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ABSTRACT

To understand the cognitive effects of alpha-synuclein polymorphism, we employed a drift diffusion
model (DDM) to analyze reward- and punishment-guided probabilistic learning task data of participants
with the rare alpha-synuclein gene duplication and age- and education-matched controls. Overall, the
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DDM analysis showed that, relative to controls, asymptomatic alpha-synuclein gene duplication carriers

had significantly increased learning from negative feedback, while they tended to show impaired learn-
ing from positive feedback. No significant differences were found in response caution, response bias, or
motor/encoding time. We here discuss the implications of these computational findings to the under-
standing of the neural mechanism of alpha-synuclein gene duplication.

Introduction

The protein alpha-synuclein is the main component of
Lewy-bodies, which are histological markers of neurodegen-
eration in Parkinson’s disease (Goedert, Spillantini, Del
Tredici, & Braak, 2013). The rare duplications and triplica-
tions of the alpha-synuclein gene have repeatedly been
shown to confer vulnerability to developing Parkinson’s dis-
ease (Ahn et al., 2008; Elia et al., 2013; Ibanez et al., 2004;
Nishioka et al., 2006), while large genome wide association
studies have documented that common single nucleotide
polymorphisms of alpha-synuclein are associated with risk of
developing sporadic Parkinson’s disease (Venda, Cragg,
Buchman, & Wade-Martins, 2010). Higher expression of
alpha-synuclein has been associated with more severe pheno-
types of familial Parkinson’s disease (see Eriksen,
Przedborski, & Petrucelli, 2005). On the other hand, one
study has found that the levels of alpha-synuclein in the
cerebrospinal fluid were inversely correlated with the severity
of motor abnormalities in patients with sporadic Parkinson’s
disease, as measured using the Hohn and Yahr scale
(Tokuda et al., 2006).

Several lines of evidence have suggested that alpha-
synuclein could regulate dopaminergic neurotransmission at
multiple stages (reviewed in Venda et al., 2010), so alpha-
synuclein duplications can be expected to influence learning
from reward and punishment (Schultz, 2013). Analyzing
optimal choices in a probabilistic classification task revealed
the selective impairment of learning from reward in
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asymptomatic alpha-synuclein gene duplication carriers,
whereas learning from punishment was intact (Keri,
Moustafa, Myers, Benedek, & Gluck, 2010). In the current
study, we are applying drift diffusion models (DDM) to the
dataset of the above study. Before introducing DDM, we will
overview the scarce literature on human neurocognition in
relation to the genetic regulation of alpha-synuclein.

Examining the same participants with alpha-synuclein
gene duplication, another study reported normal delay dis-
counting and caudate volume at asymptomatic stage
(Szamosi, Nagy, & Keri, 2013). Delay discounting is consid-
ered to be an indicator of impulsive decision making, and is
measured with a task where participants choose between
smaller, immediate, and larger, delayed rewards. At a later
follow-up assessment, by the time all carriers have been
diagnosed with Parkinson’s disease, reduced caudate volumes
and elevated delay discounting were found in the carriers. In
two hundred healthy participants, Keri et al. (2008) exam-
ined haplotypes of the alpha-synuclein polymorphism that
are known either to increase or decrease the risk of
Parkinson’s disease (Mueller et al., 2005). Participants with
risk haplotypes were impaired in learning from rewarding
feedback in a sequenced learning task, relative to participants
with protective haplotypes. Additionally, no significant dif-
ferences emerged between these two groups in terms of
executive functions or sensory-motor skill learning.

