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Abstract  
Establishing what variables affect learning rates in experimental auctions can be 

valuable in determining how competitive bidders in auctions learn.  This study aims to 

be a foray into this field.  The differences, both absolute and actual, between participant 

bids and optimal bids are evaluated in terms of the effects from a variety of variables 

such as age, sex, etc.  An optimal bid in the context of an auction is the best bid a 

participant can place to win the auction without paying more than the value of the item, 

thus maximizing their revenues.  This study focuses on how two opponent types, 

humans and computers, affect the rate at which participants learn to optimize their 

winnings. 

 

A Bayesian multilevel model for time series is used to model the learning rate of actual 

bids from participants in an experimental auction study.  The variables examined at the 

first level were auction type, signal, round, interaction effects between auction type and 

signal and interaction effects between auction type and round.  At a 90% credibility 

interval, the true value of the mean for the intercept and all slopes falls within an interval 

that also includes 0.  Therefore, none of the variables are deemed to be likely to 

influence the model. 

 

The variables on the second level were age, IQ, sex and answers from a short quiz about 

how participants felt when they won or lost auctions.  The posterior distributions of the 

second level variables also found to be unlikely to influence the model at a 90% 

credibility interval. 

 

This study shows that more research is required to be able to determine what variables 

affect the learning rate in competitive bidding auction studies. 
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1 Introduction  

1.1 Background   

The quantification of learning rates has long been a topic of interest within the realm of 

psychology.  Learning curves were first described by Ebbinghaus (1885) and were 

extended with Wright’s (1936) mathematical method called the Unit Cost Model.  

Further research led to an assumption that the function describing a learning curve 

would smooth when applied to a large quantity of observations. 

 

Reinforcement learning is a method of calculating the learning rate in a study where 

participants learn to maximize rewards.  Van den Bos et al (2013) applied reinforcement 

learning to competitive bidding with the expectation that participants compute a 

prediction error based on the difference between the actual outcome and the expected 

outcome.  In this study, volunteers were given a series of auctions that resulted in either 

gains or losses.  While they were engaged in the task, they were scanned using magnetic 

resonance imaging (MRI) to detect which centers of the brain were activated.  The study 

found that individuals learned at varying rates based on individual differences in social 

preferences.  This corroborates the ideas set forth by Rilling and Sanfey (2011) stating 

that social decisions are based upon a complex set of factors including (but not limited 

to) altruism, fairness and competition. 

 

Kagel and Levin (2008) summarize the field of experimental auctions, with the main 

focus being on common value (CV) and independent private value (IPV) models.  In 

CV auctions, the value of the auction is the same between bidders, but bidders each 

have different information about the item’s value.  In IPV auctions, each participant is 

given their own value for the auctioned item.  Both auctions require the bidder to 

consider how high to increase their bids to improve the chance of winning without 

paying too much.  The best bid that wins while still remaining profitable is the optimal 

bid.     

 

Vickrey (1961) described a specific type of auction model called a second-price 

auction.  After the participant decides their bid, they then submit a sealed bid with no 

knowledge of the other bids.  The highest bidder is awarded the item but pays the 

second-highest bid.  Kagel and Levin (2008) also show that these “Vickrey auctions” 

tend to increase bid efficiency, i.e. cause the bidders to bid closer to their IPV. 

 

Van den Bos et al (2008) found that participants were more rational when bidding 

against computers.  Competing against other humans led to overcompensation and 

irrational behavior.  This held true even when participants were not required to calculate 

the optimal bid themselves.  This study’s conclusion was that humans value victory 

over other people more than over computers, regardless of losses incurred. 

 

The auction study in this thesis is based upon these types of competitive bidding 

auctions.  It is composed of 120 repetitive second-price auctions.  It is a mixture of IPV 

and CV bidders, and aims to expand the fields described by van den Bos et al and Kagel 

and Levin. 
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1.2 Objective  

The main objective of this thesis is to evaluate if and by how much participant-specific 

variables and the type of auction round affect a participant’s success.  To determine 

this, two dependent variables will be considered.  The first is the absolute value of the 

difference between the actual bid and the optimal bid.  This shows the distance from 

the optimal bid.  The second is the actual difference between the actual bid and the 

optimal bid.  This shows the amount of overbidding and underbidding.  The optimal bid 

is the best bid a participant can place to maximize their expected earnings.  One value 

each for the two dependent variables and the optimal bid are collected at each of the 

120 auctions. 

 

1.3 Ethical Considerations 

The participants in the study signed confidentiality agreements.  In addition, the author 

of this thesis signed a non-disclosure and confidentiality agreement.  These are on file 

with the study’s lead researcher, Bertil Wegmann. 
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2 Data  

2.1 Procedure of the Auction Study 

At the start of the experiment, the participants were given a standardized PowerPoint 

presentation following the procedure set out by van den Bos et al (2008).  The 

presentation explained the following points: the structure of a second price sealed bid 

independent private value auction, how to input bids on the computer, and the real euro 

reward structure.  Each participant was guaranteed a minimum of 15 euros for 

partaking, but could increase that to a maximum of 25 euros based upon auction 

winnings.  This was included to improve the chances of active participation.  Before 

the auction rounds were begun, an abbreviated IQ test was administered.  In addition, 

other background data was collected such as age and sex. 

 

The participants were placed into a blind auction test consisting of 120 consecutive 

auction rounds.  In each round, they were shown a coin and given a piece of information 

to inform their bids.  This signal was a random number between 0 and 100.  They were 

also instructed that all participants would be receiving their own signal, and that the 

actual value of the coin would be the mean of the signals given to the participants.  The 

participants would then have to calculate both the actual value of the coin and the 

highest amount to bid while still paying less than the actual value.  They would then 

input this bid into their designated console. 

 

The participant who bid the highest amount would win the bid, but pay the second 

highest bid amount.  The profit is the value of the coin minus the amount payed, and 

can be negative.  A winning bid resulting in negative profit is referred to by Kagel 

(1989) as the winner’s curse.  Three different auction types were administered to 

determine if the participants reacted differently depending on opponent type.  To define 

the types, the bidding screen showed pictures of the other participants involved in the 

bid.  These images would be one of the following: the other four people in the room, 

three other people in the room and one computer, or two other people in the room and 

two computers.  In reality, all auctions were against computers as per van den Bos et al 

(2008).  This was done to compare each bid from each participant to the optimal bid 

given the signal. 

 

This study differs from previous studies due to it being a combination of both CV and 

IPV models (section 1.1).  The participants are bidding on an item that they believe has 

the same value (CV) to all bidders and they are given differing pieces of information 

about the value (the signal).  The computers, on the other hand, are IPV bidders who 

bid an amount equal to their randomly assigned value between 0 and 100. 

 

An exit survey was conducted after the auction rounds asking players to grade how they 

felt at various key points in the process.  See Appendix B for the survey. 
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2.2 Participants 

The study was conducted by Bertil Wegmann at the Department of Systems 

Neuroscience, UKE, Hamburg University, Germany.  There were 55 participants with 

an average age of 26.73, with 39 females and 16 males.  The average score on the IQ 

test was 29.96.  The 55 participants were arranged into random groups of five.  The 

group size was determined solely by the number of available consoles.  These groups 

remained constant throughout the experiment and are inconsequential to the results.  As 

the behavior across groups is indistinguishable, the results are presented as individuals. 

 

2.3 Description and Transformations 

The time series data of bids from each participant was converted to a learning curve 

using Bills’ (1934) method of showing progress as a continuous function of the 

correlation between practice (repetitions of auctions) and progress (distance from 

optimal bid).  If the participant is learning from each auction round, the distance to the 

optimal bid will shrink as the rounds progress. 

 

The optimal bid is that which would result in the maximum revenues in each auction 

and varies between the three types of auctions.  The difference between the optimal bid 

and the participant’s bid shows the skill gap, and the goal of the study is to determine 

what factors affect the rate at which they reach maximum efficiency.  

 

These learning rates may vary between the auction types.  As there were two 

dependent variables as described in section 1.2, two learning curves were generated 

for each participant.  An optimal example of this can be seen in figure 1.  This 

simplified sigmoid learning curve shows a period of slow learning followed by 

accelerated learning until a plateau is reached. 

 

 
Figure 1 An optimal learning curve 
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The exit survey was based upon the industry standard Likert scale as outlined by 

Likert (1932).  This scale is documented by Burns and Burns (2008) to most correctly 

represent the range of intensity of emotion about a given subject.  The goal of a Likert 

scale is to accurately represent both symmetry and balance.  A symmetrically 

designed question has an equal number of choices on either side of a neutral point 

which itself does not necessarily need to be represented.  A balanced question has an 

equal “distance” between the values represented by the answers.  According to Allen 

and Seaman (2007), fulfilling these requirements allows the treatment of what would 

normally be ordinal responses as intervals. 

 

In the data, the age of one participant is missing, and one participant filled in the 

answers to the IQ test incorrectly and was therefore given a 0/40 result.  Due to the 

critical nature of these two data points, both participants were removed from the data 

set. 

 

The following visualizations show the means of both the absolute value and the actual 

value of the difference between the participants’ bids and the optimum bid over the 

120 auction rounds. 

 
Figure 2 Mean of Absolute Value by Round 
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Figure 3  Mean of Actual Value by Round 

 

Further graphs showing the underlying structure of the data can be found in appendix 

A.  
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3 Methods  
A Bayesian multilevel model for time series is used as the primary model.  This model 

can be deconstructed into its component parts to understand how each relates to the data 

from the experiment.  The construction of the experiment results in a multilevel model 

containing the auction-related variables (bids, signals, etc.) on the first level and the 

participant-related variables (age, sex, etc.) on the second level.  This multilevel model 

will be framed in a Bayesian context in order to present an interpretation of probability 

that may be considered more useful in characterizing the results.  The dependent 

variables are the difference between the actual and optimal bids and the absolute 

distance between the actual and optimal bids for each of the 120 auction rounds.   

 

3.1 Multilevel Models 

Fisher (1918) pioneered the idea of using linear models with more than one level to 

assess the relationships between observations that are correlated.  Fisher used two pairs 

of cousins as an example of genetic correlation.  He demonstrated how to calculate the 

genetic relationship between each pair of siblings and then each pair as cousins.   These 

two steps (siblings then cousins) can be referred to as levels.  Another common example 

is students at different schools.  There are correlated variables between students at a 

given school (level 1) and other correlated variables between the schools (level 2).  Bryk 

and Raudenbush (2002) define multilevel models (MLM) as those containing 

parameters that vary at more than one level.  This can also be referred to as nesting. 

 

Goldstein et.al. (1994) outlined the methodology in which a longitudinal MLM can be 

used to analyze time series data.  They reasoned that using a time series as the first level 

allows the use of the individual at the second level.  Their study on repeated height 

measurements of children outlined the application height and time related variables to 

level 1 and the child specific variables to level 2.  This provides the foundation for the 

model in this study. 

 

The longitudinal MLM builds upon a regression model in the following manner (shown 

with random effects for the sake of clarity): 

 

 𝑌𝑖𝑡 =  𝛽0 + 𝛽1𝑋𝑖𝑡 + 𝜀𝑖𝑡  (1) 
 𝛽0𝑖 =  𝛾00 + 𝛾01𝑊𝑖 + 𝑢0𝑖  

𝛽1𝑗 = 𝛾10 + 𝛾11𝑊𝑖 + 𝑢1𝑖 

𝑢~𝑁(0, 𝜎𝑢
2) 

 

For each subject i and time point t; Yit is the value of the dependent variable (i.e. 

learning rate), Xit is the value of the predictor variable for the time series and can be 

presented in matrix form, β0 is the intercept of the dependent variable for each subject, 

β1 is the slope between Xit and Yit and  εit is the error term.  This includes subject specific 

predictor variables which allow for interaction effects.  Therefore; γ00 is the mean of Y 

across all subjects, Wi is the level 2 predictor variable for subject i, γ01 is the slope 

between Y and Wi, γ10 is the slope between Y and all X, u0i is the error for the deviation 

of a subject from the overall intercept, and u1i is the error for the deviation of a subject 

from the overall slope.  The model assumes a linear relationship between variables, a 

homogeneity of variance (homoscedasticity), and a normal distribution of error terms. 
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Snijders (2005) posited that a dependent variable showing some amount of unexplained 

variation (assuming non-zero variance) between subjects can be said to have non-trivial 

random effects, i.e. allowing both the intercepts and the slopes to vary across the 

subjects. In essence, an MLM allows each predictor to have a different regression 

coefficient in each group but assumes that these coefficients come from a correlated set 

of hyperparameters, i.e. the second level in the MLM.  For this study, the intercepts on 

the second level will be treated as random effects while the slopes will be treated as 

fixed effects.  This will provide a base analysis with which future studies on this data 

material can be compared.    

 

3.2 Time Series Models 

A time series is defined by OECD (2007) as quantitative observations that are taken in 

successive, equidistant periods.  These types of data sets can be further broken down 

into parametric and non-parametric models.  The difference between the two, according 

to Murphy (2012), being that parametric models have a fixed number of parameters that 

are determined by the model, while non-parametric models have the ability to increase 

the number of parameters based upon the training data instead of the model.  In this 

study the quantitative and qualitative variables that were presented in section 2 will be 

evaluated with a parametric model, with the number of parameters fixed by the amount 

of predictor variables given. 

