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Abstract

The Drift Diffusion Model (DDM) describes the process of fast and binary human decision making as
evidence accumulation over time until a threshold is reached. Although the DDM can describe a wide
variety of human behaviours, there is still a lack of neural evidence for the mechanism that the model
describes. The fruit fly Drosophila melanogaster might provide a solution as experimental tools
available for this species would allow to causally manipulate the neural substrates of decision making.
The first step in this approach is to verify whether the DDM can adequately describe decision making
in D. melanogaster. Therefore, a courtship choice experiment was designed to generate D.
melanogaster decision making data to which the DDM was applied, in order to assess whether the
DDM would account for the data. The experiment consisted of two conditions: in the easy condition, a
male fly had to decide whether to court a male or virgin female, whereas in the difficult condition, the
male had to choose between a mated and virgin female. Since the DDM expects that evidence
accumulates faster in easy than in difficult decisions, the male flies were hypothesized to respond fast
and with high accuracy in the easy condition, and to respond slower and with low accuracy in the
difficult condition. As hypothesized, males responded with higher accuracy in the easy than the
difficult condition. Contrary to the hypothesis, responses were slower in the easy than in the difficult
condition. Fitting the DDM to D. melanogaster data shows that the DDM might be able to D.
melanogaster data. Thus, future research might further assess whether D. melanogaster is a suitable
model organism to study the DDM and eventually investigate the neural mechanisms of decision
making in D. melanogaster to test DDM predictions at the neural level.
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Introduction

Decision making: the big picture and open questions

A decision can be defined as a choice between multiple options. Currently, much research on decision
making focuses on which brain areas are involved in this process, which neural circuits play a role,
and how neural activity is related to the act of choosing (Glimcher and Fehr 2014). While these
particular aspects of decision making have been studied by various disciplines, little is known on how
they are connected (Sanfey 2007). In other words, the exact mechanisms underlying decision making
have not yet been defined (Doya and Shadlen 2012). Studying these mechanisms would not only
improve knowledge of a fundamental human capacity, but might also provide new insights in mental
disorders that come along with a dysfunction in decision making (Goschke 2014).

Computational models to study the mechanisms of decision making

Decision making is currently studied by various disciplines, such as economics, psychology,
neurosciences, and mathematics. However, the area of cognitive modelling is particularly concerned
with the mechanisms of choice. In general, there are three main types of cognitive models: verbal-
conceptual, mathematical, and computational models (Sun 2012). With verbal-conceptual models,
scientists describe a cognitive process or relations with concepts and words, whereas with
mathematical models formulae and equations are used to present a relationship between parts of a
cognitive process. With computational models, scientists create algorithmic simulations which
simulate the steps of a cognitive process as they theoretically occur in the human brain (Ashby and
Helie 2011). In the past few decades, the field of computational modelling has received increasing
attention, in part due to two major advantages: firstly, cognitive models generate a clear theory and
falsifiable hypotheses on how people actually behave (Glimcher and Fehr 2014), and secondly, these
detailed hypotheses can be tested with behavioural experiments (Ashby and Helie 2011). However,
one major problem with computational modelling is the difficulty in determining the validity of a
model (Sun 2012). That is, are the processes that the computational model assumes really occurring in
the human brain? Matching the predictions of a computational model with human behaviour only
generates evidence on the outcome of the process, but does not directly test the process itself. Thus,
neural evidence is required to verify whether the mechanisms that a computational model describes
occur in the human brain. However, detailed neural evidence in humans is difficult to obtain, as most
human experimental methods necessarily rely on non-invasive techniques, such as
electroencephalography (EEG) and functional magnetic resonance imaging (fMRI).

The Drift Diffusion Model
As with many cognitive models, there is ample behavioural evidence but little neural evidence for
Ratcliff’s influential Drift Diffusion Model (DDM) for fast and binary decision making (Ratcliff and
McKoon 2008). The DDM describes human decision making as the accumulation of evidence over
time until a threshold is reached (Ratcliff et al. 2016) (Figure 1). In the past few decades, the model
has been applied to various kinds of human decision behaviour, such as lexical decisions and
categorization tasks (Ratcliff et al. 2016). Specifically, the DDM describes behavioural data from fast
and binary decisions which are summarized in the so-called response time (RT) distributions. That is,
every decision generates two measures, response time (RT) and accuracy. RT is how fast the subject
made a decision, and accuracy is whether the subject choose the correct option. The RT and accuracy
can be summarized in a RT distribution, which displays the proportion of decisions made at a specific
RT for correct or incorrect choices. How well the DDM fits the data depends on the similarity between
the DDM predicted RT distribution and the observed RT distribution based on behavioural data. Note
that after Ratcliff first proposed the DDM (1978), various mathematical and computational variants of
the DDM have been developed (Ratcliff and Childers 2015).

The DDM includes four main parameters which determine the predicted RT distribution (Figure
1). First of all, the speed of evidence accumulation, called the ‘drift rate’, depends on the quality of
information from sensory stimuli or memories. Secondly, the height of the thresholds indicates the
amount of information that is necessary to make a decision. The height of the thresholds may for
instance vary due to mental states, such as stress or cautiousness (Ratcliff and McKoon 2008). With
cautiousness, the thresholds move upwards and hence more information is required before a decision
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is made, whereas stress is associated with lowered thresholds so decisions are made with less
information. Thirdly, in case there is a bias for one of the response options, the starting point from
which evidence is accumulated will shift towards the corresponding threshold, so less information is
necessary to reach that boundary. Fourth, there are processes that do not belong to decision making
itself, such as processing information and executing a response, which are all included in the ‘non-
decision time’ parameter.
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Figure 1. Nlustration of the drift diffusion model. During decision making, evidence accumulates over time (drift rate ‘v’)
from the starting point ‘z’ until one of the two decision boundaries (‘a’ or ‘0’) is reached and a response is executed
(Ratcliff and McKoon 2008).

Although the model successfully describes behavioural data, there is a lack of neural evidence for
the DDM in humans (Smith and Ratcliff 2004; vanVugt et al. 2012). This poses the question of
whether the mechanisms that the DDM describes actually occurs in the human brain. Besides
providing knowledge on a basic human trait, the relevance of finding neural evidence for the DDM is
that the model is increasingly used in clinical settings. The model is currently used to determine which
aspect of the decision making process is different in clinical populations (White et al. 2010). For
instance, the DDM has been used to specify how decision making is impaired in people with
schizophrenia (Moustafa et al. 2015) and in children with an attention deficit hyperactivity disorder
(ADHD) (Fosco et al. 2017; Huang-Pollock et al. 2017; Pirrone et al. 2017). Thus, while there is no
definite answer on whether the model is valid, the DDM is used in clinical settings more often.