To understand the cognitive effects of alpha-synuclein
polymorphism, here we employed DDM to analyze the
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behavioral data of participants with alpha-synuclein gene
duplication and controls. DDM are class of models that ana-
lyze the relationship among accuracy and reaction times
(Ratcliff & McKoon, 2008). DDM assume that decisions
involve the gradual accumulation of noisy evidence until a
criterial amount is reached. In the model, the decision pro-
cess starts between two boundaries that correspond to the
response options. Over time, noisy evidence from a stimulus
is sampled and accumulated until the process reaches a
boundary, signaling the commitment to that response. The
time taken to reach the boundary corresponds to the deci-
sion time, and the overall response time is given the decision
time plus residual non-decision time. This model has been
successfully used in the past to explain decision making
(Krajbich, Lu, Camerer, & Rangel, 2012; Petrov, Van Horn,
& Ratcliff, 2011; White, Ratcliff, Vasey, & McKoon, 2010) as
well as learning data (Moustafa, Keri, et al., 2015). As com-
pared to the analysis of plain hit rates or reaction times,
DDM provides valuable additional information: it simultan-
eously considers accuracy and response speed, thus allows
separate examination of factors determining performance,
such as speed-accuracy thresholds, response bias, and learn-
ing rate (Ratcliff, Smith, Brown, & McKoon, 2016).

We have used DDM in the past to disentangle learning
performance in patients with schizophrenia (Moustafa, Keri,
et al., 2015). In the current study, we are applying DDM to
neurogenetics and learning data (Keri et al., 2010). We focus
on understanding the effects of the alpha-synuclein gene
duplication on the computational mechanisms of reward and
punishment learning.

Methods
Participants

We recruited seven Caucasian participants, who were siblings
of three patients with Parkinson’s disease with alpha-synu-
clein gene duplication. The siblings were asymptomatic car-
riers of alpha-synuclein gene duplication at the time of
behavioral assessment. During a subsequent follow-up period,
all carriers developed Parkinson’s disease and a marked cog-
nitive decline, as revealed by the Mini-Mental State
Examination (Folstein, Folstein, & McHugh, 1975) [baseline:
30.0 (SD=0), follow-up: 22.4 (SD=2.1)]. The comparison
group included 10 healthy volunteers without alpha-synuclein
gene duplication. There was no familial relatedness among
controls. The carriers and the controls were matched for age,
gender, education, IQ, and Hollingshead’s socioeconomic sta-
tus (Table 1). All participants were screened with the
Structured Clinical Interview for DSM-IV Axis I Disorders,
Clinician Version (First, Gibbon, Spitzer, & Williams, 1996)

Table 1. Demographic characteristics of the control and asymp-
totic alpha-synuclein gene duplication carrier participants.

Asymptotic carriers Controls
Age (years) 47.7 (8.6) 456 (8.2)
Males/females 5/2 7/3
Education (years) 13.0 (3.5) 12.2 (3.6)
1Q 107.6 (14.2) 109.3 (11.2)
Socioeconomic status 37.6 (5.3) 36.7 (5.6)

and underwent a detailed neurological examination including
routine head MRI and [123I]B-CIT SPECT. These assess-
ments revealed no psychiatric disorders, neurological signs
and symptoms, neuropsychological deficits, and dopamine
transporter abnormalities in the participants at the time of
behavioral testing. All participants gave written informed con-
sent, and the study was approved by the local ethics board.
The present study is a reanalysis of behavioral data previously
published (Keri et al., 2010). As the previous publication did
not involve analysis of reaction times, here we present the
simultaneous analysis of reaction times and accuracy
using DDM.

Task

Participants performed a reward- and punishment-guided
probabilistic learning task (Keri et al, 2010; Moustafa,
Gluck, Herzallah, & Myers, 2015; Moustafa, Sheynin, &
Myers, 2015; Myers et al., 2016). Briefly, they were instructed
that they could win or lose imaginary quarter dollars by
deciding whether abstract images belong to category A or B.
Some images belonged to category A with 80% probability
and to category B with 20% probability, while others
belonged to category B with 80% probability and to category
A with 20% probability. On reward-learning trials, partici-
pants received 25 points for correct decisions, whereas incor-
rect guesses were not followed by any feedback. On
punishment-learning trials, incorrect decisions resulted in
the loss of 25 points, whereas correct guesses received no
feedback. Reward and punishment trials were intermixed so
that no-feedback trials were potentially ambiguous.