 

According to Geisser and Johnson (2006), parametric models assume that the input data 

is sourced from a population where the fixed set of parameters determine the probability 

distribution of the outcome.  The purpose of time series analysis is to determine what, 

if any, effect these parameters have on the value of each of the dependent variables 

from section 2, and how these interactions change over time. 

 

3.2.1 Time Series Methods Within Multilevel Models 

An extra layer of complexity is added to the MLM when the dependent variables (Y) 

are measured over time within level 1.  Quené and van den Bergh (2004) show that an 

MLM can be a more effective tool for analyzing time series data than an ANOVA due 

to its inherent robustness against homoschedasticity (section 3.1) and sphericity 

violations.  Sphericity violations occur when the differences between the combinations 

of subjects have unequal variances.  An analysis of repeated measures with a multilevel 

model assumes that the dependent variable (Y) is normally distributed and that the error 

components have a normal distribution around zero as follows: 

 𝑌~𝑁(𝜇, 𝜎2 ) (2) 
𝑒~𝑁(0, 𝜎𝑒

2) 

𝑢~𝑁(0, 𝜎𝑢
2) 

 

3.2.2 AR Modelling of a Time Series 

To fit the time series model into the MLM using the above guidelines, an autoregressive 

(AR) model will be applied to the error terms.  Correlated error terms must be 

eliminated before further analysis can take place.  The AR model aims to reduce the 
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correlation in the error terms to zero, and is defined by Box and Jenkins (1968) with the 

benchmark formula: 

 

 
𝜀𝑡 = 𝑐 + ∑ 𝜑𝑖𝜀𝑡−𝑖 + 𝑎𝑡

𝑝

𝑖=1

 (3) 

𝑎~𝑁(0, 𝜎𝑎
2) 

 

For each time point t: ε is the error term, c is a constant, p is the order of the model, i is 

the amount of time units to regress back (lag), 𝜑𝑖 represents the variables and a is a 
normally distributed random variable with a mean of 0.  In this thesis, c is equal to 0, p 

is equal to 1 and φi is represented by ϕ. 

 

3.2.3 Pre-whitening 

According to Poole and O’Farrell (1970), a principle assumption in the construction of 

a linear regression model is that the errors are independent.  If the model contains error 

terms which are shown to be related, it is said to contain serially correlated 

(autocorrelated) error terms.  Problems arise when a model is built upon such errors, 

such as the mean square error’s inability to estimate true variance and certain inference 

techniques becoming inapplicable. 

 

To eliminate the autocorrelated errors in the model, a process known as pre-whitening 

can be implemented.  This involves fitting an autoregression (AR) model that is able to 

reduce the residuals to serially uncorrelated random variables with a constant variance 

and a mean of 0.  Hamilton (1994) refers to these variables as white noise.  The principle 

methods outlined by Cochrane and Orcutt (1949) involve filtering the input (X) and 

response (Y) through the model, then cross-correlating them.  After determining which 

lags of the input contribute to the prediction of the response, a lagged regression may 

be estimated.  In this model, the lag is determined to be 1 as the goal is to quantify the 

correlation between a given time point and its predecessor.  Other AR models are 

possible and can be explored in future examinations of the data.   This iterative 

procedure alters the model by taking a quasi-difference, and is constructed in the 

following manner: 

 

 𝑦𝑖𝑡 = 𝛽𝑋𝑖𝑡 + 𝜀𝑖𝑡  (4) 
 𝜀𝑖𝑡 = 𝜙𝜀𝑖,𝑡−1 + 𝑎𝑖𝑡   
 𝜀𝑖,𝑡−1 = 𝑦𝑖,𝑡−1 − 𝛽𝑋𝑖,𝑡−1  

Rearranging the equations in formula 6 gives: 

 

 𝑦𝑖,𝑡−1 − 𝛽𝑋𝑖𝑡 = 𝜙(𝑦𝑖,𝑡−1 − 𝛽𝑋𝑖,𝑡−1) + 𝑎𝑖𝑡  (5) 
and: 

 𝑦𝑖,𝑡−1 − 𝜙𝑦𝑖,𝑡−1 = 𝛽(𝑋𝑖𝑡 − 𝜙𝑋𝑖,𝑡−1) + 𝑎𝑖𝑡 (6) 
 

𝑎𝑖𝑡  
𝑖𝑖𝑑

~  𝑁(0, 𝜎𝑎
2) 

 

Girma (2000) suggests that, due to the reduction of the error terms to white noise, 

statistical inference techniques remain valid. 
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3.3 Bayesian Analysis 

According to Jaynes (1986), Bayesian probability is a quantity that is assigned to 

represent a state of knowledge.  This implies that the data are fixed and unknown 

parameters are described probabilistically.  This is in contrast to the frequentist view 

where the data are a repeatable random sample and underlying parameters remain 

constant during this process.  Jaynes also suggests that Bayesian analysis is more 

appropriate for problems that do not have a purely mathematical structure within rigid 

boundaries.  As this study involves psychology and learning as opposed to strict 

mathematical processes, Bayesian analysis can provide more useful results. 

 

The Bayesian model operates on a process where an initial prior probability is defined.  

This probability, called the prior quantifies the uncertainty in the model before the data 

is processed.  This prior is then evaluated.  The resulting probability (posterior) then 

becomes the prior for the next evaluation.  According to Nelson (2005), this provides 

the ability to differentiate three components.  The first is a probabilistic belief model 

involving a set of hypotheses and their respective priors.  This includes a set of tests to 

distinguish them.  The second is a sampling norm which quantifies the expected 

usefulness of the given test as it relates to the respective belief model.  The third is a 

way to allow the outcome of the test to inform the beliefs. 

 

The consequence is that Bayesian methods demand that unknown parameters have their 

prior distributions specified.  The dependent variable follows a given distribution based 

on some form of pre-existing evidence.  The parameters have, in turn, their own prior 

distribution with a mean (μ) called a hyperparameter which has its own hyperprior 

distribution.  This is expressed in a MLM as follows: 

 

 𝑌𝑗 | 𝛽𝑗 , 𝛾 ~ 𝑃(𝑌𝑗 | 𝛽𝑗 , 𝛾) (7) 

 𝛽𝑗  | 𝛾 ~ 𝑃(𝛽𝑗| 𝛾)  

 𝛾 ~ 𝑃(𝛾0)  
 

 

The prior distribution can be summarized as: 

 

 𝑃(𝛽, 𝛾) = 𝑃(𝛽 | 𝛾)𝑃(𝛾) (8) 
 

The joint posterior distributions are built into hierarchical models from single level in 

the following manner: 

 

For a 1 level model: 

 

 
𝑃(𝛽 | 𝑌) =

𝑃(𝛽, 𝛾)

𝑃(𝑌)
=

𝑃(𝑌 | 𝛽)𝑃(𝛽)

𝑃(𝑌)
 (9) 

 
The likelihood is P(Y | β) with P(β) as its prior distribution.  Therefore the posterior 

distribution P(β | Y) is proportional to: 

 

𝑃(𝛽 | 𝑌) ∝ 𝑃(𝑌 | 𝛽)𝑃(𝛽) (10) 
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For a 2 level model, this is represented as: 

 

 
𝑃(𝛽, 𝛾|𝑌) =

𝑃(𝑌|𝛽, 𝛾)𝑃(𝛽, 𝛾)

𝑃(𝑌)
=

𝑃(𝑌|𝛽)𝑃(𝛽|𝛾)𝑃(𝛾)

𝑃(𝑌)
  (11) 

  
𝑃(𝛽, 𝛾 | 𝑌) ∝ 𝑃(𝑌 | 𝛽)𝑃(𝛽 | 𝛾)𝑃(𝛾) 

 

 

3.3.1 Sampling 

The probability distribution of the posterior distribution is not known; therefore, 

another estimation method must be applied.  According to Eckhard (1987), sampling is 

an efficient method to estimate distributions of mathematically complex models.  It 

functions through a series of inputs that result in a distribution that is dependent solely 

upon its current position, not the preceding positions.  Norris (1998) states that this 

memorylessness property is essential and allows the sampling to update the ranges of 

the given distribution as it iterates through the model.  These draws will eventually 

converge to the actual distribution, allowing approximations to be made without the 

need to calculate every possible value for every variable.  This is particularly useful in 

estimating large, multi-dimensional integrals, and its use was popularized in 

hierarchical Bayesian statistics in Gelfand and Smith’s (1990) watershed paper. 

 

This sampling allows estimation of the true posterior density of p(θ | 𝛾) with the 
samples.  There are several issues with sampling.  First, it can require a significant 

amount of iterations to begin to provide usable results (burn-in).  Second, the 

effectiveness of the sampling can depend heavily on the initial prior used to start the 

chain.  Third, there is an unquantifiable amount of approximation error involved.  These 

issues, however, are frequently outweighed by the ability to process large data sets in a 

manner that allows the researcher to focus on using models of  𝑝(𝜙 | 𝛾) that represent 

realistic distributions instead of just models that can be easily computed. 

 

3.3.1.1 Gibbs Sampling 

The first estimation to be used in this thesis is Gibbs sampling.  This is a method of 

drawing randomly from the known conditional distribution of each variable in order to 

determine the joint probability distribution.  It generates probabilities of a given 

variable based upon the current values of all other variables and is best suited to 

sampling posterior distributions in Bayesian models as they are essentially groups of 

conditional distributions.  It should be noted that Gelman et al. (1995) showed that the 

sequence of samples in a Gibbs sampler is a Markov chain and its stationary distribution 

is the joint distribution.  Norris (1998) defines a Markov Chain as a stochastic process 

that transitions between at least two states and is memoryless (section 3.3.1). 

 

Gibbs sampling works in a linear model by first choosing a prior from the distribution 

of the parameters (the starting point is given by the researcher) then using an algorithm 

to accept or reject each proposed draw of values from each conditional posterior 

distribution.  The initial prior is forgotten (memorylessness) and the created posterior 

becomes the new prior.  This prior then has an accept-reject algorithm applied to choose 

a posterior from the possible outcomes.  Gibbs sampling holds all variables fixed except 
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the variable being drawn and the outcome of this draw is dependent upon the variables 

being held fixed.  This process is repeated until convergence.  

 

Gibbs sampling provides a simple method to estimate probabilities in a linear model.  

It will be used to provide an analysis of only the time series level within the MLM as it 

is represented in linear form. 

 

3.3.1.2 Hamiltonian Sampling 

Hamiltonian Sampling is an alternative method that allows for sampling across many 

more parameters than Gibbs sampling.  It was designed as a method for physicists to 

track the motion of an object in time by simulating the conversions between kinetic 

energy to potential over varying amounts of time.  This oscillation or “leapfrog” method 

results in a canonical (joint) distribution.  According to Neal et al. (2011), this can be 

used to determine the conditional distribution of variables in the reverse of the process 

described in section 3.3.1.1.  Despite the complex nature of the underlying theory, the 

algorithm of Hamiltonian sampling is relatively simple.  Instead of using a random 

walk, the Hamiltonian model allows distant states to be proposed as long as their chance 

of acceptance is high. 

 

Hamiltonian sampling provides a method to estimate probabilities on the second level 

of the MLM.  It will be used to provide an analysis of only the person-specific variables 

within the MLM. 

 

3.4 The Models for the Auction Study 

The MLM will be combined with the AR model and evaluated in a Bayesian context 

through the use of Gibbs and Hamiltonian sampling.  A table with variable names will 

be provided in appendix A for reference. 

 

3.4.1 Linear Regression 

The Simple Linear Regression model will be used to establish a baseline of significant 

variables.  This model is as follows: 

 

 𝑌𝑡
∗ =  𝛽0 + 𝛽1𝐷1𝑡 + 𝛽2𝐷2𝑡 + 𝛽3𝑋1𝑡 + 𝛽4𝑋1𝑡𝐷1𝑡 + 𝛽5𝑋1𝑡𝐷2𝑡 + 𝛽6𝑇𝑡

+ 𝛽7𝑇𝑡𝐷1𝑡 + 𝛽8𝑇𝑡𝐷2𝑡 + 𝜀𝑡  
(12) 

 

where 𝑌𝑡
∗ is either 𝑌𝑡 − 𝑏𝑡 or |𝑌𝑡 − 𝑏𝑡|, 𝑌𝑡 is the actual bid at time t, 𝑏𝑡 is the optimal 

bid, 𝑋1𝑡 is the signal, 𝐷1𝑡 is the dummy variable for auction type 2 (vs. 1 computer), 

𝐷2𝑡 is the dummy variable for auction type 3 (vs. 2 computers), 𝑇𝑡 is the auction round 
(1-120) and ε is the error. 