Drosophila melanogaster as a possible solution

Due to the difficulty in finding neural evidence for the DDM in humans, a possible solution might be
to focus on a different model organism in which the DDM predictions can be tested at a neural level.
One potential model organism is the fruit fly Drosophila melanogaster. Experimental tools available
in this species can be used to map the neural mechanisms of decision making in great detail (St
Johnston 2002; Venken et al. 2016). Importantly, techniques such as optogenetics can easily be
deployed to causally test the DDM predictions at single neuron level (Simpson and Looger 2018). In
addition, the information on which D. melanogaster bases its decision is well-known, and the neural
pathways by which this information is processed are well-identified (Depetris-Chauvin et al. 2015).
Thus, it is possible study D. melanogaster decision making by changing sensory information and
manipulating the neural processing pathways. Although it may seem inadequate to use D.
melanogaster to test a computational model designed for humans because humans and flies are not
much alike in external appearances, there are numerous similarities between humans and D.
melanogaster. For instance, nearly 75% of the human disease-causing genes have a homologue in
Drosophila melanogaster (Pandey and Nichols 2011). In addition, D. melanogaster has frequently
been used to study human diseases like Alzheimer’s disease (Moloney et al. 2010), schizophrenia
(Shao et al. 2011), and ADHD (Kim et al. 2017). Since Drosophila melanogaster has been used to
study various human diseases and their underlying mechanisms, it might be a suitable model organism
to study decision making as well.
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The first step in this model organism approach is to test whether the DDM can describe decision
making data in D. melanogaster. By performing a model fit, the similarity between the DDM predicted
and observed RT distributions is assessed. In addition, behavioural manipulations should lead to
changes in estimates of the corresponding DDM parameter. For instance, when difficulty is
manipulated in an experiment, this should only lead to changes in the drift rate estimates and should
not affect the threshold and non-decision time parameters. In case the DDM cannot account for D.
melanogaster data, it may seem unlikely that the model assumptions underlie decision making in D.
melanogaster. However, if the model would fit D. melanogaster data, the second step would be to
determine the neural mechanisms of decision making in D. melanogaster and test whether these are in
line with the DDM predictions.

It must be noted that DasGupta Ferreira, and Miesenbock (2014) already applied a simple DDM
to D. melanogaster decision making data. They found that RTs and accuracy changed in line with the
psychometric function predicted by the DDM. From an odour discrimination task, the RT and
accuracy for each fly were used to compute the population average RT and accuracy, and secondly, a
data transformation was applied to these averages to generate a single drift rate estimate and a single
threshold estimate. Although the article suggests that the RT and accuracy population averages are in
line with the DDM, the distribution of observed RTs was not compared to the model-predicted RT
distribution to assess whether the DDM could describe the data. Furthermore, although the experiment
included a manipulation of difficulty which could be used to assess whether the drift rate estimates
would change accordingly, there were no drift rate estimates given for the easy, intermediate, and hard
condition separately. Hence, it could not be assessed whether the observed behaviour changed in
accordance with the DDM predictions due to the difficulty manipulation. If the behaviour was in line
with the DDM, only the drift rate estimates would change due to the difficulty manipulation, and the
threshold and non-decision time estimates would have remained constant. In addition, one problem
with the odour discrimination task is that the behaviour which indicates a decision (walking) is the
same as the preceding and following behaviour. Hence, it is difficult to determine exactly when the fly
made a decision. Thus, while this study suggests that D. melanogaster data is in line with the DDM,
there is no definite answer yet on whether the DDM can account for these data. Therefore, the aim of
this thesis is to test whether the DDM can describe decision making in D. melanogaster.

A courtship experiment to test Drosophila melanogaster decision making

In order to generate D. melanogaster data to which the DDM can be applied, a courtship experiment
was designed. There were three main reasons to focus on courtship behaviour for this experiment.
Firstly, courtship behaviour is typically initiated fast, which is important for testing a model on rapid
decision making. Secondly, because courtship behaviour consists of a stable pattern of distinctive
actions, it is possible to label one action as the ‘decision moment’. Courtship behaviour can be divided
into six steps (Figure 2) where the male orients towards the female, taps the female with its forelegs,
performs the courtship song by vibrating its wings, licks the female’s genitals with its proboscis, bows
its abdomen in an attempt for copulation, and copulation results (Billeter et al. 2006). In this
experiment, the courtship song in which the male extends and vibrates his wings is taken as the prime
indication that the male fly has made the decision to court the female. This is both because wing
extension is an easily observable behaviour, and because the male’s decision to court a fly is based on
volatile and non-volatile cues which were gathered during the two steps preceding the courtship song.
The third reason was that courtship behaviour in the male is based on well-identified olfactory and
gustatory cues. Thus, the pathways by which these cues are processed are already known, and hence it
is possible to precisely manipulate the neural pathways of information processing. Notably, to ensure
that the male’s decision is not based on social cues but entirely on olfactory and gustatory information,
the heads and legs of the presented stimuli flies were cut off.

Manipulating the drift rate

In the courtship experiment, the male fly has to choose which of the two presented flies it wants to
court. In this experiment, the drift rate model parameter was manipulated. The drift rate, the speed of
evidence accumulation which depends on the quality of information, is altered by creating an easy and
difficult condition. It is hypothesised that in the easy condition, there is clear evidence and thus a fast
drift rate, which lead to small RTs and high accuracy. On the contrary, information in the difficult
condition is hypothesized to be more ambiguous, leading to a slower drift rate, higher RTs and lower



Decisions on the Fly | Franciska de Beer | 8

accuracy. In the easy condition, the stimuli consist of a virgin male and a virgin female. This condition
is ‘easy’ as it is relatively simple for the male to distinguish between a male and virgin female due to a
clear difference in pheromones. The male fly produces higher levels of (Z)-7-tricosene (7-T), whereas
the virgin female generates the pheromones (7Z,11Z)-heptacosadiene (7,11-HD) and (7Z,11Z)-
nonacosadiene (7,11-ND) (Billeter et al. 2009). In the difficult condition, a mated female with a
mating plug and a virgin female are presented. Namely, during copulation, the mated female receives a
mating plug which consists of sperm from the male, but also pheromones that render the female
unattractive to other males. This strategy is called chemical mate-guarding, in which the pheromonal
profile of the female is manipulated to prevent the female from polyandry, and hence increases the
male’s changes to produce offspring (Laturney and Billeter 2016). Thus, the virgin and mated female
mainly differ due to the anti-aphrodisiac pheromones cis-Vaccenyl Acetate (cVA) and 7-T, which are
transferred into the female by the male during copulation (Laturney and Billeter 2016). All other
model parameters, such as the starting point, non-decision time and thresholds are hypothesized to

remain constant across conditions.
a Orienting b Tapping ¢ 'Singing’ //\\

il

Female fly

d Licking e Attempting copulation f Copulation

tapping, c. wing extension and vibration, d. licking, e. attempting copulation, f. copulation (Sokolowski 2001).