Statistical analysis

In the DDM, non-decision time (Ter) accounts for the dur-
ation of processes outside the decision itself, namely encod-
ing of the stimulus and execution of the motor response. In
addition to the non-decision time component, DDM has
three primary components that affect decisions. The distance
between the two boundaries (a-0), gives indices of response
caution or speed/accuracy settings. A wide boundary separ-
ation means that more evidence needs to be sampled to
reach a boundary, so responses will be slower. But, at the
same time, the decision process is less likely to reach the
wrong boundary due to noisy evidence, so responses are
simultaneously more accurate. Thus, boundary separation
indicates how much evidence is required before committing
to the response and provides a measure of the speed/accur-
acy tradeoff. The starting point of evidence accumulation
(2), indicates a response bias for one option over the other.
If the starting point is closer to one boundary, less evidence
is required to reach that decision than the alternative. Thus
if the starting point is closer to boundary A, responses for
Option A will be more probable and faster than for Option
B. Finally, the drift rate (v) gives an index of the direction
and strength of the stimulus evidence driving the accumula-
tion process. Positive values of drift rate indicate evidence
for Option A and negative values indicate evidence for



Option B. Further, a large absolute value of drift rate indi-
cates very strong evidence for that option, which will result
in fast responses and a high probability of choosing that
option. The drift rate is tied to the task at hand, in this case
it would indicate how well the participant has learned to
correctly classify the stimuli after learning the reward and
punishment contingencies.

A DDM was fitted to each participant’s behavioral data
using the X? method (Ratcliff & Tuerlinckx, 2002). The 0.1,
0.3, 0.5, 0.7, and 0.9 quantiles of the reaction time distribu-
tion were calculated for both correct and error responses to
represent the shape of the distributions. These quantiles
were entered into the fitting routine along with the choice
probabilities. Then the fitting routine uses a simplex algo-
rithm (Nelder & Mead, 1965) to adjust the parameter values
and find the ones that provide the closest match to the
observed data (by minimizing the X value). This process
allows for the estimation of the different decision compo-
nents in the DDM.

Results

The results of the DDM parameter comparisons are listed
below. First, we ensured that the model fit the behavioral
data well. Figure 1 shows the observed data plotted alongside
the predicted data from the best fitting DDM parameters.
The strong correspondence shows the model captured the
data well.

Comparisons of the DDM parameters involved
Wilcoxon-Mann-Whitney’s tests between carriers and con-
trols, with Monte-Carlo approximation for 100,000 random
samples (Figure 2). Statistical analyses were performed with
R (R Core Team, 2016, version 3.3.1), using the coin package
(Zeileis, Wiel, Hornik, & Hothorn, 2008).

There were no differences between controls and carriers
for comparison of motor/encoding duration (nondecision
time; Z=-0.68, p=.53), response caution (boundary separ-
ation; Z=1.17, p=.26), or response bias (starting point;
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Z=0.10, p=.96). Learning was assessed by comparing the
drift rate discriminability measure, which was calculated as
the difference in drift rates for left and right response stim-
uli. In Figure 2, higher discriminability values indicate better
learning of the stimulus-response pairing, and negative val-
ues indicate reversed learning where the incorrect response
is given more often than the correct response. Controls
tended to show stronger discriminability than carriers for
reward trials (Z=1.95 p=.0548) and vyet significantly
poorer discriminability for punishment trials (Z=-2.63,
p=.007).

In addition, to compare learning from punishment and
reward within both groups, we performed Wilcoxon’s
signed-rank tests with Monte-Carlo approximation for
100,000 random samples. Carriers demonstrated significantly
better learning from punishment, as compared to learning
from reward (Z=2.37, p=.016), while no significant differ-
ence was found between learning from punishment vs.
reward in controls (Z=-0.15, p =.922).

Discussion

Overall, the DDM analysis showed that asymptomatic alpha-
synuclein gene duplication carriers significantly differed
from controls in learning from negative feedback, while they
demonstrated marginally impaired learning from positive
feedback. Carriers demonstrated significantly better learning
from negative feedback, relative to learning from positive
feedback, while no such difference was found among con-
trols. Going beyond our previous study (Keri et al., 2010),
here we described the altered computations underlying
the reinforcement learning deficits of asymptomatic alpha-
synuclein gene duplication carriers. Intriguingly, DDM have
presented evidence for elevated processing of punishment in
carriers, and tended to confirm the formerly reported reward
learning impairment.