 

3.4.2 Linear Regression with AR terms 

The Linear Regression model then be pre-whitened with an AR model at lag 1.  This 

model will be evaluated with a Gibbs Sampler to provide posterior distribution of the β 

terms.  This model is as follows: 
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 𝑌𝑡
∗ =  𝛽0 + 𝛽1𝐷1𝑡 + 𝛽2𝐷2𝑡 + 𝛽3𝑋1𝑡 + 𝛽4𝑋1𝑡𝐷1𝑡 + 𝛽5𝑋1𝑡𝐷2𝑡 + 𝛽6𝑇𝑡

+ 𝛽7𝑇𝑡𝐷1𝑡 + 𝛽8𝑇𝑡𝐷2𝑡 + 𝜀𝑡  
(1) 

  
𝜀𝑡 = 𝜙𝜀𝑡−1 + 𝑎𝑡 

 

𝑎𝑡  
𝑖𝑖𝑑

~  𝑁(0, 𝜎𝑎
2) 

 

where 𝑌𝑡
∗ is either 𝑌𝑡 − 𝑏𝑡 or |𝑌𝑡 − 𝑏𝑡|, 𝑌𝑡 is the actual bid at time t, 𝑏𝑡 is the optimal 

bid, 𝑋1𝑡 is the signal, 𝐷1𝑡 is the dummy variable for auction type 2 (vs. 1 computer), 

𝐷2𝑡 is the dummy variable for auction type 3 (vs. 2 computers) and 𝑇𝑡 is the auction 

round (1-120). 

 

This is sampled by rearranging the model into two separate formulae, one for each of 

the two known values resulting from the sampling procedure, β and ϕ.  The regression 

can be represented in matrix form and is an abbreviation of formula 13: 

 

Step 1 is to draw a value for ϕ from P(ϕ|β): 

 

 𝑦𝑡 − 𝛽𝑋𝑡 = 𝜙(𝑦𝑡−1 − 𝛽𝑋𝑡−1) + 𝑎𝑡  (14) 

𝑎𝑡  
𝑖𝑖𝑑

~  𝑁(0, 𝜎𝑎
2) 

where β is the vector of the level one intercept and slopes and X is the design matrix of 

the level one indicator variables. 

 

Step 2 is to draw β from P(β |ϕ): 

 

 𝑦𝑡 − 𝜙𝑦𝑡−1 = 𝛽(𝑋𝑡 − 𝜙𝑋𝑡−1) + 𝑎𝑡  (15) 

𝑎𝑡   
𝑖𝑖𝑑

~  𝑁(0, 𝜎𝑎
2) 

where β is the vector of the level two intercept and slopes and X is the design matrix of 

the level two indicator variables.  As stated above, Gibbs sampling is the most direct 

method of obtaining the posterior distributions. 

 

 

3.4.3 MLM with AR terms 

The linear model with the AR terms is then expanded into a multilevel model by 

assigning each participant (level 1) their own variable values.  This is notated with 

subscript i in the following formula: 

 

 𝑌𝑖𝑡
∗ =  𝛽0 + 𝛽1𝑖𝐷1𝑖𝑡 + 𝛽2𝑖𝐷2𝑖𝑡 + 𝛽3𝑖𝑋1𝑖𝑡 + 𝛽4𝑖𝑋1𝑖𝑡𝐷1𝑖𝑡 + 𝛽5𝑖𝑋1𝑖𝑡𝐷2𝑖𝑡

+ 𝛽6𝑖𝑇𝑖𝑡 + 𝛽7𝑖𝑇𝑖𝑡𝐷1𝑖𝑡 + 𝛽8𝑖𝑇𝑖𝑡𝐷2𝑖𝑡 + 𝜀𝑖𝑡 
(16) 

 𝜀𝑖𝑡 = 𝜙𝜀𝑖,𝑡−1 + 𝑎𝑖𝑡   

𝑎𝑖𝑡  
𝑖𝑖𝑑

~  𝑁(0, 𝜎𝑎
2) 

This is further developed by defining β in the second level in the following manner: 

 

 𝛽0𝑖 = 𝛾00 + 𝛾01𝑊1𝑖 + 𝛾02𝑊2𝑖 + 𝛾03𝑊3𝑖 + 𝛾04𝑊4𝑖 + 𝛾05𝑊5𝑖

+ 𝛾06𝑊6𝑖 + 𝛾07𝑊7𝑖 + 𝛾08𝑊8𝑖 + 𝛾09𝑊9𝑖 + 𝑢𝑖𝑡 
(17) 
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𝑢~𝑁(0, 𝜎𝑢
2) 

Where 𝛽0𝑖 is the intercept from level one for person i, 𝑊1𝑖 is the age, 𝑊2𝑖 is the sex 

dummy variable (1=female), 𝑊3𝑖 is the IQ test result and 𝑊4𝑖 to 𝑊9𝑖 are the answers to 

the six questions from the quiz.  This results in 10 separate γ (an intercept and 9 slopes) 

for 𝛽0𝑖.  As stated in section 3.1, the 𝛽0𝑖 will be considered as a random effect while the 
slopes will be considered fixed effects. 

 

As in section 3.4.2, the models will need to be rearranged into two separate formulae, 

one for each of the two known values resulting from the sampling procedure, β and ϕ.  

The regression can be represented in matrix form and is an abbreviation of formula 16: 

 

Step 1 is to draw a value for ϕ from P(ϕ|β): 

 

 𝑦𝑖𝑡 − 𝛽𝑋𝑖𝑡 = 𝜙(𝑦𝑖,𝑡−1 − 𝛽𝑋𝑖,𝑡−1) + 𝑎𝑖𝑡  (18) 

𝑎𝑖𝑡  
𝑖𝑖𝑑

~  𝑁(0, 𝜎𝑎
2) 

where β is the vector of the level one intercept and slopes and X is the design matrix of 

the level one indicator variables.  This will be achieved through Gibbs Sampling as the 

𝛽 are known at this step. 
 

Step 2 is to draw β from P(β |ϕ): 

 

 𝑦𝑖𝑡 − 𝜙𝑦𝑖,𝑡−1 = 𝛽(𝑋𝑖𝑡 − 𝜙𝑋𝑖,𝑡−1) + 𝑎𝑖𝑡 (19) 

𝑎𝑖𝑡   
𝑖𝑖𝑑

~  𝑁(0, 𝜎𝑎
2) 

where β is the vector of the level two intercept and slopes and X is the design matrix of 

the level two indicator variables.  This will be achieved through Hamiltonian Sampling 

as draws must be made from the second level to determine the 𝛽 on the first level.  The 

RStan package also samples the 𝛽0𝑖 from the second level. 
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4 Computation 
This section is designed to provide insight into the processing and coding of the 

model.  As can be surmised from the complexity of formulae 13-16, a Bayesian Multi 

Level Model Time Series can require a significant amount of processing power.  This 

increases exponentially with the number of observations and variables.  A Gibbs 

sampler will be used to update the parameters in two steps.  The updating scheme in 

the first step is done by direct sampling from a known posterior distribution, while 

Hamiltonian sampling will be used for the second step.  Andrew Gelman (2015) 

developed the computational software Stan and its respective R package RStan in 

2012.  Stan can be used to efficiently process the MLM sampling.  The resulting 

approximate estimated conditional posterior distributions of the parameters can then 

be used to analyze the effect from the predictor variables. 

 

4.1 Data 

As each participant has an equal amount of data points, i.e. age, sex, IQ, etc. in 

addition to a time series over 120 auctions, the data was arranged into longitudinal 

form. Each of the first level variables was set into vector form with 120 values to 

correspond to the number of bids.  The signal, for example, was set into a vector 

[15,83,…,47] with a length of 120.  The auction types were coded as dummies, with 

auction type 1 being comprised of five humans (including the participant) and zero 

computers, type 2 being three humans and two computers, and type 3 being two 

humans and three computers.  The first six questions from the exit survey (see 

appendix B) are also included, with each question receiving its own vector.  It was 

decided to only include questions that directly involved the experience of the auctions 

as a whole.  The data for signal and round was standardized before creating the 

interaction terms to minimize collinearity in said interaction terms. 

 

4.2 Level 1 

The initial prior, as described in section 3.3.1, is set using the guidelines set forth in the 

Stan User’s Guide (2015).  Not specifying a prior in the code is equivalent to specifying 

a uniform prior.  While an improper prior is actually allowed in Stan, this prior only 

contributes a constant term to the density in a Hamiltonian sampler.  Because of this, 

the prior can be set as a uniform probability as long as the posterior has a finite total 

probability.  This noninformative prior distribution of (β, σ2) is used to initialize the 

calculations. 

Using the techniques in Gelman (1995/2004), the posterior distribution for β, 

conditional on σ2, and the marginal posterior distribution for σ2 are known distributions.  

This factoring of the joint posterior distribution for β and σ2 is represented as: 

 

 𝑝(𝛽, 𝜎2|𝑦) = 𝑝(𝛽|𝜎2, 𝑦)𝑝(𝜎2|𝑦) (20) 
 

The conditional posterior distribution of the vector β, given σ2, is the exponential of a 

quadratic form and is therefore normally distributed.  It is represented as: 

 

 

 

 



 17 

 𝛽|𝜎2, 𝑦~𝑁(�̂�, 𝑉𝛽𝜎2) (21) 

 

 

 

where: 

 �̂� = (𝑋𝑇𝑋)−1𝑋𝑇𝑦 (22) 

 𝑉𝛽 = (𝑋𝑇𝑋)−1 (23) 
 

The marginal posterior distribution of σ2 is represented as: 

 

 
𝑝(𝜎2|𝑦) =

𝑝(𝛽, 𝜎2|𝑦)

𝑝(𝛽|𝜎2, 𝑦)
 (24) 

 

which has a scaled inverse-χ2 form: 

 

 𝜎2|𝑦~𝐼𝑛𝑣𝜒2(𝑛 − 𝑘, 𝑠2) (25) 
 

where: 

 
𝑠2 =

1

𝑛 − 𝑘
(𝑦 − 𝑋�̂�)

𝑇
(𝑦 − 𝑋�̂�) (26) 

 

Using inference by simulation, it is more practical to determine the joint posterior 

distribution by drawing simulations of σ2 first, then β | σ2.  R is used to calculate �̂�  and 

𝑉𝛽 from the matrix X and vector y as per formulae 22 and 23.  The next step is to 

determine s2 with formula 26.  It is then possible to draw from the scaled inverse-χ2 

form of the marginal posterior distribution as described by formula 25.  R can now be 

directed to make a draw for 𝛽|𝜎2,y to be taken from a normal distribution with a mean 

of �̂� and variance of 𝑉𝛽 * σ2 as shown in formula 21.  

 

4.3 Level 2 

The RStan package then takes the current value of ϕ from step 1 and uses it to draw β 

conditional on ϕ.  The current values of β are then cycled back into step 1 to draw ϕ 

conditional on β and this procedure is repeated until convergence.  By creating a list 

containing the critical information about level 2 (e.g. length of dependent vector, values 

of variables, etc.), Java code can be called to perform the Hamiltonian sampling.  This 

Java code has a series of variable definitions, inference values and formulae.  The 

algorithms lying behind this call are beyond the scope of this report, but are detailed 

thoroughly in the Gelman et al. (2015) manual on probabilistic programming. 

 

4.3.1 Convergence of the Posterior Distribution 

Besag et al (1991) showed that 10000 iterations of which the first 1000 are discarded 

as burn-in is sufficient to achieve convergence of the posterior distribution in a Gibbs 

Sampler.  This applies for all but the most complex models.  They also chose only to 

store every 10th or 20th iteration in an attempt to smooth the values.  Raftery and Lewis 

(1992) also outlined how many iterations are required, but were able to show that 

reasonable accuracy may often be achieved with 5000 iterations or less.  They strongly 

suggest storing every iteration as opposed to only every 10th or 20th.  Raftery and Lewis 
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also present a method to determine the number of burn-in iterations to be discarded, 

however their proof is admittedly informal though intuitively plausible.  To ensure a 

sufficient amount of burn-in, the guidelines set forth by Besag et al (1991) were used.   

 

Iterating the Gibbs Sampling 5000 times resulted in convergence.  This results in 

5000 iterations with 1000 discarded for burn-in and the output for every iteration.  

Figure 4, created from data from this study, shows the importance of removing the 

first several iterations to prevent a skewing of the posterior distribution. 

 

 
Figure 4 β1 value cumulative average 
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5 Results 
 

All calculations were duplicated; once for the absolute value of the difference 

between the actual bid and the optimal bid, and once for the actual difference. 

 

5.1 Absolute Values 

Here, the dependent variable was set to the absolute value of the difference between the 

actual bid and the optimal bid.  

 

5.1.1 Linear Regression 

A standard multiple linear regression was performed as per section 3.4.1.  The results 

are summarized in the following table:  

 

 Estimate Std error Statistic P value VIF 

β0 25.5698 0.8148 31.3811 0.0000  

β1 -6.0255 1.1409 -5.2813 0.0000 9.6901 

β2 -6.0134 1.1314 -5.3151 0.0000 9.5475 

β3 -0.0178 0.0088 -2.0077 0.0447 5.9815 

β4 -0.1371 0.0104 -13.2129 0.0000 6.0331 

β5 0.0313 0.0124 2.5285 0.0115 5.9060 

β6 -0.0038 0.0123 -0.3137 0.7538 5.8819 

β7 0.0555 0.0147 3.7712 0.0002 2.9430 

β8 0.084 0.0146 5.7443 0.0000 3.0615 
 

All of the given variables were significant with the exception of β6 (Time), however it 

was decided to allow this variable to remain due to it being a critical aspect of both the 

model and hypothesis. 