Model fitting

The courtship experiment in which the male chooses between two flies generates two measures,
response time (RT) and accuracy. RT is the time between the male entering the arena and wing
extension. Accuracy depends on whether the male initiated courtship towards the virgin female
(correct) or towards the male or mated female (incorrect). In both conditions, the correct choice for the
male is to court the virgin female, because the male would have a higher chance to produce offspring
with the virgin female if the stimuli flies were still alive. These measures will generate the RT
distributions that can be fitted to the DDM in order to test whether the DDM can describe decision
making in D. melanogaster. Specifically, two diffusion models will be used to fit D. melanogaster
data: the EZ-diffusion model (Wagenmakers et al. 2007), and the hierarchical drift diffusion model
(HDDM; Wiecki et al. 2013). The EZ model is a mathematical model which transforms the data to
obtain estimates of the drift rate, threshold height, and non-decision time. The HDDM is a
computational model which can produce estimates of the drift rate, threshold, non-decision time,
starting point, and variance in drift rate, starting point, and non-decision time. One main advantage of
the HDDM is that it has greater flexibility than the EZ model, because the HDDM can be tailored to
include a selection of or all these parameters. Thus, various HDDM models (including different
parameters) can be applied to the data to assess which particular model best describes the data.
However, the HDDM does require larger sample sizes, while the EZ can provide parameter estimates
with a small amount of observations. Therefore, both models were applied to D. melanogaster data.
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Methods

Fly lines and rearing

In the experiment, wild-type D. melanogaster Canton-S flies were used. The flies were maintained in
bottles containing 50 ml standard diet at 25°C on a 12 h light-dark cycle (light on at 9 a.m.). The fly
food contained molasses (30 g/L), agar (10 g/L), sucrose (15 g/L), glucose (30 g/L), cornmeal (15
g/L), wheat germ (10 g/L), soy flour (10 g/L), yeast (35 g/L), propionic acid (5 ml/L), tegosept (10
ml/L). Virgin flies were collected within 2-3 hours after eclosion, housed with 20 flies per vial, and
transferred to new vials after 3-4 days. The flies were used for experiments at 5-7 days after eclosion.

Courtship assay
To test whether the DDM can describe D. melanogaster decision making, a courtship assay was
designed to test the effect of difficulty on response time (RT) and accuracy. For each assay, two
decapitated flies were placed in a dish with forceps and a mesh was added on top (supplementary
material 5). After the recording was started, the male responder fly was inserted into the dish with an
aspirator. Two assays were placed on the diffuser plate and recorded at the same time. The recording
was stopped when the males in both assays showed wing vibration, or after 3 minutes, since pilot
experiments showed that if a male did not extend his wings within 3 minutes, it rarely performed
courtship behaviour later on (only 5 out of 200 flies responded between 3 and 5 minutes). All trials
with RTs smaller than 6 seconds were discarded, as it is unsure whether the male responder processed
all information within only 5 seconds.

In the experiment, task difficulty was manipulated (Figure 3). For this, the easy condition included
a male versus a virgin female stimuli fly, which produce different odours (introduction) and hence are
relatively easy to distinguish. On the contrary, in the difficult condition a mated and a virgin female
stimulus fly were presented, which are more difficult to distinguish. In both cases, courting the virgin
female is seen as correct, and choosing the mated female or male as incorrect, because the male would
have the greatest chance to produce offspring with the virgin female if the stimuli flies were still alive.

Easy condition Difficult condition

Male vs. Virgin Female Mated vs. Virgin Female

Virgin female stimulus fly Mated female stimulus fly

— Virgin female stimulus fly

Male stimulus fly

. N\ h Ei?r\ g / AN ‘11,5;&‘@ — | / |
Male responder fly ‘/ o 4 p Male responder fly

Figure 3. Courtship assays illustrating the difficulty manipulation. In the easy condition, the male and virgin female are
relatively easy to distinguish because males produce higher levels of 7-T, whereas the virgin female generates 7,11-ND and
7,11-HD. In the difficult condition, the virgin and mated females are less distinct in chemosensory cues because both produce
7,11-ND and 7,11-HD, and the females only differ due to the mating plug in the mated female which includes cVA and 7-T.

Prior to the experiment, ten virgin males and females were placed in a 50 mm Petri dish for 60 to
90 minutes to generate the mated females used in the assays. Male responder flies were isolated in 2
ml centrifuge tubes (70737002, Sarstedt AG & Co., Germany) 60 to 120 minutes before the onset of
the experiment. The heads and legs of the stimuli flies used in the assays were removed with a scalpel
under CO; anaesthesia. Each assay consisted of the bottom part of a 35 mm Petri dish which walls
were coated with a siliconizing reagent (Sigmacote, Sigma-Aldrich, The Netherlands) to prevent the
flies from walking upwards. A drop of artificial diet containing sucrose (100g/L), yeast (50 g/L), agar
(12 g/L), and distilled water was pipetted in the dish, and a grey polyester mesh (curtain ‘Lima’,
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EHDP, The Netherlands) was used as a cover. A mesh was used because trial experiments showed that
the males could not distinguish between the presented male and female in a closed arena, whereas the
males could distinguish between them in an open arena with a mesh (supplementary material 5).

Behavioural experiments were performed in a lit fume hood at 21°C between 09.00 and 11.00 a.m.
The experimental set-up consisted of a 30 x 30 cm plate with 8 x 240 mm LED strips (1 cm between
the strips, 6000-6500 K, 12V, Velleman, Belgium) and a 30 x 30 cm diffuser plate (polytethylene
terephthalate glycol, 69% light transmission, PyraSied, The Netherlands) on top (6 cm between the
plates). A webcam (Logitech c920, Logitech, Switzerland) was placed above the diffuser plate to
record the trials with OBS Studio (https://obsproject.com).

Statistical analysis

RTs and accuracy were generated by one experimenter scoring the video recordings manually. RT is
the time between the male entering the arena and wing extension, and accuracy is whether the male
showed courtship behaviour towards the virgin female (correct), mated female or male (both
incorrect). In the first model, effects of difficulty on RTs were assessed with a generalized linear model
(GLM) with a Gaussian error distribution, and in which difficulty was included as explanatory factor.
In the second model, effects of difficulty on accuracy were assessed with a GLM including a
binominal error distribution and which contained difficulty as explanatory factor. Fligner-Killeen tests
were used to check for homogeneity of variances, and overdispersion was assessed by comparing the
residual deviance and the degrees of freedom. As RTs showed signs of heteroscedasticity, a
logarithmic transformation was applied which rendered the data normal. Statistical analysis was
executed in R (v.3.4.3, R Core Team, 2018). The car package (Fox and Weisberg 2019) was applied to
perform likelihood ratio tests based on %? values, and the ggplot2 package (Wickham 2016) was
employed to visualize the RT distributions and frequency plots. Simulated RT distributions were
generated using the rtdists package in R (Singmann et al. 2018).

Diffusion models

To fit the models to the data, the experiment included a manipulation of task difficulty. The hypothesis
is that the drift rate is higher in the easy than in the difficult condition. The two models that were
applied are the EZ diffusion model (Wagenmakers et al. 2007), which is a mathematical data
transformation, and the hierarchical drift diffusion model (HDDM; Wiecki et al. 2013), which is a
computational model based on hierarchical Bayesian analysis that aims to find the best parameters to
describe a particular set of RT distributions. These particular models were used because the EZ model
is able to handle small sample sizes, and the HDDM is flexible in incorporating and excluding
parameters to generate the best model fit. In addition, the HDDM can also provide the variance in drift
rate (sy) and the variance in non-decision time (s;) parameters which indicate the variability in the drift
rate and non-decision time parameters. The RTs were transformed (i.e. divided by 94.931) to obtain a
mean of 500 milliseconds, because the DDM is designed to fit RT distributions with a mean of about
800 ms (Ratcliff and McKoon 2008), and fitting several transformations indicated that data with a
mean of 500 ms provided the best model fit (supplementary material 1). The EZ model was applied to
the data using the EZ.R package in R (Wagenmakers et al. 2007; supplementary material 2). Notably,
because approximately 100 trials are required per subject to provide reliable parameter estimates, and
male flies could not be tested that often, in this study all trials within each condition are considered to
come from one subject only. Although this method might be unconventional compared to human
studies (Ratcliff and Childers 2015), it enabled the computation of reliable parameter estimates. The
EZ model includes three assumptions: the RT distributions should be skewed to the right, RT
distributions should be identical for correct and incorrect responses, and there should be no bias in the
starting point. Assumption checks are presented in the results section (Figure 6) and none of the tests
indicated that an assumption was violated.

