neuron 

 

    At a glance the distribution is quite homogeneous (Figure 14). That could be 

related to the previous figure, accordingly with the preferred direction.  

 

 

Figure 15. Number of neurons against preferred directions 
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But if we plot the number of neurons per direction (Figure 15), we do not obtain 

a significant higher concentration around 80º, as we could have expected.  

 

Next step is to confirm if we do have a significant correlation between choice 

probability and the neuronal precision. We plot choice probabilities against the 

neural precision (defined as the reciprocal of relative precision) for every session 

(Figure 16).  

 

 

 
Figure 16. Choice probability against neural precision 

 

 

 To measure the significance, we calculate a linear regression (Figure 16, 

Methods). First for every neuron (outliers discarded) but only for directions -3, 0 

and 3. We chose direction |3| because it is the smaller we have. When the 

perception is too clear (e.g. direction 12 or -12), it is difficult determine if it was 

a decision itself o we were leaded by the perception, so when the perception is 

ambiguous (the closer to zero the better) the choice has to be leaded by 

mechanisms of decision-making. In Purushothaman’s paper, the direction 

difference was between -0.5 and 0.5 (which is better as mentioned before). 
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Figure 17. Linear regression for direction -3, 0 and 3 

After the regression application we observe (Figure 117) that there is no 

significant correlation between our two variables (P-value 0.2750, Rsquare 

0.00548).  

In fact, we did not get any significant correlation in the regressions for each 

direction isolated either (Figure 18-19). The cause could be the little number of 

neurons and sessions we have, so it does not throw any relevant result.  

 
Figure 18. Choice probability against neural precision for 0º  and -3º 
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 For direction 0 we obtain P-value of 0.2652 and Rsquare of 0.01745 (Figure 17 

a). For direction -3 the values are slightly better, but far from significance, P-value 

of 0.0674 and Rsquare of 0.04633 (Figure 17 b), similar to direction 3 (P-value 

of 0.1201 and Rsquare of 0.03369) (Figure 18).  

 

 

 

4.2 Predictive analysis 

 

As shown before, the single-neuron prediction done is weak (as it does not throw 

significant results). We explore in this section the whole net simultaneously 

because the interaction between neurons cannot be perceived if we treat them one 

by one. 

 

4.2.1 AutoModel 

  

The results from the Automodel (Figure 20) throws up a maximum accuracy 

of 63% for the Deep Learning algorithm, follow by Naïve Bayes, Linear 

Models and Logistic Regression. But in general, the accuracy is quite linear 

(range 57 – 63%). In terms of runtime, the slowest was Gradient Boosted Trees 

with an accuracy of 57%, so the better performance is achieved by Deep 

Learning. 

 

 

Figure 19. Choice probability against neural precision for 3º 
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Figure 20. Accuracy and Runtime overview of RapidMiner's Automodel 

 

AutoModel also compare the different algorithms by using ROC 

Comparison.  The ROC curves are computed by plotting the fraction of true 

positives out of the positives (TPR = true positive rate) vs. the fraction of false 

positives out of the negatives (FPR = false positive rate). Comparing the ROC 

curves (Figure 21) obtained from the different models, we appreciate how Deep 

Learning curve (orange) is slightly higher than the rest, although Linear Models 

and Logistic Regression gets over sometimes. 

 

Figure 21. ROC Comparison of RapidMiner AutoModel 
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In detail, Deep Learning presents the following Confusion Matrix (Figure 22): 

 

 

Figure 22. Confusion Matrix for Deep Learning 

   

 Class 1 (true 1, pred. 1) have better results about Precision (63.51%) and Recall 

(84.68%) (Figure 22).  

 

 

4.2.2 Own Model 

 

 

The results from our own model (Methods) have an accuracy range of 58% to 

71%. The best performance is achieved by K-NN model, which gets an accuracy 

of 70,96% with a Recall on class 1 of 80.69% and a Precision of 72.45% (Figure 

23). 

 

 

 
Figure 23. Confusion Matrix for K-NN 

 

Here (Figure 24) we have an example of 10 rows where the prediction is shown 

in the second column. The third and fourth column represents the confidence 

whereby the prediction was made. 
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Figure 24. Example of prediction for K-NN 

 

The worst result is accomplished by Naïve Bayes with an accuracy of 58.28%. 

(Figure 25). This result is 2 points lower than the accuracy get by the same 

algorithm in AutoModel execution. The explanation may be that the process of 

optimization implemented by AutoModel results in a better performance than the 

Cross Validation we have done. 

 

 

Figure 25. Confusion Matrix for Naive Bayes 
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5. DISCUSSION 
 

The aim of my thesis was to analyze the stimulus and decision information in isolated 

neurons against to the neuronal population, and to contrast the results with the study 

carried out by Purushothaman. Although we did not find out an optimal correlation 

between the precision of the neuron and the choice probability, it is noted along the 

project that there is a tendency. In opposition to our results, Purushothaman did find 

that the combined performance of the high-precision neurons matched the monkeys’ 

behavior, whereas the ability to predict behavior based on the entire active population 

was poor.  

The lack of significance that we have obtained in our case may be caused by the limited 

number of sessions, neurons and macaque monkeys to study. With a larger population 

of neurons, patterns are easily recognized, and outliers are more differentiated.  

 

In connection with predictive models, we obtain proper results. We applied several 

algorithms to evaluate if the activity of neurons during the presentation of a stimulus 

would predict the choice of the animal in the decision-making task. The results 

obtained presented an accuracy up to 70%, which means that some predictions are 

made accurately.  

For a more complete analysis, more variables should be taken into account because 

the firing rate would not be enough to determine the decision. Certainly, the choice 

relies in more parameters like the neural precision or the clockwise and choice 

probabilities we computed along this project - those could also be useful to discard the 

non-relevant ones in case of having a larger dataset-. 

 

Finally, the applications of this study in future works with larger set of data would help 

to decisively resolve the questions proposed along this report – finding better results 

also-, as well as contribute little bit to neuroscience research above all.  

Furthermore, it can also be used to complete similar investigations. For instance, there 

are some studies currently performed by University of Rochester with the same data 

as we used for this thesis (but with an added background to the stimulus), 

demonstrating the perceptual effects of flowing parsing hypothesis (which explains 

how we might compensate for self-motion when estimating the motion of 

independently moving objects). 
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6. CONCLUSIONS 

 

In this project, I wanted to learn a little bit about neuroscience. Although my 

knowledge in this area was very limited, I have understood how a visual stimulus is 

recognized and process by the retina, and by the brain afterwards. I have also learnt 

about neurons, statistics and machine learning.  

This project also let me investigate about leading softwares of data analysis and 

introduced me in the world of data science. With RapidMiner I have been able to play 

with different algorithms (and their respective parameters) that I have learned over 

these years and learn in a practical way the differences between them. 

The experience overall showed me to be more precise, critical and exhaustive, both in 

the realization of my investigation and during the research of other existing works. It 

also conceded me the pleasure to work with several professionals, attend to different 

eminences talks and to acquire a knowledge that would not have been possible 

otherwise. 
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