 

The variance inflation factor (VIF) was checked to determine if the correlation between 

the variables was too large to allow for accurate modelling.  Although there is a high 

amount of multicollinearity, no terms were above 10 therefore the model was deemed 

acceptable. 

  

5.1.2 Linear Regression with AR terms 

A linear regression with AR 1 terms was performed as per section 3.4.2.  The results 

from the Gibbs sampler are summarized in the following table:  
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 5th Percentile Mean 95th Percentile 

φ 0.19107 0.61472 0.92483 

β0 -376.16656 16.16813 366.56342 

β1 -329.16375 19.42868 366.30332 

β2 -355.94348 5.65277 386.99027 

β3 -397.51156 -0.91679 337.09219 

β4 -374.08881 -11.04168 362.7549 

β5 -386.75379 12.05182 369.9509 

β6 -345.90283 14.88498 329.85709 

β7 -332.52924 -14.36546 395.63887 

β8 -395.45415 -30.56128 328.69469 

 
Given the observed data, there is a 90% probability that the true value of the mean falls 

between the 5th percentile and the 95th percentile.  For all of the above values for β, this 

interval includes 0, and therefore none of the variables are deemed to be likely to 

influence the model at a 90% credibility interval. 

The posterior distributions for ϕ and β can be plotted in histograms as follows: 
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5.1.3 MLM with AR terms 

The model is estimated by the multilevel sampler and the draws are recorded throughout 

the process.  The draws for ϕ and β are summarized in the following table: 

 

 5th Percentile Mean 95th Percentile 

φ 0.65741 0.70699 0.75216 

β0 -1.81168 -0.02855 1.8005 

β1 -1.79364 -0.00992 1.81409 

β2 -1.77832 7e-04 1.78204 

β3 -1.81102 -1e-05 1.797 

β4 -1.80759 0.00958 1.82401 

β5 -1.80289 0.00286 1.78251 

β6 -1.8064 0.0025 1.78757 

β7 -1.80966 -0.01285 1.80421 

β8 -1.7977 -0.01633 1.77946 

 

This table shows the 5% quantile, mean and 95% quantile for ϕ and all values of β.  

These results indicate that none of the posterior distributions are likely to affect the 

model with a 90% credibility interval.  All of the distributions include 0, therefore none 

of the explanatory variables are likely to affect the dependent variable. This is 

exemplified in the following graph of the posterior distribution of β0. 

 

 
Figure 5Distribution of the Intercept, Absolute Value 

 

The estimation results in the ϕ draws having an average of 0.705 with 90% of draws 

between 0.656 and 0.750.  This shows the amount of correlation between the error 

terms from one auction round to the previous one.  For instance, the average ϕ here of 

0.705 means that the error term of time t is expected to be 0.705 times the error term 

of time t-1.  The distribution can be seen in the following graph: 



 23 

 
Figure 6 Distribution of Phi, Absolute Value 

 

When the MLM is estimated by the Hamiltonian Sampler, it results in the following 

table: 

 

 5th Percentile Mean 95th Percentile 

σ2 0.16573 1.81541 6.10489 

σ2
u 0.16431 1.79006 6.04415 

γ0 -1.81168 -0.02855 1.8005 

γ1 -1.82375 -0.02084 1.79622 

γ2 -1.81612 0.01393 1.78667 

γ3 -1.81777 -0.01945 1.8256 

γ4 -1.80284 0.00268 1.80523 

γ5 -1.79273 -0.00139 1.80196 

γ6 -1.80599 0.01437 1.81799 

γ7 -1.79525 0.01023 1.79806 

γ8 -1.79547 0.01406 1.81551 

γ9 -1.81725 0.01911 1.78711 

 

This table shows the 5% quantile, mean and 95% quantile for the value of the intercept, 

each γ as well as σ2 (the variance for ait) and σ2u (the variance for uit).  Formulae 16 and 

17 show the origin of these values.  None of the second level variables are likely, at a 

90% credibility interval, to impact β0.  This means that our chosen second level 

variables do not explain the intercept of the first level.  This is to be expected as the 

first level variables were not likely to explain the dependent variable either. 

These results differ from the   The graphs of the posterior distributions are as follows: 
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 25 

  

 

5.2 Actual Values 

Here, the dependent variable is set to the actual value of the difference between the 

actual bid and the optimal bid. 

 

5.2.1 Linear Regression 

A standard multiple linear regression was performed as per section 3.4.1.  The results 

are summarized in the following table:  

 Estimate Std error Statistic P value VIF 

β0 28.1724 0.987 28.5445 0.0000  
β1 -4.9859 1.382 -3.6079 0.0003 9.6901 

β2 -3.6403 1.3704 -2.6563 0.0079 9.5475 

β3 -0.0056 0.0107 -0.5213 0.6022 5.9815 

β4 -0.2862 0.0126 -22.7673 0.0000 6.0331 
β5 0.0426 0.015 2.8433 0.0045 5.9060 

β6 0.0014 0.0149 0.0912 0.9273 5.8819 

β7 -0.0363 0.0178 -2.0352 0.0419 2.9430 

β8 -0.0791 0.0177 -4.4662 0.0000 3.0615 
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All of the given variables were significant with the exception of β3 (Signal) and β6 

(Time), however it was decided to allow these variables to remain due to their being 

critical aspects of both the model and hypothesis. 

 

The variance inflation factor (VIF) from 5.1.1 remains the same.  Although there is a 

high amount of multicollinearity, no terms were above 10 therefore the model was 

deemed acceptable. 

  

5.2.2 Linear Regression with AR terms 

A linear regression with AR 1 terms was performed as per section 3.4.2.  The results 

from the Gibbs sampler are summarized in the following table:  

 

 5th Percentile Mean 95th Percentile 

φ 0.20899 0.62624 0.921 

β0 -531.72721 30.38957 527.25738 

β1 -513.73305 -211.03008 470.02973 

β2 -527.59612 237.04895 467.24885 

β3 -579.54964 60.20246 472.08361 

β4 -477.53249 -159.26737 511.67077 

β5 -467.07494 -94.69256 508.467 

β6 -515.81723 122.27057 549.31039 

β7 -541.79348 105.56109 568.30558 

β8 -529.89455 232.26501 483.39107 

 

Given the observed data, there is a 90% probability that the true value of the mean falls 

between the 5th percentile and the 95th percentile.  For all of the above values for β, this 

interval includes 0, and therefore none of the variables are deemed to be likely to 

influence the model at a 90% credibility interval. 

 

The posterior distributions for ϕ and β can be plotted in histograms as follows: 
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5.2.3 MLM with AR terms 

The model is estimated by the multilevel sampler and the draws are recorded throughout 

the process.  The draws for ϕ and β are summarized in the following table: 

 

 5th Percentile Mean 95th Percentile 

φ 0.35059 0.41667 0.48571 

β0 -1.80812 0.0104 1.81299 

β1 -1.82707 -1e-05 1.79455 

β2 -1.81113 0.01784 1.81513 

β3 -1.81024 -0.00172 1.81811 

β4 -1.82894 -0.0378 1.82689 

β5 -1.78828 0.01045 1.80225 

β6 -1.79394 0.02068 1.80464 

β7 -1.81491 -0.00295 1.79064 

β8 -1.79216 -0.00309 1.80698 
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This table shows the 5% quantile, mean and 95% quantile for ϕ and all values of β.  As 

in section 5.1.1, none of the distributions are likely at a 90% credibility interval.  The 

first level variables do not explain the dependent variable.  This is exemplified in the 

following graph of the posterior distribution of β0. 

 
Figure 7 Distribution of the Intercept, Actual Value 

 

The iterations result in the ϕ draws having an average of 0.418 with 90% of draws 

between 0.352 and 0.484.  As in section 5.1.1, this distribution of ϕ shows the amount 

of correlation between the error terms of the auction rounds.  The underlying 

relationship is not as strong as when using the absolute value as the dependent 

variable, but is still likely within the 90% credibility interval.  The distribution can be 

seen in the following graph: 

 
Figure 8 Distribution of Phi, Actual Value 
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The output from the Hamiltonian sampling within RStan result in the following 

summarized table: 

 

 5th Percentile Mean 95th Percentile 

σ2 0.16573 1.81541 6.10489 

σ2
u 0.16431 1.79006 6.04415 

γ0 -1.80812 0.0104 1.81299 
 
 
 
 

γ1 -1.81281 0.00559 1.80876 

γ2 -1.7947 0.01133 1.81179 

γ3 -1.78995 0.00413 1.79815 

γ4 -1.80039 0.0139 1.81242 

γ5 -1.81308 0.00321 1.83544 

γ6 -1.78388 0.00954 1.81977 

γ7 -1.80751 0.01513 1.82815 

γ8 -1.81113 -0.01313 1.79253 

γ9 -1.8127 -0.01758 1.79325 

 

As in section 5.1, this table shows the 5% quantile, mean and 95% quantile for the value 

of the intercept, each γ as well as σ2 (the variance for ait) and σ2u (the variance for uit).  

None of the second level variables are likely to influence the intercept at a 90% 

credibility interval.  This means that our chosen second level variables do not explain 

the intercept of the first level.  This is to be expected as the first level variables were 

not likely to explain the dependent variable either.  The graphs of the posterior 

distributions are as follows: 
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6 Discussion  
Previous studies have shown that bidders in auctions with humans and computers can 

be unpredictable.  For instance, they can become more aggressive when bidding 

against humans than against computers.  This study questioned if there is a 

measurable amount of learning during this process and if so, what affects this learning 

rate. 

 

This experiment’s focus on learning rates and its utilization of a combination of IPV 

and CV bidder types as described in section 2.1 were unique to the field and have 

incrementally advanced the field of auction study research. 

 

The values differ between the linear model and the linear model with AR terms for a 

number of reasons, the most important of which is the difference between Bayesian 

and frequentist projections.  The frequentist linear regression gives the probability of 

the bounds assuming fixed parameter values.  The Bayesian linear model with AR 

gives the probability of the values of the parameters given fixed bounds.  The values 

of the MLM differ from those of the linear model with AR due to the difference in 

sampling methods.  Hamiltonian sampling uses as more proactive method to ensure 

acceptance of the proposed draw than the random walk of Gibbs sampling.  Though 

these values were slightly different, they both gave the same conclusion, that none of 

them were likely to affect the model given a 90% credibility interval.   

 

That neither the first nor second level variables were likely to affect the dependent 

variable shows that more research is needed to determine what factors influence the 

learning rates.  Creating a collection of variables that can be demonstrated to have an 

effect on learning rates would contribute significantly to the field of experimental 

auctions.  Having this known group of significant variables would allow future 

researchers to change one or more aspects of their auction and compare it to the 

baseline. 

 

It should be noted that the lack of significance may not depend solely on variable 

choice.  Confounding variables, high multicollinearity or even the decision to use an 

autoregression lag of 1 can play a role in obfuscating the true relationships between 

the variables.  Other possible contributing factors range from disinterested participants 

to errors in translation.  It is also conceivable that bidders were unable to learn due to 

these auction’s inherent complexity.  These are factors to be considered in the 

continuation of this research. 

 

There are other approaches to this study that may provide other results.  For instance, 

having the participants only compete in auctions of one auction type and then 

comparing the groups on the second level of the MLM could provide more clearly 

delineated learning rates.  Alternatively, conducting this same study in a region with 

significant differences between variables, such as educational gaps between the sexes, 

could give different results.   
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7 Conclusions 
The main objective of this thesis was to evaluate what variables, if any, affect a 

participant’s learning rate in a structured experimental auction setup.  The two 

dependent variables considered were the absolute value and the actual value of the 

difference between the participant’s bid and the optimal bid.  These show the distance 

from the optimal bid and the amount of overbidding and underbidding, respectively. 

 

Determining if the auction type had an effect on the learning rate would be useful in 

structuring future studies of this type.  While many studies have been conducted in this 

field, none have specifically focused on the learning rate as determined by the type 

(human or computer) and quantity of bidding opponents.  This study is a first step in 

that direction. 

 

A Bayesian multilevel model for time series was used as the primary model.  The data 

was pre-whitened and inputted into a Gibbs Sampler to draw a value for ϕ.  This was 

then used in a Hamiltonian Sampler (by way of RStan) to draw current values for all β.  

This process was repeated until convergence. 

 

This study examined the effects of auction type, signal, round, interaction effects 

between auction type and signal and interaction effects between auction type and round 

at the first level.  The effects of age, IQ, sex and the results of a short quiz were 

examined at the second level.  For the absolute value of the difference between the 

actual and optimal bids, none of the posterior distributions of first level variables were 

found to be likely to affect the model at a 90% credibility interval.  Due to this, none of 

the posterior distributions of second level variables were likely to affect the model 

either.  The same was found for the actual value of the difference between actual and 

optimal bids.  More research is needed to determine what variables affect the rate at 

which participants learn to optimize their bidding strategy to maximize revenues. 