The HDDM uses hierarchical Bayesian parameter estimation to generate parameter estimates, the
posterior distribution of the estimates, and measures of uncertainty for the estimates (supplementary
material 3). A main advantage of the HDDM is its flexibility in incorporating and excluding model
parameters. Hence, one way to assess which parameters changed due to the difficulty manipulation is
by fitting various HDDM models (including different sets of parameters) and checking which model
best describes the data (Table 1 and 3). For instance, if the model in which the drift rate depends on
difficulty best describes the data, instead of a model in which the thresholds depend on the
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manipulation, this may indicate that the drift rate (and not thresholds) changed due to the
manipulation. Thus, multiple HDDM models were applied to the data to assess which model best
described the data from the current study. The HDDM applied using the HDDM package (v.0.6.0,
http://ski.clps.brown.edu/hddm_docs) and executed in Jupyter notebook (https://jupyter.org) with a
script written in Python (supplementary material 2). The assumption of convergence (i.e. whether the
Markov chain converged with the posterior distribution) was checked with posterior plots (Figures S2-
9) and the Gelman-Rubin statistic presented in the results section, which indicated no convergence
problems. Furthermore, as the HDDM package also includes a function to provide EZ parameter
estimates, EZ estimates were generated by using both the the EZ.R package and the HDDM software.

Results

Part L. Courtship experiment results

Courtship behaviour by male D. melanogaster was tested under easy (male vs. virgin female) and
difficult (mated vs. virgin female) conditions. In the easy condition, fast responses with high accuracy
were expected, whereas in the difficult condition, slower responses with lower accuracy were
hypothesized. Courtship initiation towards the virgin female was considered as correct, while courting
the mated female or male was seen as incorrect. Accuracy was higher in the easy condition (66.29%)
compared to the difficult condition (50.59%) (x> = 0.016, df = 1, p <0.001; Figure 4a), which is in line
with the hypothesis. However, RTs were on average slower in the easy condition (55.090+5.056
seconds (SEM)) than in the difficult condition (39.4824+4.249 seconds (SEM)) (3> = 5.400, df =1, p =
0.020; Figure 4b) which is contrary to the hypothesis. The RT distributions for both conditions (Figure
5) show that a large proportion of the males responded fast when two females were presented, whereas
the RT distribution for the easy condition is more spread across time. Furthermore, when dividing the
males that responded correctly from the males that responded incorrectly, the correctly responding
males did not court faster than the incorrectly responding males within each condition (> = 0.950, df =
1, p = 0.330; Figure 4b). The mean RT for correct trials in the easy condition is 58.83146.100 seconds
(SEM), and 47.733+8.997 seconds (SEM) for the incorrect trials. In the difficult condition, the average
RT is 40.302+5.924 seconds (SEM) for correct trials, and 38.643+6.166 seconds (SEM) for incorrect
trials.
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Figure 4. (a) Bar graph showing accuracy for the easy (male vs. virgin female, n = 89) and difficult condition (mated vs.
virgin female, n = 85). (b) Boxplot illustrating the RT distribution per condition for correct and incorrect trials.
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Figure 5. Density graph depicting the RT distributions for the easy (n = 89) and difficult (n = 85) condition including both
correct and incorrect responses. Note the characteristic right-skew in the distribution which is specific to response
time distributions.

Part II. Model fitting on easy condition data

Because the males in the difficult condition initiated courtship equally often and equally fast towards
virgin as mated females, the males did not seem to distinguish between the two females. Hence, it is
uncertain whether a decision process occurred as the DDM describes. Therefore, the EZ model and
HDDM are fitted first to the easy condition data only and secondly to data from both conditions. In
case there was no decision making process in the difficult condition, the models might still fit the easy
condition data. Fitting several models to the data (supplementary material 2) indicated that a data
transformation to obtain a mean of 500 ms (i.e. RTs were divided by 94.931) provided the best model
fit and hence this transformation will be used throughout the model fitting procedure.

EZ model fit on easy condition data
The EZ model (Wagenmakers et al. 2007) provides estimates of the drift rate, threshold, and non-
decision time and is based on three assumptions: RT distributions should be skewed to the right, RT
distributions should be identical for correct and incorrect responses, and the starting point should be
unbiased. Firstly, a distribution plot (Figure 6a) indicates that the RT distributions are right-skewed,
which was affirmed by the D’ Agostino test (skew = 0.864, z =2.685, p = 0.007). Secondly, the RT
distributions for correct and incorrect responses were identical, as required (Figure 6a and b; x* =
1.141, df = 1, p = 0.285). Thirdly, a bias in starting point is identical to a bias in response options, and
hence the unbiased starting point assumption was be checked by assessing the RT distribution for
each response option (left or right side of the dish). Namely, if the starting point is shifted towards one
of the boundaries, the drift rate will reach this boundary faster and hence there is a bias towards that
response option. As an example, if there were a bias for the right side, RTs for the right side would be
faster in the correct than the incorrect trials (Wagenmakers et al. 2007). This would result in an
interaction effect with fast correct responses for one side, and slow correct responses for the other side.
As the RT distributions were equal for both options (y* =2.265 , df =1, p = 0.132; Figure 6b) there
appears to be no bias in starting point. Thus, there were no indications that any of the assumptions
were violated.

Applying the EZ model on the easy condition data with the EZ.R package (supplementary
material 1) generated the following parameter estimates: 0.045 for the drift rate ‘v’, 0.151 for the
threshold ‘a’, and 0.106 (i.e. 11.396 seconds) for the non-decision time ‘Ter’. Furthermore, the EZ
parameter estimates from the HDDM package were 0.4491 for the drift rate ‘v’, 1.506 for the
threshold ‘a’, and -0.304 (i.e. non-transformed -32.700 seconds). Note that the estimates of the EZ.R
and HDDM packages mainly differ due to their noise coefficient. Since the EZ model assumes that the
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noise coefficient is 0.1, while the HDDM sets it to 1, a factor 10 scaling difference occurs. Thus, the
drift rate from the EZ.R package is 0.151, while the drift rate of the HDDM package is 1.506.
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Figure 6. (a) Density plot showing RT distributions for correct and incorrect responses in the easy condition. (b) Boxplot
illustrating the RT distribution for correct and incorrect trials for right or left side responses.