No significant differences were found in response caution,
response bias, or motor/encoding time. Although the lack of
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Figure 1. Observed vs. predicted data from the drift diffusion model (DDM). Error bars reflect 95% confidence intervals. Carriers refer to alpha synuclein gene dupli-

cation carriers.
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significant differences should be interpreted with caution
given the low sample size, we attempt to link these null find-
ings to the related literature. First, in contrast to the previ-
ously reported association of alpha-synuclein levels in the
cerebrospinal fluid and motor symptoms in patients with
Parkinson’s (Tokuda et al, 2006), alpha-synuclein gene
duplication did not impact motor/encoding time. This is
possibly related to minor or often non-existent motor dys-
function in individuals with alpha-synuclein gene duplica-
tions or triplications. Future work should apply DDM
analysis to learning and decision making data from
Parkinson’s disease patients.

Additionally, no significant increase in impulsive decision
making has previously been documented in the carriers at
the asymptomatic stage (Szamosi et al, 2013). DDM sug-
gested no significant differences in response caution, as com-
pared to controls, which might parallel the former findings

of normal delay discounting. Furthermore, in line with the
present results, healthy carriers of the alpha-synuclein risk
haplotype were deficient in learning from positive feedback,
while they did not differ significantly from protective haplo-
type carriers in terms of executive functions and rudimen-
tary sensory-motor skills (Keri et al., 2008). Along the same
lines, we found no significant difference between carriers
and controls in motor and encoding duration. Finally, the
present results remarkably differ from those obtained in our
prior DDM study in schizophrenia (Moustafa, Keri, et al.,
2015). Relative to controls, patients with schizophrenia had
prolonged motor/encoding time, responded more cautiously,
and demonstrated deficient learning from punishment. In
alpha-synuclein gene duplication carriers, the drift rate
parameters showed an interesting pattern related to learning
from feedback: compared to controls, carriers tended to
show poorer learning for reward trials, that bordered on



reverse learning (i.e. learned the incorrect response rather
than the correct one), yet significantly stronger learning for
punishment trials. Additionally, carriers learned better from
negative feedback, as compared to learning from positive
feedback. This pattern is similar to what previously has
been reported for unmedicated patients with idiopathic
Parkinson’s disease (Bddi et al., 2009), suggesting that bias
towards learning from negative feedback might be a general
feature that characterizes both asymptomatic alpha-synuclein
duplication carriers and unmedicated patients with
Parkinson’s disease.

Curiously, the present findings somewhat contrast with
the selective reward learning deficit previously reported
solely on the basis of accuracy data (Keri et al., 2010). The
discrepancy might be due to the fact that DDM simultan-
eously takes accuracy and reaction time into account, and
disentangles various factors influencing behavior, thereby
increases statistical power for factors of interest (Ratcliff
et al., 2016). Although no significant differences were found
in terms of motor/encoding duration, response caution, or
response bias between carriers and controls, controlling for
their effect nevertheless revealed a significant deficit of learn-
ing from punishments in carriers. We see the application of
a sophisticated analytical technique to behavioral data as a
remarkable strength of the present study, as it provided
novel clues about the mechanisms underlying cognitive def-
icit in alpha-synuclein gene duplication carriers. On the
other hand, the low sample size is an important limitation,
which might appear more acceptable in light of the rarity of
alpha-synuclein gene duplication.

Alpha-synuclein gene duplication can cause disturbances
in dopaminergic neurotransmission (Venda et al, 2010),
which might be reflected in altered learning from reward
and punishment. Beyond rare risk mutations and multiplica-
tions (Eriksen et al, 2005), common polymorphisms of
alpha-synuclein are also associated with risk of sporadic
Parkinson’s disease (Venda et al., 2010). However, little is
known about the influence of these polymorphisms on
reward and punishment learning (Keri et al., 2008). Future
research should investigate whether the altered pattern of
learning from reward and punishment can be considered a
behavioral indicator of genetic risk for sporadic Parkinson’s
disease.
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