 

As the architect of the nuclear age, Enrico Fermi, once said, “There are two possible 

outcomes: if the result confirms the hypothesis, then you’ve made a measurement.  If 

the result is contrary to the hypothesis, then you’ve made a discovery.”  In this case, a 

measurement has been made. 
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Appendix 

A. Explanatory Graphs 
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B. Survey 

 

QUESTIONNAIRE FOR PARTICIPANTS … Very negative Negative Neither positive Positive Very Positive

IN GROUP ... or negative

1. Winning money in an auction made me feel…

2. Losing money in an auction made me feel…

3. Not winning an auction made me feel…

4. Not winning an auction over a long period of time

    made me feel…

5. The possibility that other participants could make

     more money than I do made me feel…

6. The possibility that other participants could make

     less money than I do made me feel…

7. Winning money in an auction with only participants

    made me feel…

8. Losing money in an auction with only participants

    made me feel…

9. Not winning an auction with only participants

    made me feel…

10. Winning money in an auction with 2 other participants

       and 1 computer made me feel…

11. Losing money in an auction with 2 other participants

       and 1 computer made me feel…

12. Not winning an auction with 2 other participants

       and 1 computer made me feel…

13. Winning money in an auction with 1 other participant

       and 2 computers made me feel…

14. Losing money in an auction with 1 other participant

       and 2 computers made me feel…

15. Not winning an auction with 1 other participant

       and 2 computers made me feel…
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C. Table of Variables 

𝑌𝑡
∗ 𝑌𝑡 − 𝑏𝑡  or |𝑌𝑡 − 𝑏𝑡| 

𝑌𝑡  Bid at time t 

𝑏𝑡  Optimal bid 

𝑋1𝑡 Signal 

𝐷1𝑡 Dummy variable for auction type 2 

𝐷2𝑡 Dummy variable for auction type 3 

𝑇𝑡 Auction round 

Β0 to Β01 Intercept and slopes for level 1 
𝑊1𝑖 Age 

𝑊2𝑖 Sex 

𝑊3𝑖 IQ 

𝑊4𝑖 to 𝑊9𝑖 Quiz answers 

γ00 to γ09 Intercept and slopes for 𝛽0𝑖 
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D. Code 
install.packages("R.matlab") 

install.packages("XLConnect") 

install.packages("lmtest") 

install.packages("geoR") 

install.packages("RandomFields") 

install.packages("rstan", dependencies = TRUE) 

install.packages("ggplot2") 

install.packages("mvrnorm") 

install.packages("usdm") 

install.packages("pracma") 

install.packages("reshape") 

install.packages("broom") 

 

 

 

setwd("C:/Users/torda/Desktop/CUppsats") 

require(R.matlab) 

library(broom) 

path <- system.file("mat-files", package="R.matlab") 

require(XLConnect) 

require(lmtest) 

require(geoR) 

require(RandomFields) 

require(rstan) 

require(ggplot2) 

require(usdm) 

require(pracma) 

require(reshape) 

rstan_options(auto_write = TRUE) 

options(mc.cores = parallel::detectCores()) 

 

#create master list of all bidder info 

masterList<-list() 

#create list to store question matrices 

partList<-list() 

#create a list of the excel file paths to loop through 

excel.file.paths <- Sys.glob 

('C:/Users/torda/Desktop/CUppsats/Data/Answers/Group*/*A*.xlsx') 

#Create a list of .mat files to loop through   

mat.file.paths <- Sys.glob 

('C:/Users/torda/Desktop/CUppsats/Data/Group*/Resultat*/*C*.mat') 

 

 

 

 

#loop through list 

for(i in 1:length(excel.file.paths)){ 

  #get digits from path name 

  separatedTemp <- strsplit(excel.file.paths[i], "[^[:digit:]]") 

  #set digit to variable 

  x <- as.numeric(unlist(separatedTemp)) 

  #remove na's and duplicates 

  x <- unique(x[!is.na(x)]) 

   

  #pull out data from given name in list 

  tempTable<- data.frame(readWorksheetFromFile(excel.file.paths[i], 

                                               sheet = "Blad1",  

                                               region = "B6:J48", 

header = TRUE))   
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  #remove blank columns 

  tempTable<-tempTable[,-c(2,4,6,8)]  

  #remove blank rows 

  tempTable<-na.omit(tempTable) 

  #rename rows 

  rownames(tempTable) <- 1:nrow(tempTable) 

  for(j in 1:length(tempTable)){ 

    #create matrix for each of the 120 bids 

    tempTableParticipant.matrix<- do.call(rbind, replicate(120, 

t(as.matrix(tempTable[j])), simplify=FALSE)) 

    #rename rows to match other matrices 

    rownames(tempTableParticipant.matrix) <- 

1:nrow(tempTableParticipant.matrix) 

    #put the participant matrices into a list 

    partList[[j]]<-tempTableParticipant.matrix 

  }  

  #loop through the list 

  for(k in (i*5-4):(i*5)){   

    #get digits from path name 

    separatedTempMat <- strsplit(mat.file.paths[k], "[^[:digit:]]") 

    #set digit to variable 

    y <- as.numeric(unlist(separatedTempMat)) 

    #remove na's leaving group and participant 

    y <- y[!is.na(y)] 

    #read the file and import 

    tempMat <- readMat(file.path(mat.file.paths[k])) 

    #create matrices to bind together 

    tempMat1.matrix<-as.matrix(data.frame(tempMat[1])) 

    if (ncol(tempMat1.matrix) == 12){ 

      tempMat1.matrix<-tempMat1.matrix[,-c(12)] 

    }     

    #create auction type dummies and ystars then bind to matrix 

    tempMat1.matrix<-cbind(tempMat1.matrix, 

                           c(0), 

                           c(0), 

                           c(0), 

                           abs(tempMat1.matrix[,1]-

tempMat1.matrix[,4]), 

                           tempMat1.matrix[,1]-tempMat1.matrix[,4], 

                           c(1:nrow(tempMat1.matrix)) 

    ) 

 

    #only keep record of wins 

    tempMat1.matrix[,8] <- as.numeric(tempMat1.matrix[,8]==1) 

    #set dummies 

    tempMat1.matrix[,12] <- as.numeric(tempMat1.matrix[,10] == 5) 

    tempMat1.matrix[,13] <- as.numeric(tempMat1.matrix[,10] == 3) 

    tempMat1.matrix[,14] <- as.numeric(tempMat1.matrix[,10] == 2) 

    #remove unneeded columns 

    tempMat1.matrix<-tempMat1.matrix[,-c(3,9,10,11)] 

    #name columns 

    colnames(tempMat1.matrix)<-

c("bid","signal","optimal","value","price","revenue","win","type1","t

ype2","type3","yStar1","yStar2","round") 

     

    #commenting out these as they're not needed for this study 

    #tempMat2.matrix<-as.matrix(data.frame(tempMat[2])) 

    #tempMat4.matrix<-as.matrix(sapply(tempMat[4],c)) 

    #bind the matrices 

    tempMat.matrix<-cbind(tempMat1.matrix, 

                          #tempMat2.matrix, 
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                          #tempMat4.matrix, 

                          partList[[y[2]]]) 

    #name the matrices after group and bidder and put them into the 

master list 

    #now all 55 participants can be referenced by masterList[[x]] 

    masterList[[length(masterList)+1]] <- 

assign(paste("dataGroup",x,"Bidder",y[2],sep=""), tempMat.matrix) 

   

  } 

} 

 

#missing age 

masterList[10]<-NULL 

#missing IQ 

masterList[17]<-NULL 

#convert masterlist into one big ass matrix 

multiMasterAll<-data.frame() 

for (m in 1:length(masterList)){ 

  #save as temporary data frame 

  tempMultiMaster<-data.frame(masterList[[m]]) 

  #add bidder number 

  tempMultiMaster <- cbind(tempMultiMaster, 

                           bidder=c(m)) 

  #remove first row (lost for t-1) 

  tempMultiMaster<-tempMultiMaster[-c(1),] 

  multiMasterAll <- rbind(multiMasterAll, tempMultiMaster) 

} 

multiMasterAllm1<-data.frame() 

for (m in 1:length(masterList)){ 

  #save as temporary data frame 

  tempMultiMaster<-data.frame(masterList[[m]]) 

  #add bidder number 

  tempMultiMaster <- cbind(tempMultiMaster, 

                           bidder=c(m)) 

  #remove last row (lost for t-1) 

  tempMultiMaster<-tempMultiMaster[-c(nrow(tempMultiMaster)),] 

  multiMasterAllm1 <- rbind(multiMasterAllm1, tempMultiMaster) 

} 

multiMaster<-data.frame() 

for (m in 1:length(masterList)){ 

  tempMultiMaster<-multiMasterAll 

  #standardize variables 

  tempMultiMaster["signal"]<-scale(tempMultiMaster["signal"]) 

  tempMultiMaster["round"]<-scale(tempMultiMaster["round"]) 

  #create vectors for parameters 

  type2Signal<-tempMultiMaster["type2"]*tempMultiMaster["signal"] 

  colnames(type2Signal)<-c("type2Signal") 

  type3Signal<-tempMultiMaster["type3"]*tempMultiMaster["signal"] 

  colnames(type3Signal)<-c("type3Signal") 

  type2Round<-tempMultiMaster["type2"]*tempMultiMaster["round"] 

  colnames(type2Round)<-c("type2Round") 

  type3Round<-tempMultiMaster["type3"]*tempMultiMaster["round"] 

  colnames(type3Round)<-c("type3Round") 

  #add necessary columns 

  tempMultiMaster <- cbind(tempMultiMaster, 

                           type2Signal, 

                           type3Signal, 

                           type2Round, 

                           type3Round 

  ) 

  #rename rows 
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  rownames(tempMultiMaster) <- 1:nrow(tempMultiMaster) 

  multiMaster <- tempMultiMaster 

} 

multiMasterm1<-data.frame() 

for (m in 1:length(masterList)){ 

  tempMultiMaster<-multiMasterAllm1 

  #standardize variables 

  tempMultiMaster["signal"]<-scale(tempMultiMaster["signal"]) 

  tempMultiMaster["round"]<-scale(tempMultiMaster["round"]) 

  type2Signal<-tempMultiMaster["type2"]*tempMultiMaster["signal"] 

  colnames(type2Signal)<-c("type2Signal") 

  type3Signal<-tempMultiMaster["type3"]*tempMultiMaster["signal"] 

  colnames(type3Signal)<-c("type3Signal") 

  type2Round<-tempMultiMaster["type2"]*tempMultiMaster["round"] 

  colnames(type2Round)<-c("type2Round") 

  type3Round<-tempMultiMaster["type3"]*tempMultiMaster["round"] 

  colnames(type3Round)<-c("type3Round") 

  #add necessary columns 

  tempMultiMaster <- cbind(tempMultiMaster, 

                           type2Signal, 

                           type3Signal, 

                           type2Round, 

                           type3Round 

  ) 

  #rename rows 

  rownames(tempMultiMaster) <- 1:nrow(tempMultiMaster) 

  multiMasterm1 <- tempMultiMaster 

} 

 

#choose parameters 

parameters <- c("type2", 

                "type3", 

                "signal", 

                "type2Signal", 

                "type3Signal", 

                "round", 

               "type2Round", 

                "type3Round" 

               ) 

lvl2Parameters <- c("Age", 

                    "Gender", 

                    "IQ", 

                    1:6 

                ) 

 

#create terms 

Yit1 <- as.matrix(multiMaster$yStar1) 

Yit1m1 <- as.matrix(multiMasterm1$yStar1) 

Yit2 <- as.matrix(multiMaster$yStar2) 

Yit2m1 <- as.matrix(multiMasterm1$yStar2) 

#create X matrices 

Xit <- as.matrix(cbind(intercept=c(1), 

                       multiMaster[,parameters])) 

Xitm1 <- as.matrix(cbind(intercept=c(1), 

                         multiMasterm1[,parameters])) 

#level 2 variables 

temp.lvl2Xit<- 

data.frame(read.csv('C:/Users/torda/Desktop/CUppsats/Data/AGIQ.csv',s

ep=";"))   

#from quizzes 

temp.lvl2quiz<-multiMaster[seq(1,nrow(multiMaster),120),14:19] 
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lvl2Xit<-cbind(temp.lvl2Xit,temp.lvl2quiz) 

lvl2Xit <- as.matrix(lvl2Xit) 

colnames(lvl2Xit)<-lvl2Parameters 

for (i in 1:length(lvl2Parameters)){ 

  tempX_ij    <- as.numeric(lvl2Xit[,lvl2Parameters[i]]) 

  assign(paste("X_",i,"ij2", sep=""),tempX_ij) 

} 

 

## Load Stan file 

fileName <- "C:/Users/torda/Desktop/CUppsats/testes.stan" 

stan_code <- readChar(fileName, file.info(fileName)$size) 

 

 

#create lists for storing Betas and Phi 

listB1<-list() 

listB2<-list() 

listPhi1<-list() 

listPhi2<-list() 

listSigmau1<-list() 

listSigmau2<-list() 

listSigma1<-list() 

listSigma2<-list() 

listGamma1<-list() 

listGamma2<-list() 

 

#Start with initial Betas 

Beta1 <- solve(t(Xit)%*%Xit)%*%t(Xit)%*%Yit1 

Beta2 <- solve(t(Xit)%*%Xit)%*%t(Xit)%*%Yit2 

 

counter<-0 

 