In order to visualize the EZ model fit, RT distributions were simulated based on the EZ parameter
estimates using the rtdists package in R (Singmann et al. 2018). If the EZ parameter estimates describe
the data well, the simulated RT distribution based on these estimates will be similar to the empirical
RT distribution. Figure 7a shows that the simulated RT based on the EZ estimates from the EZ.R
package has a longer tail, but overall, the RT distributions show a major overlap, indicating that the
EZ estimates from the EZ.R package seem to fit the data well. The RT distribution based on EZ
estimates derived from the HDDM package predicts fewer fast responses (within 500 ms) than was
observed in the empirical data (Figure 7b). In addition, the simulated RT distribution is more right-
skewed. On the whole, the distributions largely overlap, indicating a good model fit considering the
small amount of observed data (n = 89).
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Figure 7. (a) Density plot showing easy condition RT distributions for observed and simulated data, the latter based on EZ
parameter estimates which were generated with the EZ.R package. (b) Density plot showing easy condition RT
distributions for observed and simulated data, the latter based on EZ parameter estimates derived from the HDDM
package. Note that the observed RTs were transformed (i.e. divided by 94.931) to obtain a mean of 500 ms.
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HDDM model fit on easy condition data
The HDDM uses hierarchical Bayesian parameter estimation to provide parameter estimates per
subject which are informed by the group averages (Wiecki et al. 2013). To find the best parameter
estimates, Markov Chain Monte Carlo (MCMC) is used, a class of algorithms to generate random
samples from a distribution. However, when using MCMC, the assumption of convergence must be
assessed (Sinharay 2003). That is, has the Markov chain converged to the posterior distribution from
the Bayesian parameter estimation, so the algorithm can be stopped and its output used for further
inferences. Although there is no decisive test to check convergence, a good indication can be provided
by posterior plots and the Gelman-Rubin statistic. The Gelman-Rubin statistic indicates no problems
with convergence (1.000 for the threshold ‘a’, 1.000 for the drift rate “v’, and 0.999 for non-decision
time ‘Ter’. Values close to 1 indicate good convergence, values close to 1.02 indicate convergence
problems). In addition, the posterior plots (Figures S2-4) indicate good convergence as well. The
posterior trace plots, which display the variability in estimates by the chain, show fairly constant
means and variances. Furthermore, the autocorrelation plot, indicating the relationship among the
drawn samples (ideally about 0 and at least below 0.5), shows fluctuations around zero. Finally, the
marginal posterior histogram displays the distribution of estimates, and the normal distribution in
Figures S2-4 indicate good convergence. Thus, there are no indications for convergence problems and
hence it is assumed that the MCMC converged with the posterior distribution.

Multiple HDDM models were applied to the easy condition data to determine which model best
described the data. Table 1 shows that the HDDM model without outlier correction, variance in drift
rate and variance in non-decision time best fitted the data, as it resulted in the smallest deviance
information criterion (DIC). DIC indicates the amount of information that is not explained by the
model, while it corrects for model complexity, since complex models typically fit the data better.
Hence, the model with the lowest DIC describes the data best. Applying the selected HDDM model to
the easy condition data generates the following parameter estimates: 0.430 for drift rate ‘v’, 1.320 for
the threshold ‘a’ and 0.010 (i.e. 1.079 seconds) for non-decision time ‘Ter’. The model fit displayed in
Figure 8 indicates a good model fit given the relatively small number of trials (n = 89). In addition,
posterior predictive checks can be used to assess the uncertainty of parameter estimates by the HDDM.
For this, new data are simulated which also provide parameter estimates. That is, every simulation
produces its own estimates and hence the collection of simulations provides a distribution of the model
estimates. The parameter estimates of the current model can then be compared to this distribution. The
posterior predictive statistics (Table S1) indicate that 11 of the 15 model estimates are likely to occur
in the posterior distribution of the HDDM.

Table 1. Comparison of HDDM models on easy condition data

DIC
1. Model with no added parameters 182.442
2. Model incl. outlier-correction 186.583
3. Model incl. outlier-correction & St 187.973
4. Model incl. outlier-correction & Sv 188.177
5. Model incl. outlier-correction, Sv, & St 189.837
6. Model incl. St 184.546
7. Model incl. Sv 184.273
8. Model incl. Sv, St 185.701

The deviance information criterion (DIC) indicates the amount of information not accounted for by the HDDM. The lowest
DIC indicates the best model fit. Outlier correction entails that the outliers were assigned to an uniform distribution in order to
effect the model fit less strong. St is the variance in non-decision time. Sv is the variance in drift rate. The selected model is
indicated with a bold font.
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Figure 8. Posterior predictive plot showing the model fit. RT distribution of the D. melanogaster easy condition data (n =
89) is given in red, the predictive likelihood is given in blue. RTs for incorrect trials are plotted negatively, so the RT
distribution for incorrect trials is given on the left side of zero, while the distribution for correct trials is shown on the right
side of zero.

Comparison of EZ and HDDM model fits on easy condition data
Note that the absolute values of the estimates (Table 2) might in themselves not be indicative of how
well the model fits the data, the values are informative when they are compared to estimates of
treatments where model parameters have been manipulated. However, an exception is the non-
decision time estimate, which is the part of the RT not dedicated to the decision process, such as the
time it takes to process information and execute a response. In humans, non-decision time typically
ranges from 0.3 to 0.7 seconds (Wagenmakers et al. 2007). The non-decision time for D. melanogaster
would ideally be below 2 seconds, since RTs of 2 seconds have been observed in this project, and
DasGupta et al. (2014) reported a D. melanogaster non-decision time of 1.452 seconds. Therefore, the
non-decision time of 11 seconds which the EZ model from the EZ.R package indicates (Table 2),
seems unlikely given that faster RTs were observed. Hence, this estimate might indicate that the model
is unable to describe the data set. Similarly, the non-decision time of -32 seconds predicted by the EZ
model from the HDDM package indicates that the EZ model might not fit the data as well. On the
contrary, the HDDM does provide a plausible non-decision time of 1 seconds, which is close to the
non-decision time estimates in humans. The model fits for the EZ models (derived from the EZ.R and
HDDM package), and the HDDM (Figure 7-8) show that the model-predicted and observed RT
distributions largely overlap, which indicates that the models might be able to describe D.
melanogaster decision making data.

Table 2. Parameter estimates by the EZ model and the Hierarchical Drift Diffusion Model (HDDM) on
easy condition data

EZ model EZ model HDDM

from EZ.R package  from HDDM package
Drift rate (v) 0.049 0.449 0.423
Threshold (a) 0.151 1.506 1.320
Non-decision time (Ter) 0.106 -0.304 0.010
Non-transformed 11.340 seconds -32.700 seconds 1.079 seconds

non-decision time (Ter)
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Part II1. Model fitting on both conditions
Note, that because the male responder flies in the difficult condition courted the virgin and mated

females equally fast and often, it cannot be assured whether a decision process occurred as the DDM
describes. Therefore, cautiousness is required when assessing the model fits on both conditions data.

EZ model fit on both conditions
First of all, none of the EZ assumptions seem to be violated in the data set including both conditions.

