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Background

Many real-life decisions can be described as requiring a balance between
the time taken for the decision and the quality of the decision. Consider for
example the task of buying a new electronic device such as a smartphone.
You could simply make a quick and dirty decision by visiting your preferred
retailer and buying the first device in your price range. On the other end of the
spectrum you can invest an almost unlimited amount of time before deciding
on a specific device: you can visit several retailers and compare prices and
features, you can read reviews, visit an online community to read about user
experiences, contact the customer support, and so forth. Often our decisions
are somewhere in the middle of this continuum; we do not take the first option
we encounter, but we also make a decision within finite time.
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Figure 1: Idealized speed-accuracy operating
characteristic function

The observation that decision makers can trade decision speed versus
decision accuracy can also be observed on a smaller time scale. Consider
for example an operator of an airport baggage scanner. When there are a
lot of passengers they might be tempted to inspect each piece of baggage
less carefully thus spending less time on them even if this is not necessary
in line with the job affordances. Similar behaviours can be observed in many
laboratory tasks used in psychological research. One way to investigate this is
by manipulating the speed-accuracy trade-off via instructions (see Figure 1).

The main formal approach for describing such speed-accuracy trade-offs
is via evidence accumulation (or sequential sampling) models (Donkin and
Brown, 2018). The general idea of this model class is the assumption that
on encountering a stimulus, the decision maker accumulates noisy evidence
using one or several evidence counters. Once an evidence counter reaches a
pre-specified response criterion, the associated response is invariably given.
By changing the position of the response criterion from liberal to strict the
decision maker can trade-off speed versus accuracy. The fact that evidence
accumulation is noisy provides the system with the ability to make errors.
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Figure 2: Basic diffusion model with three
parameters: a = boundary separation, z =
start point, v = drift rate.

The diffusion decision model (DDM, Figure 2) (Ratcliff and McKoon, 2008;
Ratcliff et al., 2016; Ratcliff, 1978) is the most prominent variant of an evidence
accumulation model. It assumes one single accumulator that accumulates
evidence for one of two response options: positive evidence provides evidence
for the response associated with the upper response boundary and negative ev-
idence provides evidence for the response associated with the lower response
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boundary. Evidence accumulation starts at start point z and once it reaches
one of the two response boundaries, either 0 or a, the associated response
is given. Furthermore, the DDM assumes that evidence is accumulated in a
continuous fashion (compared to in discrete steps) with v representing the
average drift towards one of the two options (e.g., if v > 0 average evidence
drifts towards the upper response).

Project Outline

Fitting the DDM to real data from human decision makers is not always easy.
One limitation is that when estimated in a Bayesian statistical framework using
Markov chain Monte Carlo (MCMC) methods many earlier general purpose
samplers appear to be inefficient. For example, posterior distributions from
DDMs estimated using WinBUGS generally show a high-degree of autocor-
relation requiring large amount of samples which can be prohibitively slow
(Vandekerckhove et al., 2011). Such problems are usually exacerbated when
specifying models in a hierarchical fashion.

Because of the problems with these earlier general purpose samples, propo-
nents of DDMs have begun to develop custom samplers (Gunawan et al., 2020;
Turner et al., 2013; Turner and Van Zandt, 2012; Heathcote et al., 2019). One of
the downside of this approach is that in contrast to general purpose samplers
available in probabilistic programming languages, these custom samplers are
generally not validated or extensively tested.

The goal of this project is to assess the performance of the MCMC sam-
plers available in the probabilistic programming language NIMBLE (de Valpine
et al., 2017) for estimating the DDM to real data from psychological experi-
ments. NIMBLE is a relatively recent probabilistic programming language that
is fast (i.e., models are compiled in C++), convenient (i.e., provides an interface
to R), flexible (i.e., provides a number of different MCMC samplers), and exten-
sible (i.e., custom variants of MCMC samplers can be built). One of the unique
characteristics of NIMBLE is that it provides several tools for automatically
adapting and selecting samplers to handle models with problematic posterior
distributions such as the DDM (Nguyen et al., 2019; Turek et al., 2017).

Proposed Research Plan

1. Implement the DDM probability density function in NIMBLE based on our
existing C++ implementation.1 1 In a MathSys MSc. project from last year, we

(Kendal Foster and I) have implemented (in
C++) and compared existing approximations
to the DDM probability density function
which contains an infinite sum. Our results
showed that a specific variation of the
existing methods is fastest. We will use
these implementations as the basis for the
proposed project.

2. Decide for an existing psychological data set to which the DDM can be
applied. For example, we already have the following data sets:

• Medical decision making with speed and accuracy emphasis manipula-
tion (Trueblood et al., 2018)

• Perceptual decision making (Ratcliff and Rouder, 1998)

https://r-nimble.org/
https://r-nimble.org/
https://rdrr.io/cran/nimble/man/samplers.html
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• Reading and word perception (Wagenmakers et al., 2008)
• Effect of ageing on numerosity discrimination, recognition memory, and

lexical decision (Ratcliff et al., 2010)

3. Fit the DDM to the individual-participants data using NIMBLE.
4. Fit a hierarchical-variant of the DDM to the data using NIMBLE.
5. Compare the NIMBLE fit with a fit using brms and Stan.
6. Extend the model using either contaminant processes (Ratcliff and Tuer-

linckx, 2002) or across-trial variabilities of the DDM parameters as part of
the graphical model (i.e., the hierarchical structure).

After this, the project could lead to a PhD focussing on evidence accumula-
tion models or other models popular in mathematical psychology (Wixted and
Wagenmakers, 2018). For example, one could focus on increasingly complex
variants of the DDM without a analytic likelihood function and how to estimate
those models in a Bayesian setting (Hawkins et al., 2015; Ratcliff et al., 2016).
Alternatively, one could focus on other modern variants of evidence accumu-
lation models and how to extend or estimate them efficiently (Hawkins and
Heathcote, 2020). One important goal of a PhD would be to apply an evidence
accumulation model to a real-life data set such as from consumer decision
making.

Potential Benefits

Efficient hierarchical Bayesian estimation methods are a precursor for using
the DDM with real-life data as real-life data is commonly sparse (i.e., few
observation on the individual-level). So far applications to such data are rare
although large real-life choice and response time data is increasingly being
available through internet or browsing behaviour. The ultimate goal is to make
such applications more likely and achievable.
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