 

data { 

   // Define variables in data 

   // Number of observations (an integer) 

   int<lower=0> Ni; 

   // Number of clusters (an integer) 

   int<lower=0> Nj; 

   // Cluster IDs 

   int<lower=1> cluster[Ni]; 

   // Continuous outcome 

   real Y_ij[Ni]; 

   // Continuous predictor 

    real X_1ij[Ni]; 

   real X_2ij[Ni]; 

  real X_3ij[Ni]; 

             real X_4ij[Ni]; 

   real X_5ij[Ni]; 

   real X_6ij[Ni]; 

  real X_7ij[Ni]; 

             real X_8ij[Ni]; 

 

 

 } 

 

 parameters { 

   // Define parameters to estimate 

   // Population intercept (a real number) 

   real beta_0; 

   // Random effects 

   real u_0j[Nj]; 
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   // Standard deviation of random effects 

   real<lower=0> sigma_u0; 

 

   // Population slope 

    real beta_1; 

    real beta_2; 

    real beta_3; 

    real beta_4; 

    real beta_5; 

    real beta_6; 

    real beta_7; 

    real beta_8; 

           // random slopes 

   real X_1ij2[Nj]; 

   real X_2ij2[Nj]; 

   real X_3ij2[Nj]; 

 

 

    // Varying Slopes 

    real beta_1j[Nj]; 

    real beta_2j[Nj]; 

    real beta_3j[Nj]; 

 

 

   // Population standard deviation 

   real<lower=0> sigma; 

 

 

 } 

 

 transformed parameters  { 

   // Varying intercepts 

   real beta_0j[Nj]; 

 

 

   // Individual mean 

   real mu[Ni]; 

 

   // Varying intercepts definition 

   for (j in 1:Nj) { 

     beta_0j[j] <- beta_0 + beta_1j[Nj] * X_1ij2[j] + beta_2j[Nj] * 

X_2ij2[j] + beta_3j[Nj] * X_3ij2[j]  + u_0j[j]; 

   } 

 

   // Individual mean 

   for (i in 1:Ni) { 

     mu[i] <- beta_0j[cluster[i]] + beta_1 * X_1ij[i] + beta_2 * 

X_2ij[i] + beta_3 * X_3ij[i] + beta_4 * X_4ij[i] + beta_5 * X_5ij[i] 

+ beta_6 * X_6ij[i] + beta_7 * X_7ij[i] + beta_8 * X_8ij[i]; 

   } 

 } 

 

 model { 

   // Prior part of Bayesian inference 

   // Flat prior for mu (no need to specify if non-informative) 

 

   // Random effects distribution 

   u_0j ~ normal(0, sigma_u0); 

 

   // Likelihood part of Bayesian inference 
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   // Outcome model N(mu, sigma^2) (use SD rather than Var) 

   for (i in 1:Ni) { 

     Y_ij[i] ~ normal(mu[i], sigma); 

   } 

} 

 

 

#counter is number of iterations 

while(counter < 5000){ 

  #save betas into lists 

  listB1[[length(listB1)+1]]<-Beta1 

  listB2[[length(listB2)+1]]<-Beta2 

  #reduce to ** terms 

  y2starit1 <- Yit1-Xit%*%Beta1 

  y2starit2 <- Yit2-Xit%*%Beta2 

  x2starit1 <- Yit1m1-Xitm1%*%Beta1 

  x2starit2 <- Yit2m1-Xitm1%*%Beta2 

  #draw phi 

  #set variables for formula 

  #set y 

  y1<-y2starit1 

  y2<-y2starit2 

  #set x 

  X1<-x2starit1 

  X2<-x2starit2 

  #number of parameters 

  k<-1 

  #number of individuals 

  n <- 53 

  beta.hat1 <- solve(t(X1)%*%X1) %*% t(X1) %*% y1 

  beta.hat2 <- solve(t(X2)%*%X2) %*% t(X2) %*% y2 

  sigma.hat1 <- as.numeric (sqrt ((t(y1-X1%*%beta.hat1) %*% (y1-

X1%*%beta.hat1))/(n-k))) 

  sigma.hat2 <- as.numeric (sqrt ((t(y2-X2%*%beta.hat2) %*% (y2-

X2%*%beta.hat2))/(n-k))) 

  V.beta1 <- solve(t(X1)%*%X1) 

  V.beta2 <- solve(t(X2)%*%X2) 

  sigma.sim1 <- sigma.hat1*sqrt((n-k)/rchisq(1,n-k)) 

  sigma.sim2 <- sigma.hat2*sqrt((n-k)/rchisq(1,n-k)) 

  phi1 <- rnorm (1, beta.hat1, V.beta1*sigma.sim1^2) 

  phi2 <- rnorm (1, beta.hat2, V.beta2*sigma.sim2^2) 

  listPhi1[[length(listPhi1)+1]]<-phi1 

  listPhi2[[length(listPhi2)+1]]<-phi2 

   

  #draw Betas 

  ## Cluster indicator 

  cluster  <- rep(1:53, each = 119) 

  ## 

  X1 <- phi1*Xitm1 

  X2 <- phi2*Xitm1 

  for (i in 1:length(parameters)){ 

    tempX_ij    <- as.numeric(X1[,parameters[i]]) 

    assign(paste("X_",i,"ij", sep=""),tempX_ij) 

  } 

  ## Outcome 

  Y_ij     <- multiMaster[,"yStar1"] 

  ## Combine 

  dat      <- list(Ni      = length(Y_ij), 

                   Nj      = length(unique(cluster)), 

                   cluster = cluster, 

                   Y_ij    = Y_ij, 
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                   X_1ij   = X_1ij, 

                   X_2ij   = X_2ij, 

                   X_3ij   = X_3ij, 

                   X_4ij   = X_4ij, 

                   X_5ij   = X_5ij, 

                   X_6ij   = X_6ij, 

                   X_7ij   = X_7ij, 

                   X_8ij   = X_8ij, 

                   X_1ij2   = X_1ij2, 

                   X_2ij2   = X_2ij2, 

                   X_3ij2   = X_3ij2, 

                   X_4ij2   = X_4ij2, 

                   X_5ij2   = X_5ij2, 

                   X_6ij2   = X_6ij2, 

                   X_7ij2   = X_7ij2, 

                   X_8ij2   = X_8ij2, 

                   X_9ij2   = X_9ij2 

  ) 

   

   

  fileName <- "C:/Users/torda/Desktop/CUppsats/auctions2.stan" 

  stan_code <- readChar(fileName, file.info(fileName)$size) 

   

  ## Run Stan 

  resStan1 <- stan(model_code = stan_code, data = dat, 

                   chains = 1, iter = 1, warmup = 0, thin = 1)   

 

  ## Outcome 

  Y_ij     <- multiMaster[,"yStar2"] 

  for (i in 1:length(parameters)){ 

    tempX_ij    <- as.numeric(X2[,parameters[i]]) 

    assign(paste("X_",i,"ij", sep=""),tempX_ij) 

  } 

  ## Combine 

  dat      <- list(Ni      = length(Y_ij), 

                   Nj      = length(unique(cluster)), 

                   cluster = cluster, 

                   Y_ij    = Y_ij, 

                   X_1ij   = X_1ij, 

                   X_2ij   = X_2ij, 

                   X_3ij   = X_3ij, 

                   X_4ij   = X_4ij, 

                   X_5ij   = X_5ij, 

                   X_6ij   = X_6ij, 

                   X_7ij   = X_7ij, 

                   X_8ij   = X_8ij, 

                   X_1ij2   = X_1ij2, 

                   X_2ij2   = X_2ij2, 

                   X_3ij2   = X_3ij2, 

                   X_4ij2   = X_4ij2, 

                   X_5ij2   = X_5ij2, 

                   X_6ij2   = X_6ij2, 

                   X_7ij2   = X_7ij2, 

                   X_8ij2   = X_8ij2, 

                   X_9ij2   = X_9ij2 

  ) 

  ## Run Stan 

  resStan2 <- stan(model_code = stan_code, data = dat, 

                   chains = 1, iter = 1, warmup = 0, thin = 1)   

   #save betas 

  Beta1<-as.matrix(get_posterior_mean(resStan1)[c(1,56:63)]) 
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  Beta2<-as.matrix(get_posterior_mean(resStan2)[c(1,56:63)]) 

  #create matrix from resStan 

  #teatl<-

cbind(1:length(get_posterior_mean(resStan1)),get_posterior_mean(resSt

an1)) 

  #pull out required values 

  e <- extract(resStan1, permuted = TRUE) # return a list of arrays 

  a<-

cbind(as.vector(get_posterior_mean(resStan1)[c(1019:1071)]),as.vector

(e$beta_1j),as.vector(e$beta_2j),as.vector(e$beta_3j),as.vector(e$bet

a_4j),as.vector(e$beta_5j),as.vector(e$beta_6j),as.vector(e$beta_7j),

as.vector(e$beta_8j)) 

  b<-cbind(as.vector(e$X_1ij2), 

as.vector(e$X_2ij2),as.vector(e$X_3ij2), 

as.vector(e$X_4ij2),as.vector(e$X_5ij2), 

as.vector(e$X_6ij2),as.vector(e$X_7ij2), 

as.vector(e$X_8ij2),as.vector(e$X_9ij2)) 

  a<-data.frame(a) 

  b<-data.frame(b) 

  fit <- sapply(1:length(a), function(x) 

coef(lm(a[,x]~b$X1+b$X2+b$X3+b$X4+b$X5+b$X6+b$X7+b$X8+b$X9))) 

  listGamma1[[length(listGamma1)+1]]<-fit  

  listSigmau1[[length(listSigmau1)+1]]<-e$sigma_u0 

  listSigma1[[length(listSigma1)+1]]<-

get_posterior_mean(resStan2)[c(1018)] 

  e <- extract(resStan2, permuted = TRUE) # return a list of arrays 

  a<-

cbind(as.vector(get_posterior_mean(resStan2)[c(1019:1071)]),as.vector

(e$beta_1j),as.vector(e$beta_2j),as.vector(e$beta_3j),as.vector(e$bet

a_4j),as.vector(e$beta_5j),as.vector(e$beta_6j),as.vector(e$beta_7j),

as.vector(e$beta_8j)) 

  b<-cbind(as.vector(e$X_1ij2), 

as.vector(e$X_2ij2),as.vector(e$X_3ij2), 

as.vector(e$X_4ij2),as.vector(e$X_5ij2), 

as.vector(e$X_6ij2),as.vector(e$X_7ij2), 

as.vector(e$X_8ij2),as.vector(e$X_9ij2)) 

  a<-data.frame(a) 

  b<-data.frame(b) 

  fit <- sapply(1:length(a), function(x) 

coef(lm(a[,x]~b$X1+b$X2+b$X3+b$X4+b$X5+b$X6+b$X7+b$X8+b$X9))) 

  listGamma2[[length(listGamma2)+1]]<-fit  

  listSigmau2[[length(listSigmau2)+1]]<-e$sigma_u0 

  listSigma2[[length(listSigma2)+1]]<-

get_posterior_mean(resStan2)[c(1018)] 

  #increase counter and print it so i can see what iteration it's on 

   

  counter<-counter+1 

  print(counter) 

} 

 

listGamma1 

 

#create values from lists to make graphs from  

graphPhi1<-1 

graphPhi2<-1 

#Phis 

cumulativePhi1 <- 1 

cumulativePhi2 <- 1 

#sigma 

graphSigma1<-1 

graphSigma2<-1 
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cumulativeSigma1 <- 1 

cumulativeSigma2 <- 1 

graphSigmau1<-1 

graphSigmau2<-1 

cumulativeSigmau1 <- 1 

cumulativeSigmau2 <- 1 

#betas 

graphBeta1<-matrix(data=NA,nrow=counter,ncol=length(listB1[[1]])) 

graphBeta2<-matrix(data=NA,nrow=counter,ncol=length(listB1[[1]])) 

cumulativeBeta1<-

matrix(data=NA,nrow=counter,ncol=length(listB1[[1]])) 

cumulativeBeta2<-

matrix(data=NA,nrow=counter,ncol=length(listB1[[1]])) 

#loop through lists and assign to appropriate matrix 

for (i in 1:counter){ 

  graphPhi1[i]<-listPhi1[[i]] 

  graphPhi2[i]<-listPhi2[[i]] 

  cumulativePhi1[i] <- mean(graphPhi1[1:i]) 

  cumulativePhi2[i] <- mean(graphPhi2[1:i]) 

  graphSigma1[i]<-listSigma1[[i]] 

  graphSigma2[i]<-listSigma2[[i]] 

  cumulativeSigma1[i] <- mean(graphSigma1[1:i]) 

  cumulativeSigma2[i] <- mean(graphSigma2[1:i]) 

  graphSigmau1[i]<-listSigmau1[[i]] 

  graphSigmau2[i]<-listSigmau2[[i]] 

  cumulativeSigmau1[i] <- mean(graphSigmau1[1:i]) 

  cumulativeSigmau2[i] <- mean(graphSigmau2[1:i]) 

  for (j in 1:length(listB1[[1]])){ 

    graphBeta1[i,j]<-listB1[[i]][j] 

    graphBeta2[i,j]<-listB2[[i]][j] 

    cumulativeBeta1[i,j] <- mean(graphBeta1[1:i,j]) 

    cumulativeBeta2[i,j] <- mean(graphBeta2[1:i,j]) 