Figure 10a and the D’ Agostino test (skew = 1.048, z = 3.923, p <0.001) confirmed that the data were
right-skewed. In addition, the RT distributions for correct and incorrect responses showed no
difference (Figure 10a; x> = 1.457, df = 1, p = 0.228). Finally, there was no bias towards one of the two
response options (x> = 0.383, df = 1, p = 0.536; Figure 10d). The EZ parameters for the easy condition
are 0.042 for the drift rate ‘v’, 0.160 for the threshold ‘a’, and -0.049 (i.e. -3.776 seconds) for non-
decision time ‘Ter’. For the difficult condition, the EZ parameter estimated from the EZ.R package are
0.002 for drift rate ‘v’, 0.142 for the threshold ‘a’ and -0.90 (i.e. -8.508 seconds) for non-decision time
‘Ter’. The negative non-decision times (-3,776 seconds for the easy condition and -8,508 seconds for
the difficult condition) indicate that the EZ estimates from the EZ.R package might not fit the data
well. On the contrary, Figures 9a and b show the EZ model fit from the EZ.R package and illustrate
that the shape of the observed and simulated RT distributions are similar and hence indicate a good
model fit. The EZ parameters for both condition data using the HDDM package are 0.229 for drift rate
‘v’, 1.521 for the threshold ‘a’ and -0.073 (i.e. -6.924 seconds) for non-decision time ‘Ter’. The
negative non-decision time indicates a bad model fit. In addition, no RT distribution could be provided

with the rtdists function, since the combination of parameters could not produce a RT distribution.
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Figure 9. (a) Density plot showing RT distributions from observed and simulated data based on EZ estimates with EZ.R package
(b) Density plot showing the difficult condition RT distributions for the observed and simulated data based on EZ.R package
estimates. (c) RT distribution for correct and incorrect trials for right or left side responses based on both condition data.
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HDDM model fit on both conditions
There are no indications the Markov chain did not converge with the posterior distribution based on
the the Gelman-Rubin statistic (1.000 for both the easy and difficult condition thresholds ‘a’, 1.001 for
the easy condition drift rate ‘v’, 1.000 for the difficult condition drift rate, and 1.000 for non-decision
time ‘Ter’, and 1.002 for the variance in non-decision time ‘St’) or the posterior plots (Figures S5-9).

Fitting multiple HDDM models to the data set with both conditions indicated that the two HDDM
models that best describe the data are the models in which only the thresholds, and both the drift rate
and thresholds depend on the difficulty manipulation (Table 3). In order to assess whether the
experimental manipulation significantly altered the drift rate and thresholds estimates, the model in
which both the drift rate and thresholds depend on the manipulation was used. This model estimates
that the drift rate estimates are higher for the easy condition (0.409) than the difficult condition
(0.034), which is in line with the hypothesis that the drift rate is slower in the difficult condition.
Furthermore, the threshold estimate is higher for the easy condition (1.417) than the difficult condition
(1.205), which is contrary to the hypothesis that the thresholds would remain constant. To assess
whether the drift rate and thresholds estimates differed significantly between the conditions, a
Bayesian posterior probability test was performed using the HDDM package. This test assessed the
probability that the drift rate and thresholds were greater in one condition than the other
(supplementary material 1). The test indicated that the probability that the drift rate of the easy
condition is greater than the drift rate of the difficult condition is 0.964 (Figure 10a). This means that
there is 96.4% probability that the drift rate is higher in the easy than in the difficult condition. In
addition, the probability that the threshold heights are greater in the easy than in the difficult condition
is 0.998 (Figure 10b). Hence, there is 99.8% chance that the boundary heights are greater in the easy
than in the difficult condition. These results indicate that the HDDM estimates that both the drift rate
and threshold heights decreased due to the difficulty manipulation.
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Figure 10. HDDM posterior probability plots illustrating (a) differences in drift rate for the easy and difficult condition,
and (b) differences in the threshold heights between the easy and difficult condition.



Probability density

08

06

04

0.2

Decisions on the Fly | Franciska de Beer | 18

(b)

14

08

06

Probability density

04

0.2

-4 2 0 2 4 -4 -2 0 2

Response time (seconds) Response time (seconds)

Figure 11. (a) Posterior predictive plot showing the HDDM model fit on easy condition data (n = 89). (b) Posterior
predictive plot showing the HDDM model fit on difficult condition data (n = 85). RT distribution of the D. melanogaster
data is presented in red, the predictive likelihood is given in blue RTs for incorrect trials are plotted negatively, so the RT
distribution for incorrect trials is given on the left side of zero, while the distribution for correct trials is shown on the right
side of zero.

The HDDM model fit is displayed in Figure 11 and shows that the model describes the data
relatively well given the small number of trials. The small amount of observations is visible by the red
line, which indicates the observed RTs, dropping to zero at some points because there were no trials
with that RT observed. In addition, the posterior predictive statistics (Table S2) indicate that 13 out of
the 15 estimates were likely to occur in the posterior distribution of the HDDM. Since the non-
decision time of 830 ms (Table 4) is similar to the non-decision times often found in humans
(Wagenmakers et al. 2007), this may indicate that the HDDM might be able to fit the data from both
conditions.

Comparison of EZ and HDDM model fits on both condition data
Firstly, the EZ models (both using the EZ.R and HDDM package) provide unlikely non-decision time
estimates that range from -3.323 to -8.508 seconds. However, the HDDM estimates the non-decision
time to be 0.830 seconds, which is close to the non-decision time range of 0.3 to 0.7 seconds typically
found in humans (Wagenmakers et al. 2007). In addition the EZ model fit from the EZ.R package
displayed in Figure 9 shows that the simulated RT distributions largely overlap with the observed RT
distributions, which indicates a good model fit. Besides, the model fit of the HDDM to both condition
data shows overlapping RT distributions as well (Figure 10). Importantly, both the EZ model and
HDDM indicate that the drift rate is higher in the easy condition than in the difficult condition (Figure
11a), which is in line with the hypothesis that in the difficult condition a smaller drift rate would be
observed. Furthermore, both the EZ and HDDM models describe a small decrease in threshold height
in the difficult condition (Figure 11b). This is unlike the hypothesis that the threshold would remain
constant across trials. Thus, the EZ model and HDDM both indicate a decrease in drift rate and
threshold heights in the difficult condition.
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Table 3. Comparison of HDDM models on both condition data

DIC
Models in which the drift rate v’ depends on the difficulty manipulation
1. No added parameters 346.712
2. Incl. outlier-correction 351.692
3. Incl. outlier-correction, St 338.710
4. Incl. outlier-correction, Sv 353.671
5. Incl. outlier-correction, Sv, St 353.671
6. Incl. St 345.868
7. Incl. Sv 347.908
8. Incl. Sv, St 346.586
Models in which the thresholds ‘a’ depends on the difficulty manipulation
9. No added parameters 340.332
10. Incl. outlier-correction 346.206
11. Incl. outlier-correction, St 347.128
12. Incl. outlier-correction, Sv 343.541
13. Incl. outlier-correction, Sv, St 347.128
14. Incl. St 333.088
15. Incl. Sv 341.530
16. Incl. Sv, St 341.590
Models in which the drift rate v’ and thresholds ‘a’ depend on the difficulty
manipulation
17. No added parameters 338.950
18. Incl. outlier-correction 345.433
19. Incl. outlier-correction, St 345.433
20. Incl. outlier-correction, Sv 340.761
21. Incl. outlier-correction, Sv, St 339.709
22. Incl. St 334.536
23. Incl. Sv 340.631
24. Incl. Sv, St 343.465

The deviance information criterion indicates (DIC) the amount of information not accounted for by the HDDM. The lowest
DIC indicates the best model fit. Outlier correction entails that the outliers were assigned to an uniform distribution in order to
effect the model fit less strong. St is the variance in non-decision time. Sv is the variance in drift rate. The selected model is
indicated with a bold font.

Table 4. Parameter estimates by the EZ model and the Hierarchical Drift Diffusion Model (HDDM)
based on data from both conditions

EZ model EZ model HDDM
from EZ.R package = from HDDM package
Drift rate (v) 0.229
Easy condition 0.042 0.409
Difficult condition 0.002 0.034
Threshold (a) 1.521
Easy condition 0.160 1.416
Difficult condition 0.142 1.207
Non-decision time (Ter) -0.073 0.009
Easy condition -0.040
Difficult condition -0.090
Non-transformed -6.924 seconds 0.830 seconds
non-decision time (Ter)
Easy condition -3.776 seconds

Difficult condition -8.508 seconds
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Discussion

This study tested whether the DDM can describe decision making in Drosophila melanogaster.
Applying the HDDM and EZ model to the data indicates that both the EZ model and HDDM seem
able to describe decision making in D. melanogaster. Besides, both models indicate that the drift rate
is lower in the difficult than in the easy condition, which is in line with Ratcliff’s theory that the drift
rate is faster in the easy condition (Ratcliff and McKoon 2008). Unlike the hypothesis, the models
estimate that the thresholds also lowered. This indicates that either the models do not accurately
describe the data, or that the difficulty manipulation influenced other factors besides difficulty. In
addition, it must be noted that the data set contained fewer trials than commonly used in other studies
(Cavanagh et al. 2011; Huang-Pollock et al. 2017), making it likely that the data set was too small to
determine whether the EZ and HDDM models can describe D. melanogaster decision making.
Nonetheless, the current study suggests that the EZ model and HDDM might be able to describe
decision making in Drosophila melanogaster.

Three main conclusions can be derived from this research. Firstly, the HDDM and EZ models
seem able to describe D. melanogaster decision making (Table 2 and 4, Figure 7-9 and 11). Even
though the RT distributions from the EZ models and HDDM are all similar to the empirical RT
distribution, the HDDM non-decision time estimates are closer to those previously found in humans
(Wagenmakers et al. 2007) than the negative non-decision time estimates by the EZ models. These
negative estimates from the EZ models might be due to some relatively fast and slow responses in the
current data, since Ratcliff and Childers (2015) concluded that the EZ model is unable to fit data with
very fast or slow observations while the HDDM is largely resistant to outliers. Although HDDM
seems well able to describe the current data set, the low number of observations does hamper its model
fit. This can be derived from the box-shaped red lines which drop to zero at various points (Figures 9
and 11) when there are no observations for those RTs. Thus, while the current study indicates that the
HDDM might fit the data, larger data sets are required to determine with certainty whether the HDDM
can describe decision making in Drosophila melanogaster.

The second main conclusion is that the male flies responded faster in the difficult than easy
condition, contrary to the hypotheses. The DDM predicts that in the difficult condition, information is
more ambiguous, leading to a slower drift rate, slower responses, and lower accuracy. The third
conclusion is that accuracy is higher in the easy than difficult condition, which is in line with the
hypothesis. However, the males in the difficult condition were not expected to respond to both females
equally often and equally fast. A possible explanation on why the males did not seem to distinguish
between the two females is the last male sperm precedence phenomenon. That is, most of the offspring
will be sired by the male that last mated the female (Laturney et al. 2018). Thus, the mated female
might not be an ‘incorrect’ option for the responder male, because the responder male is the only male
present in the assay, and hence it would be the last male to mate with the mated female. Although
Laturney and Billeter (2016) found that males spend more time courting females without a mating
plug than females with mating plug, the males still courted the females with a mating plug. Thus, both
Laturney and Billeter’s study and the current project indicate that males still court mated females with
a mating plug when they can also choose a female without mating plug. This might indicate that males
do not consider females with a mating plug as an ‘incorrect’ response option themselves. Thus, instead
of presenting a mated and a virgin female in the difficult condition, a better option might be to present
a D. melanogaster virgin female and a virgin female of a different species, such as Drosophila suzukii
or Drosophila elegans. D. melanogaster males typically prefer females from their own species, but
may court females form other species as well (Cobb and Jallon 1990). An alternative explanation on
why the males courted both females equally often and fast is that the courtship song does not reflect a
decision but rather a sampling method. That is, at the moment the male performs the courtship song,
the male might not have decided to mate with that fly yet, but rather tests the receptivity of the
encountered fly. The latter option might also explain why 30% of the males in the easy condition
performed courtship initiation towards a male fly instead of a virgin female.

Two main difficulties were encountered during this project in combining computational models
and D. melanogaster research. First of all, it appeared difficult to design an experiment for flies that is
resembles human experiments on fast and two-choice decision making. Although several experiments
exist on rapid decision making in D. melanogaster—such as the odour discrimination task used by
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DasGupta and his colleagues (2014), or the Flywalk (Steck et al. 2012) in which flies’ responses to
specific odours are assessed—several of them rely on walking behaviour (towards or away from the
presented cue). The main difficulty with these experiments is that the behaviour indicating a decision is
the same as the preceding and following behaviours (i.e. walking), and hence it is difficult to
determine when exactly the fly made a decision. This difficulty might be circumvented by focusing on
courtship or mating behaviour, in which every step of the process is distinct from the others (Figure 2)
and hence the timing of these behaviours might be easily determined. The second problem encountered
in this study was the difficulty in determining whether a specific behaviour genuinely reflected the
process of interest. For instance, in this project the courtship song was used to indicate that the male
had decided which fly it wanted to court. However, the results from the difficult condition question
whether the courtship song reflects a decision, and suggest that it might in fact function as a sampling
method. This example illustrates the difficulty in choosing which behaviour reflects a decision.

Since the current study shows that the DDM might be able to describe decision making in D.
melanogaster, future research could further study whether Drosophila melanogaster is a suitable
model organism for testing the DDM. This might be assessed by manipulating model parameters, such
as the drift rate or threshold, and testing whether behaviour changes according the DDM predictions.
The current study aimed to alter the drift rate by manipulating task difficulty, but this manipulation
might not have succeeded, because the males responded equally often and fast to both females in the
difficult condition. Future studies might for instance use different stimuli flies to change task difficulty,
such as females from different species as discussed earlier in the discussion. In addition, the threshold
heights might be manipulated using D. melanogaster lines with altered dopaminergic (DA) activity.
Zhang et al. (2018) indicated that DA alters the motivation of the males to court and thereby affects the
likelihood of courtship initiation. Hypothetically, males which are more motivated to court require less
information to perform the courtship song, which would result in lower thresholds estimates. Thus,
future experiments might opt to change the threshold parameter by testing transgenic flies with altered
DA levels (Friggi-Grelin et al. 2003).

In case future research shows that the DDM is able to explain decision making in D.
melanogaster, causal and precise (genetic) tools available in this species might be used to find neural
evidence for the DDM. For instance, Groschner et al. (2018) demonstrated that the aff core Kenyon
cells in the D. melanogaster’s mushroom body integrate olfactory information from subthreshold
depolarizations until an action potential is evoked. Thus, future research could for instance assess
whether these oy Kenyon cells might function as a threshold. If activation of a specific proportion of
afy Kenyon cells leads to a response execution, then the threshold might hypothetically consist of a
specific amount of firing cells, where a higher threshold would mean that more aff Kenyon cells need
to fire before a response is executed. This idea might be investigated by testing the amount of firing
cells shortly before a decision is made, or by activating different amounts of aff Kenyon cells with
optogenetics and test which amount leads to a response execution.