  } 

} 

 

 

#graphG1<-matrix(data=NA,nrow=counter*10,ncol=9) 

#graphG2<-matrix(data=NA,nrow=counter*10,ncol=9) 

#cumulativeG1<-matrix(data=NA,nrow=counter*10,ncol=9) 

#cumulativeG2<-matrix(data=NA,nrow=counter*10,ncol=9) 

 

#omgListGamma1<-do.call(rbind,listGamma1) 

#colnames(omgListGamma1)<-

c("b0","b1","b2","b3","b4","b5","b6","b7","b8") 

 

#for (i in 1:10){ 

#  for (j in 1:9){ 

#    (apply(paste("graph1g",i,"b",j,sep="",1))) 

#    (apply(paste("cum1g",i,"b",j,sep="",1))) 

#   (apply(paste("graph2g",i,"b",j,sep="",1))) 

#    (apply(paste("cum2g",i,"b",j,sep="",1))) 

#  } 

#} 

list.index1gb<-list() 

list.index2gb<-list() 

#list.index1cgb<-list() 

#list.index2cgb<-list() 

v.1gb<-1 

v.2gb<-1 

tabbz1<-data.frame(matrix(NA,nrow=counter,ncol=1)) 

tabbz2<-data.frame(matrix(NA,nrow=counter,ncol=1)) 
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#v.1cgb<-1 

#v.2cgb<-1 

for (j in 1:10){ 

  for (k in 1:9){ 

   t.1gb<-paste("graph1g",j-1,"b",k-1,sep="") 

   t.2gb<-paste("graph2g",j-1,"b",k-1,sep="") 

   #t.1cgb<-paste("cum1g",j-1,"b",k-1,sep="") 

   #t.2cgb<-paste("cum2g",j-1,"b",k-1,sep="") 

   list.index1gb[[length(list.index1gb)+1]]<-t.1gb 

   list.index2gb[[length(list.index2gb)+1]]<-t.2gb 

   #list.index1cgb[[length(list.index1cgb)+1]]<-t.1cgb 

   #list.index2cgb[[length(list.index2cgb)+1]]<-t.2cgb 

   for (i in 1:counter){ 

   v.1gb[i]<-listGamma1[[i]][j,k] 

   v.2gb[i]<-listGamma2[[i]][j,k] 

   #v.1cgb[i]<-mean(listGamma1[[1:i]][j,k]) 

   #v.2cgb[i]<-mean(listGamma2[[1:i]][j,k])   

    } 

   assign(t.1gb,v.1gb) 

   assign(t.2gb,v.2gb) 

   #assign(t.1cgb,v.1cgb)  

   #assign(t.2cgb,v.2cgb) 

   tabbz1 <- cbind(tabbz1,data.frame(v.1gb)) 

   tabbz2 <- cbind(tabbz2,data.frame(v.2gb)) 

  } 

} 

tabbz1<-tabbz1[,-c(1)] 

tabbz2<-tabbz2[,-c(1)] 

 

 

#save the pictures elsewhere, just in case 

setwd("C:/Users/torda/Desktop/CUppsats/Linear") 

#make a graph for phi and create jpg file from it 

mypath <- file.path("1DistPhi1a.jpg") 

jpeg(file=mypath) 

#lose the first 1000 for burn-in 

d <- data.frame(graphPhi1[1001:5000]) 

colnames(d)<-c("Sample") 

ggplot(d, aes(x=Sample)) + 

  geom_histogram( binwidth = 0.005) + 

  theme_bw() + 

  ggtitle("Distribution of Phi")+ 

  xlab("")+ 

  ylab("Count\n(4000 draws)")+ 

  theme(axis.line = element_line(colour = "black"), 

        panel.grid.major = element_line(colour = "gray"), 

        panel.grid.minor = element_blank(), 

        panel.border = element_blank(), 

        panel.background = element_blank(), 

        axis.title.y = element_text(angle=0) 

  ) 

dev.off() 

 

 

i<-1 

#################### 

#creates empty jpgs when looped, so highlight this 

#and run (beta) times 

##################### 

mypath <- file.path(paste("1DistBeta1-", (i-1), ".jpg", sep = "")) 

jpeg(file=mypath) 
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d <- data.frame(graphBeta1[1001:5000,i]) 

colnames(d)<-c("Sample") 

ttl<-paste("Distribution of Beta ",i-1, sep="") 

ggplot(d, aes(x=Sample)) + 

  geom_histogram( binwidth = 2) + 

  scale_fill_continuous(guide=guide_legend(title="Count"))+ 

  theme_bw() + 

  ggtitle(ttl)+ 

  xlab("")+ 

  ylab("Count\n(4000 draws)")+ 

  theme(axis.line = element_line(colour = "black"), 

        panel.grid.major = element_line(colour = "gray"), 

        panel.grid.minor = element_blank(), 

        panel.border = element_blank(), 

        panel.background = element_blank(), 

        axis.title.y = element_text(angle=0) 

  ) 

dev.off() 

i<-i+1 

################################### 

 

mypath <- file.path("2DistPhi2.jpg") 

jpeg(file=mypath) 

d <- data.frame(graphPhi2[1001:5000]) 

colnames(d)<-c("Sample") 

ggplot(d, aes(x=Sample)) + 

  geom_histogram( binwidth = 0.005) + 

  theme_bw() + 

  ggtitle("Distribution of Phi")+ 

  xlab("")+ 

  ylab("Count\n(4000 draws)")+ 

  theme(axis.line = element_line(colour = "black"), 

        panel.grid.major = element_line(colour = "gray"), 

        panel.grid.minor = element_blank(), 

        panel.border = element_blank(), 

        panel.background = element_blank(), 

        axis.title.y = element_text(angle=0) 

  ) 

dev.off() 

 

 

 

i<-1 

#################### 

#creates empty jpgs when looped, so highlight this 

#and run (beta) times 

##################### 

mypath <- file.path(paste("2DistBeta2-", (i-1), ".jpg", sep = "")) 

jpeg(file=mypath) 

d <- data.frame(graphBeta2[1001:5000,i]) 

colnames(d)<-c("Sample") 

ttl<-paste("Distribution of Beta ",i-1, sep="") 

ggplot(d, aes(x=Sample)) + 

  geom_histogram( binwidth = 1) + 

  theme_bw() + 

  ggtitle(ttl)+ 

  xlab("")+ 

  ylab("Count\n(4000 draws)")+ 

  theme(axis.line = element_line(colour = "black"), 

        panel.grid.major = element_line(colour = "gray"), 

        panel.grid.minor = element_blank(), 
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        panel.border = element_blank(), 

        panel.background = element_blank(), 

        axis.title.y = element_text(angle=0) 

  ) 

dev.off() 

i<-i+1 

################################### 

#function to create tables of results 

distros<-function(x){ 

  tabellz<-matrix(data=NA,nrow=3,ncol=length(x)) 

  for (i in 1:length(x)){ 

    cols<-as.numeric(x[,i]) 

    ordcols<-sort(cols) 

    #.05 quantile 

    tabellz[1,i]<-quantile(ordcols, c(.05)) 

    #mean 

    tabellz[2,i]<-mean(ordcols) 

    #.95 quantile 

    tabellz[3,i]<-quantile(ordcols, c(.95)) 

  } 

   

  return(tabellz) 

} 

 

################################### 

#function to create tables of results 

distros<-function(x){ 

  tabellz<-matrix(data=NA,nrow=3,ncol=length(x)) 

  for (i in 1:length(x)){ 

    cols<-as.numeric(x[,i]) 

    ordcols<-sort(cols) 

    #.05 quantile 

    tabellz[1,i]<-quantile(ordcols, c(.05)) 

    #mean 

    tabellz[2,i]<-mean(ordcols) 

    #.95 quantile 

    tabellz[3,i]<-quantile(ordcols, c(.95)) 

  } 

   

  return(tabellz) 

} 

 

 

#what to put into function 

dall1 <- 

cbind(data.frame(graphPhi1[1001:5000]),data.frame(graphBeta1[1001:500

0,1:9])) 

dall2 <- 

cbind(data.frame(graphPhi2[1001:5000]),data.frame(graphBeta2[1001:500

0,1:9])) 

#put in function 

a<-distros(dall1) 

b<-distros(dall2) 

#round for tables 

a<-round(a, digits=5) 

b<-round(b, digits=5) 

#print to txt files 

write.table(t(a), "a.txt", sep="\t") 

write.table(t(b), "b.txt", sep="\t") 

#what to put into function 
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dall1 <- 

cbind(graphSigma1[1001:5000],graphSigmau1[1001:5000],tabbz1[1001:5000

,]) 

dall2 <- 

cbind(graphSigma2[1001:5000],graphSigmau1[1001:5000],tabbz2[1001:5000

,]) 

#put in function 

a<-distros(dall1) 

b<-distros(dall2) 

#round for tables 

a<-round(a, digits=5) 

b<-round(b, digits=5) 

#print to txt files 

write.table(t(a), "a.txt", sep="\t") 

write.table(t(b), "b.txt", sep="\t") 

 

graphs<-data.frame() 

for (m in 1:length(masterList)){ 

  #save as temporary data frame 

  tempGraphs<-data.frame(masterList[[m]]) 

  #add bidder number 

  tempGraphs <- cbind(tempGraphs, 

                      bidder=c(m)) 

  graphs <- rbind(graphs, tempGraphs) 

} 

row.names(graphs)<-1:nrow(graphs) 

regGraphs<-

lm(graphs[,c("yStar2")]~graphs[,c("type2")]+graphs[,c("type3")]+graph

s[,c("type2")]*graphs[,c("round")]+graphs[,c("type3")]*graphs[,c("rou

nd")]+graphs[,c("type2")]*graphs[,c("signal")]+graphs[,c("type3")]*gr

aphs[,c("signal")]+graphs[,c("signal")]+graphs[,c("round")]) 

summary(regGraphs) 

vif<-

vif(data.frame(graphs[,c("type2")],graphs[,c("type3")],graphs[,c("typ

e2")]*graphs[,c("round")],graphs[,c("type3")]*graphs[,c("round")],gra

phs[,c("type2")]*graphs[,c("signal")],graphs[,c("type3")]*graphs[,c("

signal")],graphs[,c("signal")],graphs[,c("round")])) 

tidy_lmfit <- tidy(regGraphs) 

tidy_lmfit<-round(tidy_lmfit[,2:5], digits=4) 

write.table(tidy_lmfit, "a.txt", sep="\t") 

tidy_vif<-tidy(vif) 

write.table(tidy_vif, "a.txt", sep="\t") 

#explanatory graphs 

graphs[,c(11,12)]<-round(graphs[,c(11,12)]) 

graphsMelted<-graphs[,c(11,12,8,9,10,13,2)] 

type<-as.numeric(1) 

graphsMelted<-cbind(graphsMelted,type) 

for (i in 1:nrow(graphsMelted)){ 

  if (graphsMelted[i,3] == 1){ 

    graphsMelted[i,8]<-1  

  } 

  if (graphsMelted[i,4] == 1){ 

    graphsMelted[i,8]<-2  

  } 

  if (graphsMelted[i,5] == 1){ 

    graphsMelted[i,8]<-3  

  }} 

 

meanGraphsMelted<-

aggregate(graphsMelted[,1:2],list(graphsMelted$round),mean) 

colnames(meanGraphsMelted)<-c("round","yStar1","yStar2") 
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meanGraphsMeltedTypes<-aggregate(cbind(yStar1, yStar2)~round+type, 

data=graphsMelted, mean, na.rm=TRUE) 

meanGraphsMeltedTypes[,2]<-as.factor(meanGraphsMeltedTypes[,2]) 

graphsMelted[,8]<-as.factor(graphsMelted[,8]) 

 

lot1<-ggplot(meanGraphsMelted, aes(x=round,y=yStar1)) + 

  geom_line()+ 

  labs(x="Round", y="Absolute Value")+ 

  ggtitle("Absolute value by Round") 

 

lot2<-ggplot(meanGraphsMelted, aes(x=round,y=yStar2)) + 

  geom_line()+ 

  labs(x="Round", y="Actual Value")+ 

  ggtitle("Actual value by Round") 

 

lottype1<-ggplot(meanGraphsMeltedTypes, 

aes(x=round,y=yStar1,group=type, color=type)) + 

  geom_line(size=1)+ 

  labs(x="Round", y="Absolute Value")+ 

  ggtitle("Absolute value by Round and Type") 

 

lottype2<-ggplot(meanGraphsMeltedTypes, 

aes(x=round,y=yStar2,group=type, color=type)) + 

  geom_line(size=1)+ 

  labs(x="Round", y="Actual Value")+ 

  ggtitle("Actual value by Round and Type") 

 

 

sig1<-ggplot(graphsMelted, aes(x=signal,y=yStar1)) + 

  geom_line()+ 

  labs(x="Signal", y="Absolute Value")+ 

  ggtitle("Absolute value by Signal") 

 

sig2<-ggplot(graphsMelted, aes(x=signal,y=yStar2)) + 

  geom_line()+ 

  labs(x="Signal", y="Actual Value")+ 

  ggtitle("Actual value by Signal") 

 

sigtype1<-ggplot(graphsMelted, aes(x=signal,y=yStar1,group=type, 

color=type)) + 

  geom_line(size=1)+ 

  labs(x="Signal", y="Absolute Value")+ 

  ggtitle("Absolute value by Signal and Type") 

 

sigtype2<-ggplot(graphsMelted, aes(x=signal,y=yStar2,group=type, 

color=type)) + 

  geom_line(size=1)+ 

  labs(x="Signal", y="Actual Value")+ 

  ggtitle("Actual value by Signal and Type") 

 

###learning curve 

x <- seq(-6, 6, length.out = 101) 

y1 <- sigmoid(x) 

y2 <- sigmoid(x, a = 0) + .5 

y1y2<-data.frame(cbind(y1,y2,x)) 

colnames(y1y2)<-c("Actual","Optimal","x") 

y1y2<-melt(y1y2,id="x") 

colnames(y1y2)<-c("x","Performance","value") 

ggplot(data=y1y2, aes(x=x, y=value, color=Performance))+ 

  geom_line(size=1)+ 

  labs(x="Experience", y="Learning") 
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#create lists for storing Betas and Phi 

listB1<-list() 

listB2<-list() 

listPhi1<-list() 

listPhi2<-list() 

 

#Start with initial Betas 

Beta1 <- solve(t(Xit)%*%Xit)%*%t(Xit)%*%Yit1 

Beta2 <- solve(t(Xit)%*%Xit)%*%t(Xit)%*%Yit2 

 

counter<-0 

#counter is number of iterations 

while(counter < 5000){ 

  #save betas into lists 

  listB1[[length(listB1)+1]]<-Beta1 

  listB2[[length(listB2)+1]]<-Beta2 

  #reduce to ** terms 

  y2starit1 <- Yit1-Xit%*%Beta1 

  y2starit2 <- Yit2-Xit%*%Beta2 

  x2starit1 <- Yit1m1-Xitm1%*%Beta1 

  x2starit2 <- Yit2m1-Xitm1%*%Beta2 

  #draw phi 

  #set variables for formula 

  #set y 

  y1<-y2starit1 

  y2<-y2starit2 

  #set x 

  X1<-x2starit1 

  X2<-x2starit2 

  #number of parameters 

  k<-1 

  #number of individuals 

  n <- 53 

  beta.hat1 <- solve(t(X1)%*%X1) %*% t(X1) %*% y1 

  beta.hat2 <- solve(t(X2)%*%X2) %*% t(X2) %*% y2 

  sigma.hat1 <- as.numeric (sqrt ((t(y1-X1%*%beta.hat1) %*% (y1-

X1%*%beta.hat1))/(n-k))) 

  sigma.hat2 <- as.numeric (sqrt ((t(y2-X2%*%beta.hat2) %*% (y2-

X2%*%beta.hat2))/(n-k))) 

  V.beta1 <- solve(t(X1)%*%X1) 

  V.beta2 <- solve(t(X2)%*%X2) 

  sigma.sim1 <- sigma.hat1*sqrt((n-k)/rchisq(1,n-k)) 

  sigma.sim2 <- sigma.hat2*sqrt((n-k)/rchisq(1,n-k)) 

  phi1 <- rnorm (1, beta.hat1, V.beta1*sigma.sim1^2) 

  phi2 <- rnorm (1, beta.hat2, V.beta2*sigma.sim2^2) 

  listPhi1[[length(listPhi1)+1]]<-phi1 

  listPhi2[[length(listPhi2)+1]]<-phi2 

   

   

  y2starit1<-Yit1-Yit1m1%*%phi1 

  y2starit2<-Yit2-Yit2m1%*%phi2 

  x2starit1 <-Xit-Xitm1*phi1 

  x2starit2<-Xit-Xitm1*phi2  

  y1<-y2starit1 

  y2<-y2starit2 

  #set x 

  X1<-x2starit1 

  X2<-x2starit2 

  #number of parameters 
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  k<-ncol(Xit) 

  #number of individuals 

  n <- 53 

  beta.hat1 <- solve(t(X1)%*%X1) %*% t(X1) %*% y1 

  beta.hat2 <- solve(t(X2)%*%X2) %*% t(X2) %*% y2 

  sigma.hat1 <- as.numeric (sqrt ((t(y1-X1%*%beta.hat1) %*% (y1-

X1%*%beta.hat1))/(n-k))) 

  sigma.hat2 <- as.numeric (sqrt ((t(y2-X2%*%beta.hat2) %*% (y2-

X2%*%beta.hat2))/(n-k))) 

  V.beta1 <- solve(t(X1)%*%X1) 

  V.beta2 <- solve(t(X2)%*%X2) 

  sigma.sim1 <- sigma.hat1*sqrt((n-k)/rchisq(1,n-k)) 

  sigma.sim2 <- sigma.hat2*sqrt((n-k)/rchisq(1,n-k)) 

  Beta1<- matrix(NA, nrow = nrow(beta.hat1)) 

  Beta2<- matrix(NA, nrow = nrow(beta.hat2)) 

  for (i in 1:nrow(beta.hat1)){ 

    Beta1[i,] <- rnorm (1, beta.hat1[i,], V.beta1*sigma.sim1^2) 

    Beta2[i,] <- rnorm (1, beta.hat2[i,], V.beta2*sigma.sim2^2) 

  } 

   

  counter<-counter+1 

  counter 

} 

 

 

 

#create values from lists to make graphs from  

graphPhi1<-1 

graphPhi2<-1 

#Phis 

cumulativePhi1 <- 1 

cumulativePhi2 <- 1 

#betas 

graphBeta1<-matrix(data=NA,nrow=counter,ncol=length(listB1[[1]])) 

graphBeta2<-matrix(data=NA,nrow=counter,ncol=length(listB1[[1]])) 

cumulativeBeta1<-

matrix(data=NA,nrow=counter,ncol=length(listB1[[1]])) 

cumulativeBeta2<-

matrix(data=NA,nrow=counter,ncol=length(listB1[[1]])) 

#loop through lists and assign to appropriate matrix 

for (i in 1:counter){ 

  graphPhi1[i]<-listPhi1[[i]] 

  graphPhi2[i]<-listPhi2[[i]] 

  cumulativePhi1[i] <- mean(graphPhi1[1:i]) 

  cumulativePhi2[i] <- mean(graphPhi2[1:i]) 

  for (j in 1:length(listB1[[1]])){ 

    graphBeta1[i,j]<-listB1[[i]][j] 

    graphBeta2[i,j]<-listB2[[i]][j] 

    cumulativeBeta1[i,j] <- mean(graphBeta1[1:i,j]) 

    cumulativeBeta2[i,j] <- mean(graphBeta2[1:i,j]) 

  } 

} 

#save the pictures elsewhere, just in case 

setwd("C:/Users/torda/Desktop/CUppsats/Linear/Linear") 

 

 

#make a graph for phi and create jpg file from it 

mypath <- file.path("1DistPhi1a.jpg") 

jpeg(file=mypath) 

#lose the first 1000 for burn-in 

d <- data.frame(graphPhi1[1001:5000]) 



 58 

colnames(d)<-c("Sample") 

ggplot(d, aes(x=Sample)) + 

  geom_histogram( binwidth = 0.005) + 

  theme_bw() + 

  ggtitle("Distribution of Phi")+ 

  xlab("")+ 

  ylab("Count\n(4000 draws)")+ 

  theme(axis.line = element_line(colour = "black"), 

        panel.grid.major = element_line(colour = "gray"), 

        panel.grid.minor = element_blank(), 

        panel.border = element_blank(), 

        panel.background = element_blank(), 

        axis.title.y = element_text(angle=0) 

  ) 

dev.off() 

 

 

i<-1 

#################### 

#creates empty jpgs when looped, so highlight this 

#and run (beta) times 

##################### 

mypath <- file.path(paste("1DistBeta2-", (i-1), ".jpg", sep = "")) 

jpeg(file=mypath) 

d <- data.frame(graphBeta2[1001:5000,i]) 

colnames(d)<-c("Sample") 

ttl<-paste("Distribution of Beta ",i-1, sep="") 

ggplot(d, aes(x=Sample)) + 

  geom_histogram( binwidth = .03) + 

  scale_fill_continuous(guide=guide_legend(title="Count"))+ 

  theme_bw() + 

  ggtitle(ttl)+ 

  xlab("")+ 

  ylab("Count\n(4000 draws)")+ 

  theme(axis.line = element_line(colour = "black"), 

        panel.grid.major = element_line(colour = "gray"), 

        panel.grid.minor = element_blank(), 

        panel.border = element_blank(), 

        panel.background = element_blank(), 

        axis.title.y = element_text(angle=0) 

  ) 

dev.off() 

i<-i+1 

################################### 

 

mypath <- file.path("2DistPhi2.jpg") 

jpeg(file=mypath) 

d <- data.frame(graphPhi2[1001:5000]) 

colnames(d)<-c("Sample") 

ggplot(d, aes(x=Sample)) + 

  geom_histogram( binwidth = 0.005) + 

  theme_bw() + 

  ggtitle("Distribution of Phi")+ 

  xlab("")+ 

  ylab("Count\n(4000 draws)")+ 

  theme(axis.line = element_line(colour = "black"), 

        panel.grid.major = element_line(colour = "gray"), 

        panel.grid.minor = element_blank(), 

        panel.border = element_blank(), 

        panel.background = element_blank(), 

        axis.title.y = element_text(angle=0) 
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  ) 

dev.off() 

 

 

 

i<-1 

#################### 

#creates empty jpgs when looped, so highlight this 

#and run (beta) times 

##################### 

mypath <- file.path(paste("2DistBeta2-", (i-1), ".jpg", sep = "")) 

jpeg(file=mypath) 

d <- data.frame(graphBeta2[1001:5000,i]) 

colnames(d)<-c("Sample") 

ttl<-paste("Distribution of Beta ",i-1, sep="") 

ggplot(d, aes(x=Sample)) + 

  geom_histogram( binwidth = 1) + 

  theme_bw() + 

  ggtitle(ttl)+ 

  xlab("")+ 

  ylab("Count\n(4000 draws)")+ 

  coord_cartesian(xlim = c(-100, 100))+ 

  theme(axis.line = element_line(colour = "black"), 

        panel.grid.major = element_line(colour = "gray"), 

        panel.grid.minor = element_blank(), 

        panel.border = element_blank(), 

        panel.background = element_blank(), 

        axis.title.y = element_text(angle=0) 

  ) 

dev.off() 

i<-i+1 

################################### 

#function to create tables of results 

distros<-function(x){ 

  tabellz<-matrix(data=NA,nrow=3,ncol=length(x)) 

  for (i in 1:length(x)){ 

    cols<-as.numeric(x[,i]) 

    ordcols<-sort(cols) 

    #.05 quantile 

    tabellz[1,i]<-quantile(ordcols, c(.05)) 

    #mean 

    tabellz[2,i]<-mean(ordcols) 

    #.95 quantile 

    tabellz[3,i]<-quantile(ordcols, c(.95)) 

  } 

   

  return(tabellz) 

} 

x<-dall1 

 

dall1 <- 

cbind(data.frame(graphPhi1[1001:5000]),data.frame(graphBeta1[1001:500

0,1:9])) 

dall2 <- 

cbind(data.frame(graphPhi2[1001:5000]),data.frame(graphBeta2[1001:500

0,1:9])) 

#put in function 

a<-distros(dall1) 

b<-distros(dall2) 

#round for tables 

a<-round(a, digits=5) 
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b<-round(b, digits=5) 

#print to txt files 

write.table(t(a), "a.txt", sep="\t") 

write.table(t(b), "b.txt", sep="\t") 

dall1 <- 

cbind(data.frame(graphBeta1[1001:5000]),data.frame(graphBeta1[1001:50

00,1:9])) 

dall2 <- 

cbind(data.frame(graphBeta2[1001:5000]),data.frame(graphBeta2[1001:50

00,1:9])) 

#put in function 

a<-distros(dall1) 

b<-distros(dall2) 

#round for tables 

a<-round(a, digits=5) 

b<-round(b, digits=5) 

#print to txt files 

write.table(t(a), "a.txt", sep="\t") 

write.table(t(b), "b.txt", sep="\t") 

gammaVect1<-matrix(NA,nrow=5000,ncol=10) 

for (i in 1:length(listGamma1)){ 

  for (j in 2:10){ 

    gammaVect1[i,j]<-listGamma1[[i]][j,1] 

  } 

} 

gammaVectFin1<-gammaVect1[-c(1:1000),-c(1)] 

gammaVect2<-matrix(NA,nrow=5000,ncol=10) 

for (i in 1:length(listGamma2)){ 

  for (j in 2:10){ 

    gammaVect2[i,j]<-listGamma2[[i]][j,1] 

  } 

} 

gammaVectFin2<-gammaVect2[-c(1:1000),-c(1)] 

 