Furthermore, future research might investigate whether the flies’ trajectory can be used as a
proximate for the drift rate. Previously, evidence accumulation has been linked to populations of
frontal eye field (FEF) neurons (Purcell et al. 2010), EEG components (Ratcliff et al. 2009), and
computer mouse trajectories (Lepora and Pezzulo 2015). Given that the distance between flies
determines which sensory information the male can sense, trajectories might be used to estimate the
sensory input at specific moments in time. For instance, volatile chemosensory cues as cVA can be
sensed over a longer distance than non-volatile cues, such as 7-T or 7,11-ND, for which the male
needs to touch the other fly (Griffith and Ejima 2009; Depetris-Chauvin et al. 2015). Thus, it can be
estimated where in the trajectory the male was able to detect cVA, and at what point it could sense 7-
T. In addition, this information might be used to estimate the probability of decision outcomes at
specific distances. For instance, the percentage of males performing courtship initiation after tapping a
virgin female could be used to indicate the probability of male courtship initiation after sensing a
virgin female’s non-volatile cues.

Finally, the experiment presented in this study might also be used to assess how genes influence
D. melanogaster decision making. In particular, genes that have a homologue in humans might be of
interest (Pandey and Nichols 2011). For example, a human gene causing Parkinson’s disease (PD)
called Parkin (Fortini et al. 2000) could be investigated, because PD patients are notorious for their
impulsive decision making (Averbeck et al. 2014) and D. melanogaster research might provide
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detailed knowledge on how this gene influences choice behaviour. In addition, behavioural tests might
indicate whether humans and flies with PD symptoms show similar changes in decision behaviour, and
specifically whether the DDM parameter estimates change similarly for both humans and flies. In case
DDM parameters change similarly in humans and flies, this could indicate that Drosophila
melanogaster might be a suitable model organism to study the DDM.
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Supplementary material 1. Scripts for model fitting
# R script for EZ model fit on easy condition data

# Prepare & Check data

setwd ("~/set/to/working directory")

courtdat <- read.csv("Data file.csv")

names (courtdat) <-

c("trial","condition", "accuracy","rt","date", "side","time", "rtold")
print (courtdat)

courtdat$Scondition <- as.factor (courtdat$Scondition)
levels (courtdat$condition)

courtdat$rt <- as.numeric (courtdatS$Srt)
courtdat$side <- as.factor (courtdat$side)

levels (courtdatS$Sside)

str (courtdat)

summary (courtdat)

# Conditions & variables with correct or incorrect trials only
Easycond <- courtdat[courtdat$condition=="Male Virgin",]
CorrEasyCond <- Easycond[easycond$Saccuracy==1, ]

IncorrEasyCond <- Easycond[easycondS$Saccuracy==0, ]

# DESCRIPTIVE DATA

# Mean accuracy, rt and variance
# Variables with acc, rt and varrt are created to use 1in the model fit

# Accuracy
meanAccEasy <- mean (Easycond[,3])
print (meanAccEasy)

# RT

meanRteasy <- mean (Easycond[,4])
meanRtCorreasy <- mean (CorrEasyCond[,4])
meanRtIncorreasy <- mean (IncorrEasyCondl[,4])
print (meanRteasy)

print (meanRtCorreasy)

print (meanRtIncorreasy)

# Variance

varRteasy <- var (Easycond[,4])
varRtCorreasy <- var (CorrEasyCond[,4])
varRtIncorreasy <- var (IncorrEasyCond[,4])
print (varRteasy)

print (varRtCorreasy)

print (varRtIncorreasy)

# FIGURES

# Plot rt histograms for correct or incorrect trials

plot (density (CorrEasyCond[,4]),xlab = "rt(sec)", main ="rt histogram Male
vs. Virgin condition (correct trials)")
plot (density(IncorrEasyCond[,4]),xlab = "rt(sec)", main ="rt histogram Male
vs. Virgin condition (incorrect trials)")
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# Plot accuracy histogram

plot (density (Easycond[,3]),xlab = "Accuracy (percentage of males that made
the correct decision)", main = "Accuracy histogram Male vs. Virgin
condition")

# Plot rt distribution for correct & lncorrect trials

courtdat$accuracy <- as.factor (courtdat$accuracy)

levels (courtdat$accuracy)

library (ggplot?2)

theme set (theme bw () )

theme bw <- theme update(panel.grid.minor=element blank(),
panel.grid.major=element blank(),
panel.background=element blank(),
panel.border=element blank(),
legend.position="bottom",
legend.title = element blank(),
axis.line.x=element line(size=0.75),
axis.line.y=element line(size=0.75),
axis.text.x=element text (colour="black", size=11),
axis.text.y=element text (colour="black", size=11),
axis.title.x=element text(size=13),
axis.title.y=element text(size=13),
axis.ticks.x=element line (colour="black",size=0.5,
axis.ticks.length=unit (0.3, "cm") )

ggplot (courtdat, aes(rt,colour=accuracy)) +geom density() +xlim(0,3.5)
ggplot (Easycond, aes(rt,colour=accuracy)) +geom density() +x1im(0,3.5)

# Bar graph on accuracy
df <- data.frame (cond=c("Male vs. Virgin Female","Mated vs.Virgin Female"),
per=c(66.29, 100))

head (df)
library(scales)
ggplot (data=df, aes(x=cond, y=per)) + geom bar(stat = "identity", width =
0.5, colour="darkgreen", fill="dodgerbluel") +
ggtitle ("Accuracy per condition™) +

ylab ("Percentage of trials correct") + ylim(0, 100)

# Boxplot on RT per condition & accuracy
ggplot (courtdat, aes(y=rtold, x=condition, colour=accuracy)) +
stat boxplot (geom = 'errorbar') + geom boxplot (fatten=5)

# FIT DATA TO EZ DIFFUSION MODEL

# EZ Check 1. RT distribution should be right-skewed

# First, Visual inspection

ggplot (courtdat, aes(rtold,colour=accuracy)) +geom density () +x1im(0,250)
# Second, D'Agostino skewness test

library (moments)

agostino.test (courtdat[courtdat[,3]==1,4])

# Thus, all data have a skewness

# Check2. Correct & error RTs should be equally fast
# Look at table with RTs

mean (CorrEasyCond[,4])

mean (IncorrEasyCondl[,4])
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# GLM

Model IdenticalRT both <- glm(courtdatSrt~courtdatSaccuracy, data =
courtdat)

summary (Model IdenticalRT both)

Anova (Model IdenticalRT both)

par (mfrow=c(2,2))

plot (Model IdenticalRT both)

par (mfrow=c(1l,1))

# Check3. There should be no bias in RT for one of the two choice
alternatives

# GLM

Model Side <- glm(easycond$rt~easycondS$side, data = courtdat)
summary (Model Side)

Anova (Model Side)

par (mfrow=c(2,2))

plot (Model Side)

par (mfrow=c(1l,1))

# Plot

ggplot (courtdat, aes(y=rtold, x=side, colour=accuracy)) + stat boxplot (geom
= 'errorbar') + geom boxplot (fatten=5)

# Perform EZ model fit

# Output: drift rate, threshold, nondecision time

source ("EZ.R")

parsEasyCond <- get.vaTer (meanAccEasy,varRteasy,meanRTeasy)
parsDiffCond <- get.vaTer (meanAccDiff,varRtdiff,meanRTdiff)
print (parsE